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Preface 
 

This book presents a wide range of applications on image processing that fits areas of 
engineers such as acquisition, sensing, optimization, medicine, biomedicine, materials, 
agriculture and text image processing. It is suggested to students, scientists and 
researchers in the field. Its most important feature is the way the authors allow 
newcomers with a little background in mathematics to go through all the topics 
presented without getting lost or discouraged to actually understand image 
acquisition, enhancement, restoration, preparation, and compression. The 
mathematical principles are clearly explained by the authors. Another nice distinctive 
characteristic of the book is the detailed explanation on practical issues and fully 
developed applications that allow the reader to thoroughly understand how to solve 
problems professionally and how to implement standard and advanced image 
processing algorithms. 

The book covers many topics that one expects to find in a modern image application 
book such as a coded structured light projection method for high-frame-rate 3D image 
acquisition, high density devices applied to a gamma-camera implementation, adipose 
measurement using micro MRI, image processing quality analysis for particle based 
peptide array production on a micro chip, digital restoration by denoising and 
binarization of historical manuscripts images, applications of image processing 
technique in porous material characterization, accurate spectral measurements and 
color infrared imagery of excised leaves exhibiting Gaussian curvature from healthy 
and stressed plants and a comparative study of some Markov random fields and 
different criteria optimization in image restoration.  

The various algorithms suggested in the book, are a valuable tool for experimenting 
and helping the reader to grasp the secrets associated with the advanced image 
processing techniques and algorithms. This book fits the needs of image acquisition 
and applications engineers to many application fields. 

 
Professor Dr. D.E. Ventzas 

Department of Computer Science and Telecommunications,  
Technological Educational Institute of Larissa,  

Greece 
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A Coded Structured Light Projection Method for
High-Frame-Rate 3D Image Acquisition

Idaku Ishii
Hiroshima University

Japan

1. Introduction

Three-dimensional measurement technology has recently been used for various applications
such as human modeling, cultural properties recording, machine inspection of industrial
parts, and robot vision. The light-section method and coded structured light
projection method are well-known active measurement methods that can accurately obtain
three-dimensional shapes by projecting light patterns on the measurement space. These active
measurement methods have been applied to practical systems in real scenes because they
are robust regarding texture patterns on the surfaces of the objects to be observed, and have
advantages in calculation time and accuracy. Following recent improvements in integration
technology, three-dimensional image measurement systems that can operate at a rate of 30 fps
or more have already been developed [1, 2]. In many application fields, dynamic analysis tools
to observe dynamic changes in high-speed phenomena in three-dimensional shapes at high
frame rates are required. Off-line high-speed cameras that can capture images at 1000 fps or
more have already been put into practical use for analyzing high-speed phenomena; however,
many of them can only record high-speed phenomena as two-dimensional image sequences.

In this chapter, we propose a spatio-temporal selection type coded structured light projection
method for three-dimensional shape acquisition at a high frame rate. Section 2 describes the
basic principle and related work on coded structured light projection methods. Section 3
describes our proposed coded structured light projection method that can alternate a temporal
encoding and a spatial encoding adaptively according to the temporal changes of image
intensities so as to accurately obtain a three-dimensional shape of a moving object. In section 4,
several experiments were performed for several moving objects, and our proposed algorithm
was evaluated by capturing their three-dimensional shapes at 1000 fps on a verification system
comprising an off-line high-speed camera and a high-speed DLP projector.

2. Coded structured light projection method

Our proposed three-dimensional measurement method can be described in terms of the
coded structured light projection method proposed by Posdamer et al. [3]. In this section,
we describe its basic principles and the related previous coded structured light projection
methods.

2.1 Basic principle

In the coded structured light projection method, a projector projects multiple black and white
’zebra’ light patterns whose widths are different onto the objects to be observed, as shown in
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Figure 1. A three-dimensional image is measured by capturing the projection images on the
objects using a camera whose angle of view is different from that of the projector. When n
patterns are projected on the objects, the measurement space is divided into 2n vertical pieces,
corresponding to the black and white areas of the zebra light patterns. Thereafter, we can
obtain the n-bit data at each pixel in the projection image, corresponding to the presence of
the light patterns. The n bit data is called a space code, and it indicates the projection direction.
Based on the relationship between such a space code and the measurement directions that are
determined by pixel positions, we can calculate depth information at all pixels of an image
using triangulation.

2.2 Related work

Posdamer et al. [3] have used multiple black and white light patterns with a pure binary
code as shown in Figure 1. In this case, serious encoding errors may occur, even when there
is a small amount of noise, because the brightness boundaries of the multiple projection
patterns with a pure binary code exist at the same positions. To solve this problem,
Inokuchi et al. [4] proposed a technique for minimizing encoding errors using boundaries
introduced in the form of multiple light patterns with a gray code. Bergmann [5] proposed
an improved three-dimensional measurement method that combines the gray code pattern
projection method and a phase shift method; in this method, the number of projection
patterns increases. Caspi et al. [6] proposed an improved gray code pattern projection
method that can reduce the number of projection patterns using color patterns. In these
methods, three-dimensional shapes can be measured as high-resolution three-dimensional
images because depth information is calculated at every pixel; however, it is difficult to
accurately measure the three-dimensional shapes of moving objects because multiple light
patterns are projected at different timings.
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Fig. 1. Coded structured light projection method.
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On the other hand, several three-dimensional measurement methods that use only a single
projection pattern for spatial encoding have also been proposed. Maruyama et al. [7] proposed
a method that can measure three-dimensional shapes by encoding the spatial codes on the
basis of slits when a light pattern with multiple slits of different lengths is projected on the
object to be observed. Durdle [8] proposed a measurement method based on a single light
pattern that periodically arranges multiple slits with three grayscale levels. These methods
have a disadvantage that some ambiguity exists in spatial encoding when there are pixels
whose brightness are the same as that of its spatial neighborhood. To improve this ambiguity
in spatial encoding, several methods introduced color slit pattern projections based on de
Bruijin sequences as a robust coded pattern projection [9, 10]; this spatial encoding depends
on the color surface reflectance properties of the object to be observed. These spatial encoding
methods can measure the three-dimensional shapes of moving objects by projecting only a
single light pattern; however, their spatial resolution is not as accurate as those obtained
with the methods that use multiple light patterns because most of them assume local surface
smoothness of objects in spatial encoding with a single light pattern projection.

3. Spatio-temporal selection type coded structured light projection method

3.1 Concept

As described in the previous section, the coded structured light projection method using
multiple light patterns enables highly accurate three-dimensional measurement of static
objects. The projection method using a single light pattern is robust when the object to be
observed is moving rapidly. In this chapter, we propose a spatio-temporal selection type
coded structured light projection method that attempts to combine the advantages of both
temporal encoding methods and spatial encoding methods, that is, high accuracy in the case
of a static object and robustness in the case of a moving object. The main features of our
proposed method are in the following:

• Projection of multiple coded structured light patterns that enable both temporal encoding
along the time axis and spatial encoding in the spatial domain.

• Adaptive selection of encoding types in every local image region by calculating the image
features that are dependent on the measured object’s motion.

Consequently, temporal encoding using multiple light patterns is selected so as to allow
accurate three-dimensional measurement in the case in which there is no motion, while spatial
encoding using a single light pattern is selected for robust three-dimensional measurement in
the case in which the brightness changes dynamically. The concept of our proposed coded
structured light projection method is shown in Figure 2.

3.2 Proposed coded structured light pattern

In the spatio-temporal selection type coded structured light projection method, when the size
of a projected binary image I(x, y, t) is given by Ix × Iy pixels and the space code is n bits,
I(x, y, t) can be expressed by the following equation:

I (x, y, t) = G
(⌊ x

m
+ t

⌋
mod n, y

)
, (1)

where �x� is the greatest integer less than or equal to x, and m is the unit width of a light
pattern in the x direction. G(k, y) represents n types of one-dimensional gray code patterns
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in the y direction (0 ≤ k ≤ n − 1), which can minimize encoding errors on code boundaries.
G(k, y) is given by:

G(k, y) =

⌊
y × 2k

Iy
+

1
2

⌋
mod 2. (2)

The coded pattern defined by Eq.(1) has the following properties:

• The coded pattern has a periodic branched pattern based on the gray code.
• The coded pattern shifts in the x direction over time.

These features of the coded pattern enable spatio-temporal selection type encoding that can
select not only encoding along the time axis, but also encoding in the spatial domain.

As an example of the coded patterns, the coded patterns at time t = 0, 1, 2, and 3 are shown in
Figure 3 when the number of bits of the space codes is set at n = 8. The numbers k(= 0, . . . , 7)
at the bottom of each image indicate that the one-dimensional pattern in the y direction is
set to G(k, y). In Figure 3, the space code can be generated only using spatial neighborhood
information because eight gray code patterns from G(0, y) to G(7, y) are periodically arranged
in a single image. From Eq.(1), the projection pattern also shifts to the left after a certain period
of time; the gray code pattern on the same pixel changes G(0, y), G(1, y), G(2, y), . . ., every unit
time. Similarly, a space code can be obtained at each pixel along the time axis.

3.3 Spatio-temporal selection type encoding algorithm

3.3.1 Calibration between a projection pattern and a captured image

When the shifting light pattern is projected using a projector to measure the three-dimensional
shape of objects; the projection results are captured as an image by a camera whose angle of
view is different from that of the projector. To calculate space codes using this captured image,

4 Advanced Image Acquisition, Processing Techniques and Applications A Coded Structured Light Projection Method for High-Frame-Rate 3D Image Acquisition 5
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Fig. 4. Spatial relationship between a projector and a camera.

the type of gray code patterns expressed in Eq. (1), G(0, y), . . . , G(7, y), that is projected at each
pixel on the captured image must be identified after the captured image has been binarized.

Figure 4 shows the spatial relationship between the xy-coordinate system of a projector and
the ξη-coordinate system of a camera. It is assumed that the x-axis and ξ-axis are parallel for
light patterns projected from the projector and images captured by the camera.
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G(k, y) is given by:

G(k, y) =

⌊
y × 2k

Iy
+

1
2

⌋
mod 2. (2)

The coded pattern defined by Eq.(1) has the following properties:

• The coded pattern has a periodic branched pattern based on the gray code.
• The coded pattern shifts in the x direction over time.

These features of the coded pattern enable spatio-temporal selection type encoding that can
select not only encoding along the time axis, but also encoding in the spatial domain.

As an example of the coded patterns, the coded patterns at time t = 0, 1, 2, and 3 are shown in
Figure 3 when the number of bits of the space codes is set at n = 8. The numbers k(= 0, . . . , 7)
at the bottom of each image indicate that the one-dimensional pattern in the y direction is
set to G(k, y). In Figure 3, the space code can be generated only using spatial neighborhood
information because eight gray code patterns from G(0, y) to G(7, y) are periodically arranged
in a single image. From Eq.(1), the projection pattern also shifts to the left after a certain period
of time; the gray code pattern on the same pixel changes G(0, y), G(1, y), G(2, y), . . ., every unit
time. Similarly, a space code can be obtained at each pixel along the time axis.

3.3 Spatio-temporal selection type encoding algorithm

3.3.1 Calibration between a projection pattern and a captured image

When the shifting light pattern is projected using a projector to measure the three-dimensional
shape of objects; the projection results are captured as an image by a camera whose angle of
view is different from that of the projector. To calculate space codes using this captured image,
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the type of gray code patterns expressed in Eq. (1), G(0, y), . . . , G(7, y), that is projected at each
pixel on the captured image must be identified after the captured image has been binarized.

Figure 4 shows the spatial relationship between the xy-coordinate system of a projector and
the ξη-coordinate system of a camera. It is assumed that the x-axis and ξ-axis are parallel for
light patterns projected from the projector and images captured by the camera.
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Here, a region corresponding to a gray code pattern G(k, y) is assumed to be a rectangular
area in the captured image. When the number of rectangular areas is assumed to be i, the i-th
rectangular area ri on the projector coordinate system can be defined as follows:

ri =
{
(x, y) |

⌊ x
m

⌋
= i

}
. (3)

Here, a rectangular area ri is assumed to be projected onto a rectangular area r�i in the camera
coordinate system. To make a correspondence between ri and r�i , the following light pattern
R(x, y) is projected as a reference pattern that divides the measurement space on the captured
image into multiple rectangular areas:

R(x, y) =
⌊ x

m
+ 1

⌋
mod 2. (4)

F(ξ, η) is the image captured when the reference light pattern R(x, y) is projected; the region
number at pixel (ξ, η) can be matched with that at h(ξ, η). h(ξ, η) is defined as the number
of switching obtained by counting the changes in brightness until reaching pixel (ξ, η) when
scanning F(ξ, η) in the positive direction of the ξ-axis. A rectangular area r�i on the camera
coordinate system can be assigned as follows:

r�i = {(ξ, η) | h(ξ, η) = i} . (5)

In the space encoding discussed below, the initially given map h(ξ, η) can uniquely specify
the number of a rectangular area i at a pixel (ξ, η) in the captured image via Eq. (5). Thus, we
can judge which gray code pattern of G(0, y), . . . , G(7, y) is projected on pixel (ξ, η) at time t.

3.3.2 Space encoding types

Next, we put forward a method of space code calculation that can select coded patterns
temporally and spatially according to brightness changes in the captured images, which are
strongly dependent upon an object’s motion in the images. Figure 5 shows the types of gray
code patterns that are projected onto a part of the given line for eight frames when the light
patterns defined by Eqs. (1) and (2) are projected. In the figure, the vertical axis represents
time, and the horizontal axis represents the number of rectangular areas. We show an example
of spatio-temporal selection type encoding at a given pixel (ξ, η). There are four bits in the
time direction and three bits in the space direction; they are referred to to obtain space code
values at pixel (ξ, η). Thus, a space code value at pixel (ξ, η) in a rectangular area i uses not
only temporal encoding or spatial encoding in a single direction, but also spatio-temporal
selection type encoding (which refers image information both temporally and spatially).

In this study, we introduce n selectable space code values pX(ξ, η, t) at pixel (ξ, η) at time
t, whose number of referred bits in time and space (excluding the specified pixel) are (n −
1, 0), (n − 2, 1), . . . , (0, n − 1), respectively. Here, n is the number of bits of space code, and
p(= 1, . . . , n) is an alternative parameter for space coding; the space encoding is close to the
space pattern selection when p is small, whereas it is close to the temporal one when p is large.

Here, g(ξ, η, t) is a binarized image obtained from a camera at time t; it corresponds to coded
structured light patterns. The binarized image g(ξ, η, t) belonging to a rectangular area i
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is abbreviated as igt. The space code pX(ξ, η, t) is abbreviated as pXt. Eqs. (6)–(13) are
enumerated as examples of selectable space code values when n = 8.

1Xt =
igt−4

igt−3
igt−2

igt−1
igt

igt−7
igt−6

igt−5 , (6)
2Xt =

igt−4
igt−3

igt−2
igt−1

igt
i+1g�t igt−6

igt−5 , (7)
3Xt =

igt−4
igt−3

igt−2
igt−1

igt
i+1g�t i+2g�t igt−5 , (8)

4Xt =
igt−4

igt−3
igt−2

igt−1
igt

i+1g�t i+2g�t i+3g�t , (9)
5Xt =

i−4g�t igt−3
igt−2

igt−1
igt

i+1g�t i+2g�t i+3g�t , (10)
6Xt =

i−4g�t i−3g�t igt−2
igt−1

igt
i+1g�t i+2g�t i+3g�t , (11)

7Xt =
i−4g�t i−3g�t i−2g�t igt−1

igt
i+1g�t i+2g�t i+3g�t , (12)

8Xt =
i−4g�t i−3g�t i−2g�t i−1g�t igt

i+1g�t i+2g�t i+3g�t , (13)

where ig�t = ig�t(ξ, η, t) is a value obtained via spatial neighborhood processing, and which is
set to 0 or 1. The value 1 is taken when the numbers of 0, 1 of the binarized image g(ξ, η, t) are
counted in the ξ direction for the nearest i-th rectangular area to pixel (ξ, η).

Figure 6 shows eight space encoding types as defined by Eqs. (6)–(13). The example in Figure
5 is a case of p = 4: four bits are referred to in the time direction and four bits are referred to in
the spatial neighborhood. When the objects to be observed are not in motion, space encoding
that refers only to information along the time axis (p = 1) is effective, that is, it is equivalent
to the conventional gray code pattern projection method [4]. In the case of p = 8, the space
encoding type, it refers only to information in a single projected image; this encoding type is
effective in measuring the three-dimensional shapes of moving objects because its accuracy
is completely independent of the motion of objects. However, there is a disadvantage in
that measurement errors increase when undulated shapes are measured because the space
encoding measurement when p = 8 assumes spatial smoothness for the shape.
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⌋
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number at pixel (ξ, η) can be matched with that at h(ξ, η). h(ξ, η) is defined as the number
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scanning F(ξ, η) in the positive direction of the ξ-axis. A rectangular area r�i on the camera
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Next, we put forward a method of space code calculation that can select coded patterns
temporally and spatially according to brightness changes in the captured images, which are
strongly dependent upon an object’s motion in the images. Figure 5 shows the types of gray
code patterns that are projected onto a part of the given line for eight frames when the light
patterns defined by Eqs. (1) and (2) are projected. In the figure, the vertical axis represents
time, and the horizontal axis represents the number of rectangular areas. We show an example
of spatio-temporal selection type encoding at a given pixel (ξ, η). There are four bits in the
time direction and three bits in the space direction; they are referred to to obtain space code
values at pixel (ξ, η). Thus, a space code value at pixel (ξ, η) in a rectangular area i uses not
only temporal encoding or spatial encoding in a single direction, but also spatio-temporal
selection type encoding (which refers image information both temporally and spatially).

In this study, we introduce n selectable space code values pX(ξ, η, t) at pixel (ξ, η) at time
t, whose number of referred bits in time and space (excluding the specified pixel) are (n −
1, 0), (n − 2, 1), . . . , (0, n − 1), respectively. Here, n is the number of bits of space code, and
p(= 1, . . . , n) is an alternative parameter for space coding; the space encoding is close to the
space pattern selection when p is small, whereas it is close to the temporal one when p is large.

Here, g(ξ, η, t) is a binarized image obtained from a camera at time t; it corresponds to coded
structured light patterns. The binarized image g(ξ, η, t) belonging to a rectangular area i
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is abbreviated as igt. The space code pX(ξ, η, t) is abbreviated as pXt. Eqs. (6)–(13) are
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where ig�t = ig�t(ξ, η, t) is a value obtained via spatial neighborhood processing, and which is
set to 0 or 1. The value 1 is taken when the numbers of 0, 1 of the binarized image g(ξ, η, t) are
counted in the ξ direction for the nearest i-th rectangular area to pixel (ξ, η).

Figure 6 shows eight space encoding types as defined by Eqs. (6)–(13). The example in Figure
5 is a case of p = 4: four bits are referred to in the time direction and four bits are referred to in
the spatial neighborhood. When the objects to be observed are not in motion, space encoding
that refers only to information along the time axis (p = 1) is effective, that is, it is equivalent
to the conventional gray code pattern projection method [4]. In the case of p = 8, the space
encoding type, it refers only to information in a single projected image; this encoding type is
effective in measuring the three-dimensional shapes of moving objects because its accuracy
is completely independent of the motion of objects. However, there is a disadvantage in
that measurement errors increase when undulated shapes are measured because the space
encoding measurement when p = 8 assumes spatial smoothness for the shape.
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Fig. 6. Types of encoding.

3.3.3 Adaptive selection of encoding types

Considering the brightness changes in space code images, we introduce a criterion for the
adaptive selection of encoding types defined by Eqs. (6)–(13). In the introduced criterion, we
use the frame differencing feature obtained by differentiating a space code image T(ξ, η, t) at
time t from a space code image S(ξ, η, t − 1) at time t − 1. T(ξ, η, t) is the space code image
that refers only to information along the time axis, and S(ξ, η, t − 1) is the space code image
in a previous frame selected using the following equation:

D(ξ �, η�, t) = ∑
(ξ,η)∈q(ξ �,η�)

T(ξ, η, t)⊕ S(ξ, η, t − 1), (14)

where ⊕ refers to the logical exclusive OR operation, and q(ξ �, η�) refers to the ξ �-th and
η�-th s × s-pixel block area in the ξ and η directions, respectively. T(ξ, η, t0) is initially set
to S(ξ, η, t0 − 1) at the start time t0 to generate the space codes. After differentiation, the
criterion D(ξ �, η�, t) is provided for every divided square image region (each unit of which is
s × s pixels), by calculating the summation of the differentiation result in Eq. (14). D(ξ �, η�, t)
corresponds to the number of pixels where the values of T(ξ, η, t) are different from those of
S(ξ, η, t − 1) in the block area q(ξ �, η�).

When moving objects are measured, the space code image T(ξ, η, t) is not always encoded
correctly because it refers only to the information along the time axis, which requires multiple
images at different frames. However, the space code image S(ξ, η, t) generated by the
spatio-temporal selection type encoding defined by Eq. (15) is robust to errors caused by
moving objects. Thus, the criterion D(ξ �, η�, t) can be defined with a frame differencing
calculation for every block area to detect the coding errors caused by motion.

Based on the criterion D(ξ �, η�, t) , the spatio-temporal encoding type p = p(ξ �, η�, t) is selected
from the encoding types pXt, which are defined by Eqs. (6)–(13) for every block area q(ξ �, η�)
at time t. In this study, a spatio-temporal selection type space code image S(ξ, η, t) at various
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times t is determined using the calculated encoding types for all the block areas as follows:

p(ξ �, η�, t) =

⎧⎨
⎩

n (D(ξ �, η�, t) = s2)�
nD(ξ �, η�, t)

s2

�
+ 1 (otherwise)

. (15)

Figure 7 shows an example of our newly introduced criterion for spatio-temporal encoding

Previous frameCurrent frame

(b) Code image

by temporal-spatial reference 

(a) Code image 

by temporal reference

− =

(c) An Image that showed

level of brightness change

Fig. 7. Criterion for spatial-temporal encoding.

when a human extends and contracts his fingers. In the figure, (a) a space code image
T(ξ, η, t) coded using temporal reference, (b) a space code image S(ξ, η, t − 1) coded using
temporal-spatial reference in a previous frame, and (c) selected spatial encoding types
p(ξ �, η�, t), are shown. In (c), the value of p increases when the gray-level tone becomes darker.
It can be observed that the number of the spatio-encoding type, p, increases if code errors are
caused by the motion of fingers, whereas p decreases in the area in which motion is slight.
This fact indicates that space codes that are robust to motion are selected for the dynamically
changing scenes, and space codes that enable accurate shape measurement are selected for
the static scenes. Thus, the spatio-temporal encoding type can be selected both adaptively
and according to the defined criterion based on frame differencing features for space code
images.

3.4 Correction of misalignment in the projected image

Next, we consider a misalignment problem in the projected image, and introduce a correction
method to reduce misalignment errors in space code images. Figure 8 shows a framework for
our method of correcting the misalignment of the projected image. When ideally projecting,
as shown in (a), the projected black and white zebra patterns are accurately matched with the
initially assigned rectangular areas r�i , and we can always observe the same value of 0 or 1 at
all the pixels on a certain line segment in the ξ direction in the same rectangular area when
the projected zebra pattern has a width of several pixels. However, when there is a certain
displacement between the projected zebra patterns and the initially assigned rectangular
areas, as shown in (b), there are cases in which there are both black and white pixels on a
certain line segment, even in the same rectangular area. This ambiguity may generate errors,
especially around the edge boundaries of the black and white zebra patterns, when computing
space code images in the coded structure light projection method.

To avoid this ambiguity (caused by the displacement between the projected zebra patterns
and the initially assigned rectangular areas), the pixel values of 0 or 1 in the same rectangular
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3.3.3 Adaptive selection of encoding types

Considering the brightness changes in space code images, we introduce a criterion for the
adaptive selection of encoding types defined by Eqs. (6)–(13). In the introduced criterion, we
use the frame differencing feature obtained by differentiating a space code image T(ξ, η, t) at
time t from a space code image S(ξ, η, t − 1) at time t − 1. T(ξ, η, t) is the space code image
that refers only to information along the time axis, and S(ξ, η, t − 1) is the space code image
in a previous frame selected using the following equation:

D(ξ �, η�, t) = ∑
(ξ,η)∈q(ξ �,η�)

T(ξ, η, t)⊕ S(ξ, η, t − 1), (14)

where ⊕ refers to the logical exclusive OR operation, and q(ξ �, η�) refers to the ξ �-th and
η�-th s × s-pixel block area in the ξ and η directions, respectively. T(ξ, η, t0) is initially set
to S(ξ, η, t0 − 1) at the start time t0 to generate the space codes. After differentiation, the
criterion D(ξ �, η�, t) is provided for every divided square image region (each unit of which is
s × s pixels), by calculating the summation of the differentiation result in Eq. (14). D(ξ �, η�, t)
corresponds to the number of pixels where the values of T(ξ, η, t) are different from those of
S(ξ, η, t − 1) in the block area q(ξ �, η�).

When moving objects are measured, the space code image T(ξ, η, t) is not always encoded
correctly because it refers only to the information along the time axis, which requires multiple
images at different frames. However, the space code image S(ξ, η, t) generated by the
spatio-temporal selection type encoding defined by Eq. (15) is robust to errors caused by
moving objects. Thus, the criterion D(ξ �, η�, t) can be defined with a frame differencing
calculation for every block area to detect the coding errors caused by motion.

Based on the criterion D(ξ �, η�, t) , the spatio-temporal encoding type p = p(ξ �, η�, t) is selected
from the encoding types pXt, which are defined by Eqs. (6)–(13) for every block area q(ξ �, η�)
at time t. In this study, a spatio-temporal selection type space code image S(ξ, η, t) at various
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times t is determined using the calculated encoding types for all the block areas as follows:

p(ξ �, η�, t) =

⎧⎨
⎩

n (D(ξ �, η�, t) = s2)�
nD(ξ �, η�, t)

s2

�
+ 1 (otherwise)

. (15)

Figure 7 shows an example of our newly introduced criterion for spatio-temporal encoding

Previous frameCurrent frame

(b) Code image

by temporal-spatial reference 

(a) Code image 

by temporal reference

− =

(c) An Image that showed

level of brightness change

Fig. 7. Criterion for spatial-temporal encoding.

when a human extends and contracts his fingers. In the figure, (a) a space code image
T(ξ, η, t) coded using temporal reference, (b) a space code image S(ξ, η, t − 1) coded using
temporal-spatial reference in a previous frame, and (c) selected spatial encoding types
p(ξ �, η�, t), are shown. In (c), the value of p increases when the gray-level tone becomes darker.
It can be observed that the number of the spatio-encoding type, p, increases if code errors are
caused by the motion of fingers, whereas p decreases in the area in which motion is slight.
This fact indicates that space codes that are robust to motion are selected for the dynamically
changing scenes, and space codes that enable accurate shape measurement are selected for
the static scenes. Thus, the spatio-temporal encoding type can be selected both adaptively
and according to the defined criterion based on frame differencing features for space code
images.

3.4 Correction of misalignment in the projected image

Next, we consider a misalignment problem in the projected image, and introduce a correction
method to reduce misalignment errors in space code images. Figure 8 shows a framework for
our method of correcting the misalignment of the projected image. When ideally projecting,
as shown in (a), the projected black and white zebra patterns are accurately matched with the
initially assigned rectangular areas r�i , and we can always observe the same value of 0 or 1 at
all the pixels on a certain line segment in the ξ direction in the same rectangular area when
the projected zebra pattern has a width of several pixels. However, when there is a certain
displacement between the projected zebra patterns and the initially assigned rectangular
areas, as shown in (b), there are cases in which there are both black and white pixels on a
certain line segment, even in the same rectangular area. This ambiguity may generate errors,
especially around the edge boundaries of the black and white zebra patterns, when computing
space code images in the coded structure light projection method.

To avoid this ambiguity (caused by the displacement between the projected zebra patterns
and the initially assigned rectangular areas), the pixel values of 0 or 1 in the same rectangular
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Fig. 8. Correction of misalignment in the projected image.

area are calibrated by replacing with a representative value on a certain line segment in the ξ
direction; the representative value on a certain line segment in the ξ direction is determined
to have the pixel value of 0 or 1 when its number surpasses that of its opposite value on the
given line segment in the same rectangular area, as shown in (c). Thus, we can reduce the
influence of the misalignment of the projected image and correct the correspondence between
the projected zebra patterns and the initially assigned rectangular areas.

As an example, Figure 9 shows the corrected space code images when a human hand is
observed using our structured light projection method. Before correction, many slit-like
noises can be observed around the edge boundaries of the black and white stripe patterns.
By introducing the correction process, we can reduce this slit-like noise and obtain the correct
space code images, which correspond to the fact that the hand shape smoothly varies in space.

(a) before correction (b) after correction

Fig. 9. Corrected space code images for a human hand.

10 Advanced Image Acquisition, Processing Techniques and Applications A Coded Structured Light Projection Method for High-Frame-Rate 3D Image Acquisition 11

3.5 Calculation of three-dimensional information

To obtain three-dimensional information from the space code image S(ξ, η, t), it is necessary
to transform S(ξ, η, t) using the relationship between the location of the camera and
the projection; this requirement was common in the previously-reported structured light
pattern projection methods. In this chapter, the space code image is transformed into
three-dimensional information at each pixel using the method described in [4].

The three-dimensional coordinate X(t) is obtained from the pixel position (ξ, η) on the
camera. Its corresponding space code value S(ξ, η, t) is obtained by solving the following
simultaneous equation with a 3× 4 camera transform matrix C and a 2× 4 projector matrix P,

Hc

⎛
⎝

ξ
η
1

⎞
⎠ = C

�
X(t)

1

�
, (16)

Hp

�
S(ξ, η, t)

1

�
= P

�
X(t)

1

�
, (17)

where Hc and Hp are parameters, and the camera transform matrix C and the projector matrix
P must be obtained by prior calibration. All of the pixels in the image are transformed using
Eqs. (16) and (17). We can obtain a three-dimensional image as the result of our proposed
coded structured pattern light projection method.

4. Experiments

4.1 Experimental system

To verify the three-dimensional measurement method proposed in the previous section,
off-line experiments for three-dimensional shape measurement are performed using an
off-line high-speed camera and a high-speed DLP projector. Figures 10 and 11 show its
location configuration and an overview, respectively. We used an off-line high-speed video
camera, FASTCAM-1024PCI (Photron Ltd., Tokyo, Japan), that can capture a 1024×1024-pixel
10-bit gray-level image at 1000 fps. The high-speed DLP projector comprises a DMD
(Direct Micro-mirror Device) Discovery 1100 controller board (Texas Instruments Inc., Dallas,
USA), an ALP controller module (ViALUX GmbH, Chemnitz, Germany), and an LED
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Fig. 10. Configuration of experimental system.
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to have the pixel value of 0 or 1 when its number surpasses that of its opposite value on the
given line segment in the same rectangular area, as shown in (c). Thus, we can reduce the
influence of the misalignment of the projected image and correct the correspondence between
the projected zebra patterns and the initially assigned rectangular areas.

As an example, Figure 9 shows the corrected space code images when a human hand is
observed using our structured light projection method. Before correction, many slit-like
noises can be observed around the edge boundaries of the black and white stripe patterns.
By introducing the correction process, we can reduce this slit-like noise and obtain the correct
space code images, which correspond to the fact that the hand shape smoothly varies in space.

(a) before correction (b) after correction

Fig. 9. Corrected space code images for a human hand.
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3.5 Calculation of three-dimensional information

To obtain three-dimensional information from the space code image S(ξ, η, t), it is necessary
to transform S(ξ, η, t) using the relationship between the location of the camera and
the projection; this requirement was common in the previously-reported structured light
pattern projection methods. In this chapter, the space code image is transformed into
three-dimensional information at each pixel using the method described in [4].

The three-dimensional coordinate X(t) is obtained from the pixel position (ξ, η) on the
camera. Its corresponding space code value S(ξ, η, t) is obtained by solving the following
simultaneous equation with a 3× 4 camera transform matrix C and a 2× 4 projector matrix P,
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where Hc and Hp are parameters, and the camera transform matrix C and the projector matrix
P must be obtained by prior calibration. All of the pixels in the image are transformed using
Eqs. (16) and (17). We can obtain a three-dimensional image as the result of our proposed
coded structured pattern light projection method.

4. Experiments

4.1 Experimental system

To verify the three-dimensional measurement method proposed in the previous section,
off-line experiments for three-dimensional shape measurement are performed using an
off-line high-speed camera and a high-speed DLP projector. Figures 10 and 11 show its
location configuration and an overview, respectively. We used an off-line high-speed video
camera, FASTCAM-1024PCI (Photron Ltd., Tokyo, Japan), that can capture a 1024×1024-pixel
10-bit gray-level image at 1000 fps. The high-speed DLP projector comprises a DMD
(Direct Micro-mirror Device) Discovery 1100 controller board (Texas Instruments Inc., Dallas,
USA), an ALP controller module (ViALUX GmbH, Chemnitz, Germany), and an LED
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Integrated Optical Module (ViALUX GmbH, Chemnitz, Germany). The projector can project
1024×768-pixel binary images at a frame rate of 1000 fps or more.

In the experimental setup, the camera is located at a distance of approximately 18 cm from
the projector; and a background screen is placed at a distance of approximately 110 cm from
the camera and projector. Light patterns from the projector are projected over an area of
37 cm × 37 cm on the screen. Here, the camera is positioned such that the rectangular
areas in the x direction are not distorted, even if the heights of the measured objects vary.
In the experiments, a 768×768-pixel light pattern defined by Eq. (1) is projected at 1000 fps.
The number of bits of space codes and the width of rectangular areas are set to n = 8 and
m = 4, respectively. The high-speed camera is synchronized with the projector electrically, a
1024×1024-pixel image is captured at 1000 fps so that the projected light patterns are settled in
the captured image. To reduce errors caused by illumination or surface properties, the image
for space encoding is binarized by differentiating a pair of positive and negative projection
images that are generated by projecting a consecutive pair of light patterns whose values of
black and white are reversed. The size of the block area is set to 8× 8 pixels (s = 8) to calculate
the criterion D(ξ �, η�, t) for the selection of encoding types.

4.2 Experimental results

To demonstrate the effectiveness of our proposed algorithm using the off-line high-speed
camera and the high-speed DLP projector, we show three-dimensional shape measurement
results for three types of moving objects in Figure 12; (a) a rotating plane, (b) a waving piece
of paper, and (c) a moving human hand. First, we show the measured result for a rotating
plane object; the measure object is a 8.5 cm × 10.0 cm plate. It is rotated at approximately
5.5 revolutions per second (rps) by a DC motor. Figure 13 shows the images captured by a
video camera at a frame rate of 30 fps on the left; the three-dimensional color-mapped images
calculated using our proposed method are on the right. The image interval is set to 0.03 s.
It can be observed that three-dimensional shape information can be obtained at a high frame
rate even when the measured object moves too quickly for the human eye to see it.
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Next, we show the measured result for a waving piece of paper; the measure object is an
A4 paper of 297 mm × 210 mm size. The piece of paper is waved in the vertical direction.
Figure 14 shows the images captured by a video camera at a frame rate of 30 fps on the left;

motor

board
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board

(a) rotating plane

paperpaper

(b) waving paper

handhand

(c) moving human hand

Fig. 12. Measurement objects.
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Fig. 13. Experimental result for a rotating plane.
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of paper, and (c) a moving human hand. First, we show the measured result for a rotating
plane object; the measure object is a 8.5 cm × 10.0 cm plate. It is rotated at approximately
5.5 revolutions per second (rps) by a DC motor. Figure 13 shows the images captured by a
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Fig. 14. Experimental result for a waving piece of paper.

the three-dimensional color-mapped images calculated using our proposed method are on the
right. The image interval is set to 0.1 s. It can be observed that the temporal changes in the
three-dimensional shape, which are generated by wave propagation, become visible in detail.

Finally, we show the measured result for a human hand whose fingers move quickly. Here, a
human changes his fingers’ shape from “paper” to “scissors” in rock-scissor-paper game with
a duration of approximately 0.1 s. Figure 15 shows the images captured by a video camera at
a frame rate of 30 fps on the left; the three-dimensional color-mapped images calculated using
our proposed method are on the right. Their interval is set to 0.03 s. It can be observed that
the three-dimensional shape of a human hand, a complicated shape, can be acquired, and that
quick movements of the fingers or changes in the height of the back of the hand can also be
accurately detected in the form of a three dimensional shape.

Figure 16 shows the examples of the selected spatial encoding types in these experiments.
When the gray-level tone becomes darker, p increases, that is, the spatial encoding becomes
more dominant. When the tone becomes brighter, p decreases, that is, the temporal encoding
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Fig. 16. Selected spatial encoding types spatio-temporal encoding types.
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becomes more dominant. In all the snapshots, the dark pixels exist around the edges of
the moving objects, because the depth changed primarily at the pixels around these spatial
discontinuities (between the object and its background); temporal selection type encoding
was mainly performed on the inner side of the object, where the depth largely did not change.
In the snapshots for the waving piece of paper, it can be observed that the selected spatial
encoding types varied spatio-temporally with the waving movement.

5. Conclusion

In this chapter, a spatio-temporal selection type coded structured light projection method is
proposed for the acquisition of three-dimensional images at a high frame rate. The proposed
method can select adaptive space encoding types according to the temporal changes in the
code images. Our proposed method was verified off-line using a testbed that was composed of
a high-speed camera and a high-speed projector. We evaluated its effectiveness by producing
experimental results for various three-dimensional objects moving quickly, at a high frame
rate such as 1000 fps, which is too fast for the human eye to observe their three-dimensional
motion in detail.

6. References

[1] S. Yoshimura, T. Sugiyama, K. Yonemoto, and K. Ueda. “A 48kframes/s CMOS image
sensor for real-time 3-D sensing and motion detection,” in ISSCC Tech. Dig. , 94–95, 2001.

[2] Y. Oike, M. Ikeda, and K. Asada. “A CMOS image sensor for high-speed active range
finding using column-parallel time domain ADC and position encoder,” IEEE Trans.
Electron Devices, 50(1), 152–158, 2003.

[3] J.L. Posdamer and M.D. Altschuler. “Surface measurement by space-encoded projected
beam systems,” Computer Graphics and Image Processing, 18(1), 1–17, 1982.

[4] S. Inokuchi, K. Sato, and F. Matsuda. “Range imaging system for 3-D object recognition,”
in Proc. Int. Conf. Pattern Recog., 806–808, 1984.

[5] D. Bergmann. “New approach for automatic surface reconstruction with coded light,”
in Proc. Remote Sensing and Reconstruction for Three-Dimensional Objects and Scenes, SPIE
2572, 2–9, 1995

[6] D. Caspi, N. Kiryati, and J. Shamir. “Range imaging with adaptive color structured light,”
IEEE Trans. Pattern Anal. Mach. Intelli., 20 (5), 470–480, 1998.

[7] M. Maruyama and S. Abe. “Range sensing by projecting multiple slits with random
cuts,” IEEE Trans. Pattern Anal. Mach. Intelli., 15 (6), 647–651, 1993

[8] N.G. Durdle, J. Thayyoor, and V.J. Raso. “An improved structured light technique for
surface reconstruction of the human trunk,” in Proc. IEEE Can. Conf. Elect. Comput. Eng.,
874–877, 1998.

[9] L. Zhang, B. Curless, and S.M. Seitz. “Rapid shape acquisition using color structured
light and multi-pass dynamic programming,” in Proc. Int. Symp. 3D Data Processing
Visualization and Transmission, 24–36, 2002.

[10] J. Salvi, J. Batlle, and E. Mouaddib. “A robust-coded pattern projection for dynamic 3d
scene measurement,” Int. J. Patt. Recog. Lett., 19, 1055–1065, 1998.

16 Advanced Image Acquisition, Processing Techniques and Applications

2 

High Density Devices Applied  
to a Gamma-Camera Implementation  

Griselda Saldana-Gonzalez1, Uvaldo Reyes2, Humberto Salazar2,  
Oscar Martínez2, Eduardo Moreno2 and Ruben Conde2 

1Electric and Electronics Department, Universidad Tecnologica de Puebla 
2Physics and Mathematics Faculty, Benemerita Universidad Autonoma de Puebla 

Mexico 

1. Introduction  
Image processing is considered to be one of the most rapidly evolving areas of information 
technology, with growing applications in all fields of knowledge. It constitutes a core area of 
research within the computer science and engineering disciplines given the interest of 
potential applications ranging from image enhancing, to automatic image understanding, 
robotics and computer vision. The performance requirements of image processing 
applications have continuously increased the demands on computing power, especially 
when there are real time constraints. Image processing applications may consist of several 
low level algorithms applied in a processing chain to a stream of input images. In order to 
accelerate image processing, there are different alternatives ranging from parallel computers 
to specialized ASIC architectures. The computing paradigm using reconfigurable 
architectures based on Field Programmable Gate Arrays (FPGAs) promises an intermediate 
trade-off between flexibility and performance. 

In the present work a prototype for reconstruction of two-dimensional images based in 
FPGAs is presented. The front-end includes two main modules, the data acquisition 
electronics and a hardware architecture for data processing. The read out electronics 
consists mainly of a Discretized Positioning Circuit (DPC), analog-to-digital converters and 
a FPGA Virtex IV of the Xilinx's family. This module reads the electrical signals produced by 
a Position-Sensitive Photomultiplier Tube (PS-PMT) coupled to a Cerium-doped Lutetium 
Yttrium Orthosilicate (LYSO) crystal. The hardware architecture takes the digitized signals 
produced by the acquisition module and processes them to determine the positions of the 
interactions based on the logic of Anger to form a planar image. The architecture performs 
arithmetic operations, formats the data and stores them in memory blocks to be sent to the 
displaying stage. The final image obtained represents a 2D histogram for the intensity 
distribution of the radioactivity. Both systems interact to operate at a clock frequency of  322 
MHz reducing the processing time to reach real time performance. Using parallelism 
techniques and an appropriate management of memory, the necessary logic to implement 
the system has been developed improving flexibility for adjustment to new requirements or 
new algorithms. The main contribution of this work consists on validating the use of FPGAs 
in the image processing stage in a nuclear medicine application, such as gamma camera.  



16 Will-be-set-by-IN-TECH

becomes more dominant. In all the snapshots, the dark pixels exist around the edges of
the moving objects, because the depth changed primarily at the pixels around these spatial
discontinuities (between the object and its background); temporal selection type encoding
was mainly performed on the inner side of the object, where the depth largely did not change.
In the snapshots for the waving piece of paper, it can be observed that the selected spatial
encoding types varied spatio-temporally with the waving movement.

5. Conclusion

In this chapter, a spatio-temporal selection type coded structured light projection method is
proposed for the acquisition of three-dimensional images at a high frame rate. The proposed
method can select adaptive space encoding types according to the temporal changes in the
code images. Our proposed method was verified off-line using a testbed that was composed of
a high-speed camera and a high-speed projector. We evaluated its effectiveness by producing
experimental results for various three-dimensional objects moving quickly, at a high frame
rate such as 1000 fps, which is too fast for the human eye to observe their three-dimensional
motion in detail.
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1. Introduction  
Image processing is considered to be one of the most rapidly evolving areas of information 
technology, with growing applications in all fields of knowledge. It constitutes a core area of 
research within the computer science and engineering disciplines given the interest of 
potential applications ranging from image enhancing, to automatic image understanding, 
robotics and computer vision. The performance requirements of image processing 
applications have continuously increased the demands on computing power, especially 
when there are real time constraints. Image processing applications may consist of several 
low level algorithms applied in a processing chain to a stream of input images. In order to 
accelerate image processing, there are different alternatives ranging from parallel computers 
to specialized ASIC architectures. The computing paradigm using reconfigurable 
architectures based on Field Programmable Gate Arrays (FPGAs) promises an intermediate 
trade-off between flexibility and performance. 

In the present work a prototype for reconstruction of two-dimensional images based in 
FPGAs is presented. The front-end includes two main modules, the data acquisition 
electronics and a hardware architecture for data processing. The read out electronics 
consists mainly of a Discretized Positioning Circuit (DPC), analog-to-digital converters and 
a FPGA Virtex IV of the Xilinx's family. This module reads the electrical signals produced by 
a Position-Sensitive Photomultiplier Tube (PS-PMT) coupled to a Cerium-doped Lutetium 
Yttrium Orthosilicate (LYSO) crystal. The hardware architecture takes the digitized signals 
produced by the acquisition module and processes them to determine the positions of the 
interactions based on the logic of Anger to form a planar image. The architecture performs 
arithmetic operations, formats the data and stores them in memory blocks to be sent to the 
displaying stage. The final image obtained represents a 2D histogram for the intensity 
distribution of the radioactivity. Both systems interact to operate at a clock frequency of  322 
MHz reducing the processing time to reach real time performance. Using parallelism 
techniques and an appropriate management of memory, the necessary logic to implement 
the system has been developed improving flexibility for adjustment to new requirements or 
new algorithms. The main contribution of this work consists on validating the use of FPGAs 
in the image processing stage in a nuclear medicine application, such as gamma camera.  
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This chapter shows a brief introduction to the physics involved in the operation of a gamma 
camera. Some details regarding the characteristics of the sensors used to obtain signals and 
the mechanism to interpret them and to relate them with the formation of a gammagram are 
presented. Details of the acquisition systems and image formation architecture proposed are 
explained. The obtained results are shown highlighting the benefits that can be provided by 
a system implemented with FPGA technology and reconfigurable computing. Finally some 
conclusions are presented. 

2. Physics of the gamma camera 
The discovery of radioactivity and the natural radioactive elements at the end of the last 
century marked the beginning of a series of important discoveries that completely changed 
the idea of the matter structure. This allowed the use of radiation for medical applications 
and in other areas. 

Nuclear Medicine is based on the detection of nuclear radiation emitted by a human body 
after inserting a radiopharmaceutical. Although its birth has not an exact date, it begins with 
the discovery of polonium by Pierre Curie and Marja Sklodowska-Curie in 1898, however, 
the concept of producing images for diagnosis using radioactive materials is more recent. 
The first medical report on the use of a radioactive substance was made by Eugene Bloch 
and the French physicist Henri Danlos when they placed radio in contact with a skin lesion 
caused by tuberculosis. 

One of the most significant developments in image instrumentation was the scintillation 
camera developed by Anger in 1952 (Anger, 1958). This camera is also known as gamma 
camera or Anger camera, it is of great use in nuclear medicine due to it allows to obtain 
useful medical images called gammagram (see Fig. 1). 

 
Fig. 1. Gammagram. Hot areas are marked in red; they indicate a higher 
radiopharmaceutical concentration. Cold areas have a less concentration  

Nuclear medicine, as diagnostic method, highlights biochemical and functional processes 
for a particular organ or tissue; radioactive elements emitting photons or positrons joined to 
drugs are used. The amount of radiation emitted from the host tissue describes its 
metabolism. 

Unlike x-ray diagnosis, which uses an x-ray emitting source, from where a percentage 
interacts with the patient and the resulting beam is analyzed on a detector film, in the 
gamma camera diagnosis, the patient is the radioactive emitter source of gamma photon and 
using the appropriate detector certain information from the target tissue is obtained. 
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2.1 The energy of radiation 

In general, radioactive elements are those which have an excess of protons or neutrons. 
When the number of neutrons equals the number of protons is more difficult that the strong 
nuclear force hold them together. Eventually, the imbalance is corrected by release of excess 
neutrons or protons in the form of  particles (He nucleus) and particles that can be electrons 
or positrons. 

These emissions lead to two types of radiation: 

 radiation, which lightens the atomic nucleus by four mass units and changes the 
atomic number two units.  

  radiation, which does not change the mass of the nucleus as it involves the conversion 
of a proton into a neutron or vice versa and change the atomic number in a single unit 
(positive or negative, depending on the emitted particle, either an electron or a 
positron). 

There is also a third type of radiation in which high-frequency photons called  radiation are 
emitted. This type of radiation is due to the nucleus passes from an excited state of higher 
energy to a lower energy state.  radiation is a very penetrating electromagnetic radiation 
because the photons have no electrical charge. 

In the case of protons, electrons, neutrons,  particles, heavy ions, etc., the E energy is the 
kinetic energy given by the classical equation: 

   (1) 

Where m is the mass and v the particle speed. The Joule, J, is the energy unit in the 
international system. 

On the other hand, radiations provide a vehicle for transporting energy from one place (the 
source) to another (the absorber). The electron volt [eV] is the unit used in radiation physics 
and it is defined as the energy acquired by a particle with electric charge e (electron electric 
charge of 1.6 × 10-19 C) in a potential difference of 1 Volt. The equivalence with the Joule is 
1eV=1.60×10−19 J. 

Since light has wave-particle duality, at times it behaves as particle and some other shows 
wave characteristics. Thus, a photon has an energy given by: 

   (2) 

Where h is the Planck constant (equal to 6.626×10−34 Js) and υ is the wave frequency. 

Photons travel at the speed of light in vacuum c, as: 

   (3) 

Where λ is the wavelength. 

One result of the relativity theory is the possibility of converting mass into energy and vice 
versa obeying the formula: 

   (4) 



 
Advanced Image Acquisition, Processing Techniques and Applications 18

This chapter shows a brief introduction to the physics involved in the operation of a gamma 
camera. Some details regarding the characteristics of the sensors used to obtain signals and 
the mechanism to interpret them and to relate them with the formation of a gammagram are 
presented. Details of the acquisition systems and image formation architecture proposed are 
explained. The obtained results are shown highlighting the benefits that can be provided by 
a system implemented with FPGA technology and reconfigurable computing. Finally some 
conclusions are presented. 

2. Physics of the gamma camera 
The discovery of radioactivity and the natural radioactive elements at the end of the last 
century marked the beginning of a series of important discoveries that completely changed 
the idea of the matter structure. This allowed the use of radiation for medical applications 
and in other areas. 

Nuclear Medicine is based on the detection of nuclear radiation emitted by a human body 
after inserting a radiopharmaceutical. Although its birth has not an exact date, it begins with 
the discovery of polonium by Pierre Curie and Marja Sklodowska-Curie in 1898, however, 
the concept of producing images for diagnosis using radioactive materials is more recent. 
The first medical report on the use of a radioactive substance was made by Eugene Bloch 
and the French physicist Henri Danlos when they placed radio in contact with a skin lesion 
caused by tuberculosis. 

One of the most significant developments in image instrumentation was the scintillation 
camera developed by Anger in 1952 (Anger, 1958). This camera is also known as gamma 
camera or Anger camera, it is of great use in nuclear medicine due to it allows to obtain 
useful medical images called gammagram (see Fig. 1). 

 
Fig. 1. Gammagram. Hot areas are marked in red; they indicate a higher 
radiopharmaceutical concentration. Cold areas have a less concentration  

Nuclear medicine, as diagnostic method, highlights biochemical and functional processes 
for a particular organ or tissue; radioactive elements emitting photons or positrons joined to 
drugs are used. The amount of radiation emitted from the host tissue describes its 
metabolism. 

Unlike x-ray diagnosis, which uses an x-ray emitting source, from where a percentage 
interacts with the patient and the resulting beam is analyzed on a detector film, in the 
gamma camera diagnosis, the patient is the radioactive emitter source of gamma photon and 
using the appropriate detector certain information from the target tissue is obtained. 

 
High Density Devices Applied to a Gamma-Camera Implementation 19 

2.1 The energy of radiation 

In general, radioactive elements are those which have an excess of protons or neutrons. 
When the number of neutrons equals the number of protons is more difficult that the strong 
nuclear force hold them together. Eventually, the imbalance is corrected by release of excess 
neutrons or protons in the form of  particles (He nucleus) and particles that can be electrons 
or positrons. 

These emissions lead to two types of radiation: 

 radiation, which lightens the atomic nucleus by four mass units and changes the 
atomic number two units.  

  radiation, which does not change the mass of the nucleus as it involves the conversion 
of a proton into a neutron or vice versa and change the atomic number in a single unit 
(positive or negative, depending on the emitted particle, either an electron or a 
positron). 

There is also a third type of radiation in which high-frequency photons called  radiation are 
emitted. This type of radiation is due to the nucleus passes from an excited state of higher 
energy to a lower energy state.  radiation is a very penetrating electromagnetic radiation 
because the photons have no electrical charge. 

In the case of protons, electrons, neutrons,  particles, heavy ions, etc., the E energy is the 
kinetic energy given by the classical equation: 

   (1) 

Where m is the mass and v the particle speed. The Joule, J, is the energy unit in the 
international system. 

On the other hand, radiations provide a vehicle for transporting energy from one place (the 
source) to another (the absorber). The electron volt [eV] is the unit used in radiation physics 
and it is defined as the energy acquired by a particle with electric charge e (electron electric 
charge of 1.6 × 10-19 C) in a potential difference of 1 Volt. The equivalence with the Joule is 
1eV=1.60×10−19 J. 

Since light has wave-particle duality, at times it behaves as particle and some other shows 
wave characteristics. Thus, a photon has an energy given by: 

   (2) 

Where h is the Planck constant (equal to 6.626×10−34 Js) and υ is the wave frequency. 

Photons travel at the speed of light in vacuum c, as: 

   (3) 

Where λ is the wavelength. 

One result of the relativity theory is the possibility of converting mass into energy and vice 
versa obeying the formula: 

   (4) 



 
Advanced Image Acquisition, Processing Techniques and Applications 20

2.2 Radiation sources  

In this work the referred radiation is the one caused by jumps of electrons around the 
nucleus, which is called X-rays, but mainly to the radiation originated from transitions 
within the nucleus, gamma rays. 

Most sources used for radiation measuring are radioisotopes that decay by emission of a 
beta-less. This process can be described as follows: 

 ��� � ����� � �� � �̅  (5) 

Where X and Y are the nucleus of the initial and final elements, and �̅ is an antineutrino. The 
nucleus of the initial element is called the father nucleus and the nucleus of the final element 
is called a son nucleus. Due to neutrinos and antineutrinos have a low probability of 
interaction with matter, they are virtually undetectable, and thus ionizing radiation 
produced by beta decay is the fast electron or beta particle. 

After a beta less decay the nucleus is in a metastable state and to reach its base state it emits 
a gamma photon. As the nuclear states have well defined energies, the gamma ray energy 
emitted in the transition from state to state is also well defined. 

All the above processes can be displayed in a decay scheme as shown in Fig. 2, where a 
horizontal line represents the father nucleus, and the final horizontal line represents the son 
nucleus. The horizontal lines between these two lines represent intermediate excited states. 
A diagonal line to the left shows an electron capture decay, a small vertical line followed by 
a diagonal line to the left indicates a �� or alfa decay, and a right diagonal line indicates a 
�� decay. Vertical lines indicate the emission of gamma rays. 

 
Fig. 2. To the left is the decay scheme of 22Na. At the center is the decay scheme of 60Co. To 
the right is the decay scheme of 137Cs 

In order to calibrate the systems, four sources of radiation: 22Na, 57Co, 60Co and 137Cs are 
commonly used. Their decay schemes are shown in Fig. 2. The 22Na decays by the process of 
�� emitting a gamma photon of 1.274 MeV when the nucleus is stable, but also emits two 
gamma photons of 511 keV product of the annihilation of positron. The 60Co decays to 60Ni 
via a ��, it emits two photons of 1.173 and 1.332 MeV. 137Cs decays to 137Ba also by a 
��	process, 6.5% of the time decays directly to 137Ba and 93.5% decays to 137mBa emitting a 
gamma photon of 662 keV, 85% of the times.  

Reference sources are an essential accessory to measure radiation in a laboratory. Usually, 
they are samples of radioisotopes of few microcuries encapsulated in plastic disc. The 
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thickness of the package is enough to stop the radiation from the father nucleus decay 
allowing the passage only to the gamma radiation produced by the decay of the son 
nucleus. 

2.3 Photon-matter interaction 

When X-rays or gamma rays pass through a medium, the interaction between photons and 
matter can be noticed by the result of energy transferred to the medium. Due to the 
abundance of electrons in any substance, the most common interaction process of different 
radiations is with the electrons in the material, giving rise to the ionization and excitation 
phenomena. Through these processes, radiations usually deposit almost all their energy on 
the substances with which they collide. A high percentage of this energy ends up as heat, 
raising the temperature of the material, but part of the energy deposited can also cause 
chemical reactions and changes in the material structure. 

The attenuation of a photons beam by an absorber material is mainly caused by four types 
of interactions: coherent scattering, photoelectric effect, Compton effect and pair production. 
Each of these processes can be represented by its own coefficient of attenuation, which 
varies according to the incident photon energy and atomic number of absorber material. 

2.3.1 Coherent scattering 

Coherent scattering is also known as classic scattering or Rayleigh scattering. This 
interaction consists of an electromagnetic wave that passes near an electron and makes it 
oscillate. The oscillating electron re-radiates energy at the same frequency as the incident 
electromagnetic wave. In this way, there is no change in energy and there is not absorbed 
energy by the medium, there is only a photon scattering effect for small angles. The coherent 
scattering is probable for materials with high atomic numbers and low energy photons. 

2.3.2 Photoelectric effect 

The photoelectric effect is a phenomenon in which a photon interacts with an atom and 
ejects an orbiting electron as shown in Fig. 3. In this process the photon's energy hυ is 
absorbed by the atom and then it is transferred to the electron. The kinetic energy of the 
ejected electron (called a photoelectron) is equal to hυ − EB, where EB is the binding energy of 
the electron. Interactions of this kind can take place with electrons in layers K, L, M or N. 

After that the electron has been ejected from the atom, a hole is created in this orbital; with 
this the atom is in an excited state. The hole can be filled by another electron from the 
external orbital, emitting radiation known as X-ray. 

2.3.3 Compton effect 

The Compton effect is a logical extension of the photoelectric effect. The difference is that 
in this case the photons are generally more energetic than when the photoelectric effect 
occurs (X-rays or gamma rays) and as a result, all its energy is not used to remove and 
accelerate an electron. In this case, there is excess energy and the photon does not 
disappear completely. 
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thickness of the package is enough to stop the radiation from the father nucleus decay 
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When X-rays or gamma rays pass through a medium, the interaction between photons and 
matter can be noticed by the result of energy transferred to the medium. Due to the 
abundance of electrons in any substance, the most common interaction process of different 
radiations is with the electrons in the material, giving rise to the ionization and excitation 
phenomena. Through these processes, radiations usually deposit almost all their energy on 
the substances with which they collide. A high percentage of this energy ends up as heat, 
raising the temperature of the material, but part of the energy deposited can also cause 
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Coherent scattering is also known as classic scattering or Rayleigh scattering. This 
interaction consists of an electromagnetic wave that passes near an electron and makes it 
oscillate. The oscillating electron re-radiates energy at the same frequency as the incident 
electromagnetic wave. In this way, there is no change in energy and there is not absorbed 
energy by the medium, there is only a photon scattering effect for small angles. The coherent 
scattering is probable for materials with high atomic numbers and low energy photons. 
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The photoelectric effect is a phenomenon in which a photon interacts with an atom and 
ejects an orbiting electron as shown in Fig. 3. In this process the photon's energy hυ is 
absorbed by the atom and then it is transferred to the electron. The kinetic energy of the 
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this the atom is in an excited state. The hole can be filled by another electron from the 
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In this interaction the incident photon with energy E0 and an associated wavelength, λ0, 
from Equation (2), interacts with an electron that is free in the material, Fig. 3. The result is a 
low energy photon Eλ and an electron that goes back with a kinetic energy T depending on 
the angle of the leaving new photon. 

It is common that the Compton effect occurs when the incident photons falls within a range 
from 0.05 MeV to several MeV. The energy range overlaps with the photoelectric energy 
range. With very low photon energies, the photoelectric effect is dominant, but becomes less 
common with increasing photon energy. The Compton effect begins slowly at low levels of 
energy and becomes dominant from 0.1 to 0.15 MeV and onwards, see Fig. 4. 

 
  (a) Photoelectric effect       (b) Compton effect        (c) Pairs production 

Fig. 3. In photoelectric effect, a material emits electrons when electromagnetic radiation 
incides on it. In Compton effect, the electromagnetic radiation striking out a surfaces goes 
out with a wavelength greater than the input. In pair production a photon interacts with a 
nucleus, completely disappears and results in the creation of a particle-antiparticle pair, 
electron-positron 

 
Fig. 4. With very low photon energies, the photoelectric effect is dominant. The Compton 
effect becomes dominant from 0.1 to 0.15 MeV and onwards 
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2.3.4 Pairs production 

In this process the photon full energy is converted within an atom in a positron-electron 
pair, Fig. 3. As in the photoelectric effect, pairs production requires the presence of a body 
with large Z. Furthermore, in this process the photon must have energy greater than or 
equal to 1.022 MeV. 

2.4 Ionizing radiation detection 

Since the ionizing radiation is generally not perceptible by the senses, it is necessary to use 
appropriate tools to detect its presence. Many types of radiation detectors have been 
developed and each one is sensitive to certain types of radiation and energy range, therefore 
it is essential to select the appropriate detector for the radiation to be measured. 

Radiation detectors have been developed based on the interactions of ionizing radiation 
with matter described above. The idea is to measure the lost energy or deposited by 
radiation when passing through the detector. Radiation detectors convert the energy 
deposited in a measurable electrical signal of few volts, which is achieved by constructing a 
diagram called characteristic energy spectrum (see Fig. 5). If there is mono-energetic 
radiation incident, variations in the measurements of that energy would appear due to an 
incomplete deposit of the incident radiation. For example, in a gamma camera some of the 
incident photons of 82 keV can have one or more Compton scatterings depositing part of 
their energy and then leave the detector. 

The continuous proportion in the energy spectrum shown in Fig. 5 is due to partial energy 
deposits. The peak position marks the average energy of the incident radiation (after a full 
deposit in the detector). 

 
Fig. 5. Typical spectrum of gamma radiation, where the photopeak, the Compton edge and 
the backscattering peak are shown 
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Radiation detectors have been developed based on the interactions of ionizing radiation 
with matter described above. The idea is to measure the lost energy or deposited by 
radiation when passing through the detector. Radiation detectors convert the energy 
deposited in a measurable electrical signal of few volts, which is achieved by constructing a 
diagram called characteristic energy spectrum (see Fig. 5). If there is mono-energetic 
radiation incident, variations in the measurements of that energy would appear due to an 
incomplete deposit of the incident radiation. For example, in a gamma camera some of the 
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deposits. The peak position marks the average energy of the incident radiation (after a full 
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Fig. 5. Typical spectrum of gamma radiation, where the photopeak, the Compton edge and 
the backscattering peak are shown 
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The width of this peak (called photopeak) shows the effect of fluctuations for energy 
deposits for a mono-energetic photon. The detector's ability to accurately measure the 
energy deposited is an important parameter and is characterized by the width of the 
photopeak in the energy spectrum, referred to as the energy resolution of the system. 

Radiation detectors generally used in the mini gamma cameras are called scintillation 
detectors. They are composed of an inorganic crystal (scintillator) and a photodetector. The 
scintillator crystal emits photons with wavelengths in the visible after radiation-matter 
interaction occurs inside the crystal. The photodetector is used to detect and measure the 
number of photons emitted by an interaction in the scintillator crystal. The number of 
photons due to scintillation (or intensity) is generally proportional to the energy deposited 
within the crystal. Due to the high atomic number, and therefore high density, scintillator 
detectors give high braking efficiency for photons of about 500 keV. 

3. The mini gamma camera 
The mini gamma camera is an imaging device commonly used in nuclear medicine as a 
diagnostic tool. The radiation comes from the patient who is previously injected, usually 
intravenously, with a radioactive tracer. The mode of conducting the clinical diagnosis is 
called scintigraphy. 

The radioisotope tracer can be monitored inside the patient's body by the mini gamma 
camera and making easier to establish a medical diagnosis. The analysis offered by the 
gammagrams is especially functional rather than anatomical such as x-rays. They serve to 
assess whether a patient's metabolism is working properly adhering tracers, for example in 
platelets, red blood cells or other cells where a correct operation is checked. It is possible to 
mark the glucose molecules to assess which areas of the brain are activated (consume more 
glucose) at certain times. 

Without loss of generality it can be say that a gamma camera consists of three components: a 
head or radiation detector, a data acquisition system and image reconstruction algorithms, 
as shown in Fig. 6. 

 
Fig. 6. Schematic of the gamma camera parts. The three components are: a head or radiation 
detector, an electronic data acquisition system and image reconstruction algorithms 

The photon detector is responsible for converting the radiation-matter interaction into 
analog electrical pulses; it is usually composed of a collimator, a scintillator crystal and a 
photomultiplier tube (PMT). The collimator allows the passage only of radiation emitted 
perpendicular to the head and is usually constructed of lead or tungsten. In the scintillator 
crystal take place radiation-matter interaction processes between photons and the material 
that constitute the scintillator crystal, usually sodium iodide, NaI(Tl) or Cesium Iodide, 
CsI(Tl), both activated with thallium, to deliver lower energy photons (ultraviolet radiation). 
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The PMT is able to detect ultraviolet photons and turn them into a measurable electrical 
pulse in order to be processed by the appropriate electronics. 

3.1 Photon detector 

A radiation detector is a device used to track and identify high-energy particles, such as 
those produced by radioactive decay, cosmic radiation or reactions in a particle accelerator. 
In nuclear physics, radiation detectors capable of identifying energies in the order of keV  
are used. 

The photon detector for the mini gamma camera consists of a collimator, a scintillator 
crystal, an array of photomultiplier tubes and positioning electronics. 

3.2 Collimator 

Leaning on the detector is the collimator; it is an element that is chosen according to the 
needs of study (Simon et al., 2003). It is made of lead or tungsten and is crossed by a 
distributed set of holes with different geometric patterns. The lead bricks between the holes 
are called septas. The collimator improves the system detection. 

3.3 Scintillator crystal 

In high-resolution mini gamma camera or micro PET equipment, the scintillator crystals can 
be cut into small blocks that are grouped into a matrix, separated by a reflective material. 
This configuration of segmented crystals (also known as pixilated crystals) is the dominant 
commercial high-resolution equipment and it is intended that each crystal behaves as a 
small waveguide for optical photons, in order to avoid that the light produced in the 
interaction of gamma rays is spread. 

The materials most commonly used in the mini gamma cameras have been the sodium 
iodide activated with thallium (NaI:Tl) (Sánchez et al., 2004), bigermanate of bismuth (BGO) 
(Zhang et al., 2002), the oxi-ortosilicato of gadolinium (GSO), oxi-ortosilicato of lutetium 
(LSO) (Demetri & Jonathon, 2005) and its variants, the last two, doped with cerium. The 
most interesting features of these crystals and other novel materials are shown in Table 1.  

3.4 Photomultiplier tube 

The photomultiplier tubes used in mini gamma cameras are sensitive to the position 
(PSPMT). The first requirement in this design is the use of an electron multiplier structure 
which maintains a spatial separation between the electrons clouds multiplied (from the 
photoelectrons generated in different positions on the photocathode). One of the electron 
multiplier structures is the metal channel dynodes. 

In the structure of metal channel dynodes gives a crosstalk effect during the multiplication of 
secondary electrons. This is due to the emitted electrons from the photocathode go to the first 
dynode by the focus grille, then they flow toward the second dynode, the third, until the last 
dynode and finally to the anode. Fig. 7 shows this type of structure. The common method of 
reading the outputs of the PS-PMT is a resistive arrangement; see Fig. 8, which allows 
calculating the position of interaction of radiation in the scintillator crystal. 
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The PMT is able to detect ultraviolet photons and turn them into a measurable electrical 
pulse in order to be processed by the appropriate electronics. 
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commercial high-resolution equipment and it is intended that each crystal behaves as a 
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which maintains a spatial separation between the electrons clouds multiplied (from the 
photoelectrons generated in different positions on the photocathode). One of the electron 
multiplier structures is the metal channel dynodes. 
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secondary electrons. This is due to the emitted electrons from the photocathode go to the first 
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dynode and finally to the anode. Fig. 7 shows this type of structure. The common method of 
reading the outputs of the PS-PMT is a resistive arrangement; see Fig. 8, which allows 
calculating the position of interaction of radiation in the scintillator crystal. 
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 Maximum wavelength 
(nm) Refractive index Decay Time (μs) 

Alkaline    
NaI(Tl) 415 1.85 0.23 
CsI(Tl) 540 1.80 0.68, 3.34 
CsI(Na) 420 1.84 0.46, 4.18 
slow inorganic    
BGO 480 2.15 0.30 
CdWO4 470 2.13 1.1, 1.45 
ZnS(Ag) 450 2.36 0.2 
Fast inorganic 
without activator    

BaF2 220  0.0006 
CsI 305  0.002, 0.02 
CeF3 310 1.68 0.005, 0.027 
Cerium activated 
fast inorganic    

GSO 440 1.85 0.056, 0.4 
YAP 370 1.95 0.027 
YAG 550 1.82 0.088, 0.302 
LSO 420 1.82 0.047 

Table 1. Properties of some inorganic crystals 

 
Fig. 7. Dynode structure and electrons trajectory 
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Fig. 8. Positioning circuit consisting of an array of resistors, commonly known as resistive chain 

3.5 X, y positions calculation 

In general to calculate an average position, the best estimate of the true value of �� is given 
by the weighted average given by the following expression: 

 �� � ∑ ������
��   (6) 

�� indicates the position (x, y) of the event, Pi are the weights and xi are the positions of the 
elements in question. 

If the amount of light detected by a PMT is inversely proportional to the lateral distance 
between the place of interaction and the center of the PMT (Simon et al., 2003), as illustrated in 
Fig. 9. Ideally, the ratio between the signal amplitude in relation to the center of a PMT should 
be linear. In addition, the maximum measurable voltage at points A and B of the resistive 
chain, are also linear in relation to the center of signals delivered by the PMT. This allows 
calculating an event position by taking a weighted average or centroid of the PMT signals. 

In this case the problem lies in knowing the position of a gamma photon interaction on the 
surface of the scintillator crystal. Assuming that the position of interaction is given by the 
values (x, y), as shown in Fig. 10, the known values are the maximum voltages (VA, VB, VC 
and VD) and the positions where these voltages are measured (x1, y2), (x2, y2), (x1, y1) and   
(x2, y1). Using equation (6) the position (x, y) is: 

� � (�� � ��)�� � (�� � ��)��
�� � �� � �� � ��  (7) 

� � (�� � ��)�� � (�� � ��)��
�� � �� � �� � ��  (8) 
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Fig. 9. Illustration of gamma radiation interacting with the photomultiplier tube 

 
Fig. 10. Scheme to describe the process of event detection. In the Cartesian system position 
identifies the four voltage signals, VA, VB, VC and VD, and the position (x, y) of gamma 
photon interaction on the crystal  

Equations (7) and (8), indicate that the sought position is a function of the maximum values, 
which change over time, and the known positions x1, x2, y1 and y2. 
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In order to remove the dependence on the known positions the following variables are 
defined: D1 = x − x1, D2 = x2 − x, D3 = y − y1, D4 = y2 − y, D = D1 + D2 y D’ = D3 + D4, see     
Fig. 10. In this way, D = x2 −x1 y D’ = y2 −y1, and doing simple calculations leads to the 
following equations: 

�� = ��
� = �� + ��

�� + �� + �� + (9) 

�� = ��
�� =

�� + ��
�� + �� + �� + �� (10)

The photon energy that interacted with the scintillator crystal is proportional to the sum of 
the maximum voltages: 

 � � �� + �� + �� + ��  (11) 

As can be seen, the resistive chain helps to reduce the number of signals from the 
photomultiplier tubes to only four. This is not the only system to reduce the number of 
signals, but it is the simplest to build (Demetri, 2005). 

The most important thing from equations (9), (10) and the proportionality given by (11) is 
that only the maximum voltage values of the four signals from the resistive chain VA, VB, VC 
and VD are involved. That is, it is not important to know the exact information from the 
whole pulse, it is enough to find its maximum value in voltage, in order to know the relative 
position (x, y) of the interaction on the scintillator crystal and an approximation of the 
energy deposited. 

3.6 Data acquisition system 

A data acquisition system takes analog electronic signals to generate data that can be 
manipulated by a computer or other electronic system (digital system). This procedure takes 
a set of physical signals; it turns them in current signals and digitized them in order to be 
processed on a computer. It is required a conditioning stage, which adapts the signal to 
levels compatible with the element that makes the conversion to digital. The element that 
makes this transformation is the digitalization module or data acquisition board. A data 
acquisition system is basically composed of: 

 The signal sources, which are of two kinds: 
1. Direct measurement elements. They produce a signal as a result of electrical 

measurements, such as voltage, current, resistance, frequency, etc. 
2. Transducers. They are devices that sense physical phenomena and convert non-

electrical parameters into electrical signals; examples are resistance temperature 
detectors, pressure transducers, among others. 

 Elements of signal conditioning. These elements amplify, isolate and filter signals to 
make more accurate measurements. 

 Data processing and display. Allows the signals visualization. Data can be displayed in 
analog or digital way, numerically or graphically. 
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3.7 Image reconstruction algorithms  

The principle of image reconstruction in all forms of tomography is that an object can be 
reproduced exactly from a set of its projections taken from different angles. In the last two 
decades, several algorithms have been developed, they can be considered as methods to 
approximate the inverse Radon transform. They can be implemented for different tomography 
reconstruction modalities. It is noteworthy that these methods are not all equivalent. 

3.8 Energy resolution  

The energy resolution is a measure of the system's ability to distinguish between particles or 
photons of different energies. That can be determined by irradiating the detector with 
monoenergetic particles or photons and measuring the width of the Gaussian peak in the 
resulting heights spectrum of the acquired signals. A wider Gaussian peak implies a poorer 
energy resolution. The width of the Gaussian peak is usually measured at half its maximum 
height, as illustrated in Fig. 11, which is called the full width at half-maximum (FWHM). In this 
way the energy resolution is expressed as: 

 � � ����
� × 100%  (12) 

R is the energy resolution and M is the energy value correspondent to the maxim Gaussian 
peak. 

For example, the energy resolution of a crystal of 5 cm in diameter and 5 cm thick, coupled 
to a PMT and exposed to gamma rays of 662 keV of 137Cs, is typically about 7% to 8%. 

4. Materials and methods 
The camera presented in this work is composed of a Hamamatsu H8500 Flat Panel PS-PMT 
(Hamamatsu Photonics, 2007), a LYSO scintillator (Chen, 2007), a resistive chain, a data 
acquisition system and a hardware architecture for image reconstruction. Fig. 12 shows a 
block diagram of the implemented system. 

 
Fig. 11. Energy resolution of a height pulse spectrometer. The spectrum shown 
corresponds to 137Cs, obtained by a scintillator NaI (TI) coupled to a photomultiplier tube.  
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The scintillation structure is composed of 20×20 LYSO crystal. The H8500 Flat Panel PS-PMT 
has an external size of 52.0×52.0×27.4 mm3 with an active area of 49×49 mm2; the gain of the 
H8500 is about 106 for -1000V.  

 
Fig. 12. Main camera connected to the data acquisition hardware 

The multiplied charge is collected by an array of 8×8 anodes and the size of each anode is 
5.8×5.8 mm2. The resistive chain is composed of one board (60×60×3 mm3) mounted 
orthogonally with respect to the PS-PMT according to Fig. 13 (Olcott, 2006), combined with 
two dedicated compact 2-channel ADC board developed in the faculty laboratory. The ADC 
board contains two 10 bits analogue-to-digital converters with 100 MSPS, an on-chip voltage 
reference of 1V to 2V p-p single-ended. The ADC boards are connected to a 2E board which 
allows to pick up the maximum values of the signals and stores them in a FIFO memory 
(data transmission is 100 MHz). The 2E board is connected to a Virtex IV based board, which 
allows calculating x, y position values for each event based on the Anger’s logic     
(Equations 9, 10 and 11). 

 
Fig. 13. Scintillator structure coupled with the resistive chain  

The system allows to display planar histogram in real time mode (1s refresh time). To build 
a 2D image, the x and y values are used to determine a location on the image and the 
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Fig. 13. Scintillator structure coupled with the resistive chain  
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brightness of the pixel at that position corresponds with the histogram value calculated   
(Equation 11). This process is performed until a desired number of counts on total 
acquisition time are reached. In order to display the results, the data are sent to a VGA 
monitor. The test was carried out using a 137Cs point source (1microCi activity) emitting    
662 keV (99%) gamma-ray lines. The architecture has been implemented using VHDL and 
synthesized to a XC4VFX20-FF672 Virtex IV FPGA with the Xilinx Synthesis Technology 
(XST) tool and placed and route with Foundation ISE 10. Inside the Virtex IV the Anger logic 
(Wong, 2006) is implemented profiting parallelism inherent to operation in order to achieve 
real time performance.  

5. Results 
When the acquisition system is complete, the energy spectrum of the crystal and its decay 
constant are obtained, the pulses shape obtained with the acquisition system for these 
values are presented. Finally the 137Cs source is placed in a corner on the scintillator crystal 
and the energy resolution of the system and the first scintigraphies are obtained. 

The voltage pulses registered caused by radiation from the scintillator crystal are in the 
range of 40 to 400 mVolts, as shown in Fig. 14. By comparing the emission spectrum of 
LYSO crystal is identified that he voltage range (50 to 250 mV) should match to the range of 
the emitted energy in the crystal, which corresponds to wavelengths from 380 to 460 nm 
therefore the system must be calibrated. 

 
Fig. 14. Emission spectrum for the scintillator crystal  

In data acquisition, 15 traces are obtained for each pulse, from these the one appearing in the 
fourteenth position is taken, see Fig. 14. The time in which occurs (140 ns) is known, the 
maximum and the trace value at 140 ns is also known. Using the following equation for 
different voltage pulses the histogram shown in Figure 8 is obtained. 

� � 1
� �� �

����
����� (13)

Vmax is the maximum voltage, v(t) is the voltage measured at t time. The decay constant for 
the crystal is 41,03 ± 9,6 ns. 
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In order to calculate the energy resolution, first a histogram of the emission spectrum of 
137Cs was obtained as can be seen in Fig. 15. It is possible to identify the photopeak and 
using equation (12) the energy resolution is calculated. 

 
Fig. 15. Histogram to determine the decay constant of the scintillator crystal, which resulted 
in 41ns 

The H8500 has PSPMT non-uniformity. It is known that the photomultiplier is pixilated into 
an array of 8×8 pixels. It is expected that each pixel has a different answer to the same power 
source. That is why the different responses of each pixel must be quantified and 
standardized with respect to the greatest response. 

When the resolution of the system for all pixels is calculated, a resolution of 34% is obtained. 
This value is mainly affected by the PSPMT non-uniformity. For this reason the energy 
resolution for a single pixel was obtained, which is 19%. This result is promising because it 
is within the values reported in the literature (Knoll, 2000). 

The image obtained with the LYSO crystal, the source of 137Cs the adquisition block and the 
Virtex IV board can be seen in Fig. 16. The system is operating at a frequency of 322 MHz, 
which will give the system the capability of real time operation. The amount of area used by 

 
Fig. 16. Energy spectrum for the 137Cs source. The value obtained was 19% 
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the implementation is considerably reduced, around 25% of total available in the FPGA; this 
is due to the implemented operations are really simple and performed in parallel. 
Furthermore each processing block is re-used by the data incoming to the architecture. 
Technical data for the FPGA architecture are resumed in Table 2.  

 

 
Fig. 17. Two dimensional output image obtained with the FPGA in a VGA monitor 

Element Specification

FPGA technology 90nm triple-oxide process 

Number of Block RAMs 3 

Number of Slices 53 

Number 4 input LUTs 89 

Clock frequency 322 MHz 

Area Occupancy 25% 

Table 2. Technical data for the FPGA architecture 
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6. Conclusions and future work 
In this paper the implementation of a read out electronics prototype for a gamma camera 
has been presented. The system has successfully included reprogrammable devices in order 
to accelerate a two-dimensional image construction. A board containing a Virtex IV FPGA 
was used for implementation where parallel techniques and an efficient management of 
data and a reduced access to memory were used. The obtained system provides enough 
flexibility for adjustment to new requirements or new algorithms. The main contribution of 
this work consists on validating the use of a FPGA in the image processing stage for a 
nuclear medicine application. 

Nowadays this application is being developed looking for the reconstruction to be 
performed in real time. Based on results obtained for planar images; as future work it is 
proposed the implementation of the filtered back projection algorithm for image 
reconstruction inside the FPGA in order to accelerate it.  

Even though 137Cs is not the most commonly source used in a gamma camera, in the present 
work it was employed due to as future work it is planned to extend the prototype to the 
implementation of a PET system. 
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1. Introduction  
The increased incidence of obesity and well-documented co-morbidities, have lead to the 
recognition that obesity is a public health epidemic (Mann, 1974; Larsson et al., 1984). Excess 
adipose tissue is a high risk factor for cardiovascular and metabolic syndrome (Manson et 
al, 1990). These two diseases both rank high on the list of leading causes of morbidity and 
mortality not only in the developed world but now also in the developing world.. 

The now well established relationship between excess adiposity and disease, has spurred 
obesity research which has been supported both by public institutions and private 
companies. In most of adiposity research, the experiment designs require the assessment of 
the adipose load and the development of the associated biological or medical issues. The 
measurement of fat tissue is a fundamental task. Studies covering both the nature history of 
obesity and the development of obesity associated diseases often require repeated longitude 
measurements during the course of the experiments. This is especially true of protocols 
assessing interventions through outcome analysis. This chapter focuses on the measurement 
of adipose tissue in animal models by micro MRI in combination with an automated method 
for adipose measurement. The emphasis is on the logic, development and application of the 
computational methodology for virtual fat extraction. 

1.1 Adipose imaging technique 

Classic adipose measurements have been based on weight or Body Mass Index (BMI).  
Recently imaging technologies have emerged as powerful tools for refined adipose 
assessment (Zhao et al., 2006; Luu et al., 2009). Imaging can provide not only the size of an 
adipose depot, but also its location. Often this more accurate information is of critical 
importance to the adipose researches.   

For adipose measurement, a variety of imaging techniques have been adopted in both 
human beings and small animals. Computed tomography (CT) is a widely used technique. 
It has the merits of high resolution and low cost. It has been developed in both humans 
(Zhao et al., 2006; Ohshima et al., 2008) and animals (Luu et al., 2009; Lublinsky et al., 2009). 
Compared to CT, Magnetic Resonance Imaging (MRI) (Gray, 1991; Gronemeyer, 2000) has 
advantageous in adipose research. Because MRI is radiation free, it is good for radiation 
sensitive research and desirable for longitudinal studies where the effects of radiation 
would be additive. This is especially true at the high resolution covered here.  
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1.2 Animal model and micro MRI 

Experiments on Human subjects have obvious appropriate limitations. The mouse has 
emerged as the human surrogate in a large body of obesity research. In drug development and 
translational medicine research, preclinical research of animal models plays a significant role. 
Thus, researchers studying adipose tissue and the associated disease processes are actively 
pursuing preclinical studies using mouse models (Bechah et al., 2010; Church et al., 2009).  

Micro MRI (small animal MRI) is a powerful tool for in vivo fat measurement using small 
animal models. As described before, micro MRI can provide quantitative information about 
fat volume as well as depot locations (Ranefall et al., 2009). In adipose research it is often 
important to obtain spatial information related to the mechanism of pathogenesis and 
disease onset. 

1.3 Post processing 

1.3.1 Manual measurement 

Although micro MRI provides a powerful imaging tool, the post processing of the image 
dataset is intense time consuming work for both technicans and experts. Especially, for 
accurate abodomial adipose measurement, 3D volume instead of 2D slices are obtained for 
each animal. Therefore, a typical experiment on a group of mice will generate thousands of 
images requiring adipose measurements. This is an obstacle for high throughput and efficient 
discovery. In order to get the exact adipose region, manual drawing Region of Interests (ROI) 
is usually carried out. In such procedures, the errors and variations are inevitable.   

In the case of manual measurements, intra- and inter-operators' variations result in repeated 
measurements and statistical complexity. Furthermore adipose tissue has irreguar shapes 
and located in various depots throughout the body. Thus expertise are required to detect the 
adipose from the organs in the MRI images. All these factors decrease the accuracy for fat 
measurement.    

1.3.2 Automatic measurement 

Considering the above limitation and complexity added by manual analysis, automated or 
semi-automated techniques are urgently demanded for adipose measurements which can 
relieve the researcher from the tedious operational burdens as well as reduce the operator-
dependent errors.  

In order to accomplish automatic measurement, many tasks have to be considered. 

For fat measurement, the total size and locations of the fat tissues is basic information 
needed. From the imaging and image-processing viewpoint, how to extracting the fat pixels 
from the MR image is the first task. 

This task require matched and optimized imaging protocols and customized algorithms. 
Based on the observation that fat is relative bright in T1 weighted images, the adipose 
tissues are often extracted from the images by applying a threshold to the intensities 
(Ranefall et al., 2009; Sijbers et al.,1998; Chae et al., 2007). To deal with the inhomogenity of 
the MR images due to the inhomogeneitis in the magnatic field, local and adaptive threshold 
methods have been adapted (Sijbers et al.,1998; Chae et al., 2007). Beyond threshold based 
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methods; fuzzy logic methods have been applied. In fuzzy logic, each pixel is assigned a 
fuzzy membership to indicate the probability that the pixel is fat. Then the fat is extracted by 
minimizing the membership function instead of being based solely on a threshold (Positano 
et al., 2004; Positano et al., 2009). More mathematically complex models have been created to 
compensate for the inhomogeneities in the intensity images (Hou, 2006; Vovk et al., 2007). 
But methods based only on intensity are in general limited because other tissues or objects 
in the background exhibit similar intensities and complicate the separation. An exmaple can 
be seen in Figure.1, where the fat and non-fat region are close in intensity. (Tang et al., 2011) 

 
Fig. 1. The similar intensity of fat and non fat pixels in this case in the bladder. (Tang et al., 2011) 

As a result, image acquisition techniques have been proposed to provide better discrimination. 
For example, the water-saturation technique (Dixon et al., 1984;  Reeder et al., 2005; Peng et al., 
2005). However, analogous techniques have not been implemented for small animals at micro 
MRI due to magnetic field inhomogeneities at high field that can lead to artifacts and due to 
the increased difficultly of implementing strictly analogous pulse programs. 

For fat measurement, the location of fat depots has been shown to provide important 
information relevant to disease states. For example, the amount of abdominal visceral fat 
has been shown to be related to hypertension and cardiovascular disease, cerebrovascular 
disease, insulin resistance and type 2 diabetes (Ross et al., 2002; Snijder et al., 2006). Thus, an 
important issue in fat analysis is to assign the fat depot type to associated anatomical 
location, which usually includes the subcutaneous fat and visceral fat. To identify different 
fat depots, one common methods is based on region growing algorithms (Siegel et al., 2007; 
Ranefall et al., 2009), which start from the seed points planted in the different fat depots and 
grow to include nearby pixels with similar intensity into the same group and therefore 
depot. But the region growing method is difficult to apply in thin mouse with scattered fat 
tissues. Automated placement of the seed is still an unmet challenge in most cases. 

In order to separate the visceral and subcutaneous fat, curve deformation methods (Positano 
et al., 2004; Positano et al., 2009; Zhao et al., 2006) have also been reported. These methods 
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deform a curve inwards from skin contour to locate a muscle layer. Because the muscle layer 
lies between the subcutaneous and visceral fat, the different fat depots are separated by 
default. 

1.4 Automatic fat measurement on micro MRI 

Fat measurements using imaging technique have been established in humans (Siegel et al., 
2007; Ohshima et al., 2008) at lower field strengths, fat measurement in mice models using 
micro MRI has not been adequately addressed.  

Here we summarize our fat measurement system using micro MRI. As the schematic 
representation illustrated in Figure 2, the system includes an imaging and post processing 
module. In the imaging module, the mice are subject to a MRI scanning on the abdominal 
region with multiple echo sequence. In the post processing module, fat is first extracted 
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In this chapter, we will describe how we perform the fat measruement in typical mouse 
model of obseity, detailing how to perform the imaging, fat extraction and depot separation. 
Most of the content of this chapter comes from our groups previous and ongoing research 
work (Tang et al., 2010; Tang et al., 2011). For each section, section 2 presents the imaging 
protocol and animal groups for image acquisition; section 3 introduces the fat extraction 
method; section 4 describes the depot separation algorithm. In section 5, the automatic 
results is compared to manual reference for validataion. After that, the conclusion and 
acknowledgement is given in section 6 and section 7 respectively. 

2. Image acquisition 
2.1 Imaging sequence on micro MRI 

The experiments were performed on micro MRI scanner (70/16 Bruker PharmaScan, 
Germany). The field strength of the instrument is 7.05 Tesla and the maximal gradient 
strength is 400mTesla/m.  

To provide adequate signal to noise and coverage, slices were collected with 1mm thickness. 
An optimized Bruker multiple-slice-multiple-echo (MSME) sequence (TR=5300ms, 
TE=12~120ms, 10 echoes) was adopted to get the high signal to noise ratio. The field of view 
was 3*3cm and matrix size was 256*256, in-plane resolution was 117um.  

In the imaging, we focus on the abdominal fat. For this purpose, mice were placed prone in 
a semi cylindrical holder. In previous research (Luu et al., 2009), the abdominal region has 
been defined from L1 to L5 of the spine in the CT images. Because in the MRI, bone 
hypointense is not as easily differentiated as it is in the CT, we define the abdominal region 
in micro MRI using the kidneys as a reference.  Data starts at the slice at the top of the left 
kidney and ends at the end of right kidney.  

2.2 Animal population 

In order to validate the measurement system, the experiments were tested on an animal 
population with 26 wild type C57BL/6 mice. 

There are 4 groups in the mice population with different adipose ratio, which is 
differentiated by feeding strategies. Mice received regular chow or a high fat diet 
respectively. In the regular chow group, mice were placed into 3 litters with different sibling 
numbers that provided different nutritional conditions due to competition or lack of 
competition. The details of animal experiments are listed in Tab.1 including large litter (LL), 
normal litter (NL), small litters (SL) and high fat (HF) groups. (Tang et al., 2011)  
 

Group Mouse num (Male, Female) Feed Little Sibling num 
LL M=6 F=1 Chow LL 12 
NL M=4 F=1 Chow NL 7 
SL M=7 F=2 Chow SL 3 
HF M=2 F=3 High Fat LL,NL,SL 5 

Table 1. Animal population for the experiments  (Tang et al., 2011) 
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3. Adipose extraction  
3.1 Principle 

In the MR image, due to the high proton density, fat tissues usually has relative high 
intensity values. But only intensity information is not sufficient to allow segmentation due 
to complicated mechanisms resulting in high intensities in other organism as well. Therefore 
in the multi-component method, we combine pixel intensity information with transverse 
relaxation time to aid in the automated extraction of the fat tissues. 

The basic idea is illustrated in Figure 3 (Tang et al., 2011). Here the first echo image is 
selected because of its high signal to noise ratio(SNR) compare to other echo images. In the 
first echo image, instead of the explicit threshold, the fuzzy c means (FCM) clustering 
approach (Dunn, 1973) is adopted to classify all pixels into groups. With the cluster image, 
we can first exclude the mouse body from the background by sorting the average intensity 
in each cluster. The cluster with their average intensity less than minimium threshold is 
considered to be background.  

To deal with problem of the non fat tissue with high intensity in the T1 weighted image, the 
T2 parametric image based primarily on relaxation is explicitedly calculated from the 
multiple echo images. Because the T2 value reflects the transverse relaxation time of tissues, 
the T2 parametric image can help to separate the fat and non-fat tissues. An example is 
displayed in Figure 4, where the T2 parametric image exhibits a larger range of statitstially 
distinguishable values and thus aids us in seperating the fat from the non-fat tissues.  

Prior to the fat extraction, an image filter is applied to the image data to reduce the noise 
level. All the technical details are summarized as following. 

 
Fig. 3. The schematic representation of adipose measurement system using micro MRI.(Tang 
et al., 2011) 
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Fig. 4. The fat and non fat tissues in T2 parameter image.(Tang et al., 2011) 

3.2 Image filter 

The pre-processing step is necessary for reducing noise and thus enhance the image in 
specific ways. Filtering technique are often used for this purpose. Most image filters replaces 
the signal of a pixel according to the neighbouring pixels. Filtered image can be regarded as 
a convolution between original image and the kernel. The filter kernel, typically a matrix, 
represents the number of pixels nearby taken into account.  

There are two typical filters including the linear and nonlinear filters used in image 
processing. The linear filter only takes into consideration the relative position in kernel, and 
remains constant throughout the whole image filtering. Nonlinear filters are relative to the 
target pixel and the coefficients are calculated as a function of local variations of the signal 
(Bonnya et al., 2003). For example, in the linear filter class, average and Gaussian filers are 
often used. Among the nonlinear filters, the median filter is popular. A selective blurring 
filter (Wang et al., 1981) is often used, which emphases the pixels with similar intensity to 
the target pixel. A bilateral filter (Tomasi&Manduchi, 1998) is an edge preserving technique 
proposed recently and has been widely used in image processing. In comparison to the 
selective blurring filter, not only the intensity similarity but also the spatial similarity is 
taken into account. 

In this section, we try to give some examples of common filters for the adipose image and 
finally choose the bilateral filter for our system. Figure 5. shows the different results from 
both linear and nonlinear filters. For better insight, an amplified region of the whole image 
was displayed.  
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Fig. 5. The image of adipose tissue after the application of common image filters. (Tang et 
al., 2010) 

3.3 Cluster image 

Clustering is an important technique for image analysis, which can sort all the pixels in the 
image into different clusters according to their similarities. In our measurement system, the 
fuzzy c means (FCM) clustering approach (Dunn et al., 1973 ) was adopted to classify all pixels 
into groups and produce the cluster images. In this clustering, as shown in Figure 3 , the first 
echo image was chosen because of its relatively high SNR compared to later echo images. 

In clustering, the cluster number is an important parameter. In the previous research 
(Positano et al., 2004; Positano et al., 2009; Ranefall et al., 2009), the cluster number was 
usually defined to be three, corresponding to background, fat and muscles. Nevertheless, in 
the real anatomy, more organs and tissues are included in the MR image. Three clusters do 
not well describe the discrepancies between different tissues. We found that increasing the 
cluster number was necessary to more accurately describe the full data. The fat tissue may 
display in multiple clusters and it becomes difficult to correctly select the appropriate 
cluster using intensity-only images. In our method, the clusters are recognized by their T2 
values, which allowed us to increase the number of clusters.  

3.4 T2 time 

Transverse relaxation time (T2) is an important clue for adipose extraction in our system. To 
accurately measure the T2 time for each pixel of the parametric image, a curve is fitted to the 
decay of intensity with increasing TE (Vander et al., 2000). For the fitting of fat data, we used 
the weighted least square method with baseline subtraction and least point requirement. 
The fitting model and comparison of the fitting methods are described as follow. 
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3.4.1 Fitting model 

The transverse relaxation time measurement of fat appears to satisfy a mono-exponential 
physical model known as: (Sijbers et al., 1998) 

 Si(S0,T2)=S0*exp(-Tei/T2) (1) 

with Tei=i*te and S0 is the pseudo-proton density, which is relative to the true proton 
density, T1 value and receiver coil response. 

3.4.2 Fitting methods 

T2 value can be calculated by fitting the experimental data to above model in equation (1). 
To accomplish the fitting, a fitting method should be adopted. Here we have a comparison 
of the least square and weighted square method.  

A least square method (LS) is the common way of fitting the curve, which consists in 
minimizing the quadratic distance between the fitted curve and the curve represented by 
the raw data.  
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Where Ii is the scanned intensity of intensity images in ith echo. 

Weighted least square method (WLS) takes other factors into account using the weight with 
merit function:  
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Where wi, the weight of ith point, should represent the confidence of the signal. As the low 
intensity signals are more likely to be noise and according have less certainty, here wi was 
simply set as proportion to the intensity. 

In figure 6, the calculated T2 and S0 in fitting model are compared using both least square 
and weighted least square methods. We can see that weighted least square method presents 
a more consist result compared to least square method. Therefore, we adopted the weighted 
least square method in our system.  

3.5 Adipose separation 

With T2 reference, the fat regions are extracted in the cluster image by comparing the 
clusters' similarities in T2 values. In order to take T2 into account, the average T2 values are 
calculated for each cluster. A similarity threshold Ts is defined:  

 Ts=|T2cluster-T2fat|/T2fat (4) 

Here the T2cluster is the average T2 value in each cluster from non-empty pixels and T2fat is 
the T2 value of fat.   
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Fig. 6. Comparison of Methods for T2 fitting in the MR images(Tang et al., 2010) 

Because the T2 value is related to the magnetic field strength, we suggest that the fat T2 
could be defined by drawing a ROI in the known fat region or based on phantoms using the 
exact same imaging acquisition protocol and instrument.  

The similarity threshold in Equation (4) defines a T2 range. The clusters with T2 value in the 
defined range are considered as fat tissues. Because the T2 values of fat and non-fat tissues 
are generally distinguishable, a reasonable threshold can be found for each specific 
application. 

Instead of the threshold, a more complicate strategy can also be designed using a confidence 
image. More details can be found in our previous work (Tang et al., 2010).  
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4. Depot recognition  
The definition of fat depots distribution and volume plays a great role in disease studies. In 
this study, we present a method to analysis the total adipose tissue (TAT), which employee 
a knowledge-based framework to separate the subcutaneous adipose tissue (SAT) from the 
visceral adipose tissue(VAT). 

4.1 Principle 

The basic procedures of depot separation are illustrated in Figure 7. Before the knowledge is 
applied, a morphological operation is performed to decompose the fat tissues. Then the 
unconnected parts are labelled and a knowledge-based method is adopted to recognize each 
object to be different depots. 

 
 

Fig. 7. The procedures of the depot recognition (Tang et al., 2011) 

4.2 Decomposition 

In the extracted fat image, the subcutaneous adipose tissues and visceral adipose tissues 
sometimes are accidently connected, which will complicate the depot recognition in further 
processing. Here a morphological opening operation (Gonzalez & Woods, 1992) is employed 
to decompose the adjoining parts. The morphological opening is composed by erosion and 
then dilation operations respectively. In our application, because some slim sections are 
erased by opening operation as well, the erased sections from pre- and post-morphological 
operation are saved for later placement into the mostly probable depot. 

4.3 Knowledge based recognition 

After decomposition, unconnected fat tissues are labelled as individual regions. To sort 
these individual regions into their likely respective fat depots, we employ a knowledge- 
based framework. Considering the variance of each feature, the descriptors are expressed by 
fuzzy logical (Zadeh, 1965). In the fuzzy set, each feature is assigned a grade of membership 
between 0 and 1. Using the fuzzy set to present the probability of belonging to different 
depots allows the anatomical variance to be contained in our system.  
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4.4 Parameters 

Four parameters were adopted which contained the a priori knowledge of anatomical 
features. The parameters are described below and displayed in Figure. 8. (Tang et al., 
2011) 

4.4.1 Parameter 1: Orientation 

Previous research indicates that the abdominal fat in mice tends to accumulate in a bilateral 
pattern (Calderan et al., 2006). Taking advantage of this a priori information, we 
implemented an orientation parameter dividing the body into bilateral regions and 
dorsal/ventral regions (Figure 9). The orientation parameter for each individual region in a 
polar system with its origin located at the geometrical centroid of the body area is as the 
mean of the maximum and minimum angles.  

Orientation=(maximum angle + minimum angle)/2 

4.4.2 Parameter 2: Minimum distance 

We define the feature of location, for each pixel inside the body area, which represents its 
distance to the nearest body contour. As Figure. 9 shows, a distance map is displayed for the 
inside the body area with the intensity corresponding to the distance. For example, the 
bright pixel near the centroid denotes a long distance to the body contour. The minimum 
distance parameter describes how close the outer edge of the fat region is to the body 
surface and is defined as the minimum value of the distance map in an individual region. 
This parameter is important for distinguishing the subcutaneous from visceral fat.  

4.4.3 Parameter 3: Maximum distance 

Similar to minimum distance, maximum distance is used to express the location feature that 
describes how far the fat tissues are away from the body surface. It is defined as the 
maximum value of the distance map in an individual region.  Both minimum distance and 
maximum distance have three membership functions defining a confidence score for small, 
medium and large distance. Taking into consideration the observed regional variances 
(Calderan et al., 2006), different strategies are used in the bilateral and dorsal/ventral 
regions.  

4.4.4 Parameter 4: Elongatedness 

Elongatedness describes the shape of the object. Derived from empirical observations, in the 
band-like region near the body surface, the subcutaneous fat segments are usually slender 
along the surface; therefore a priori shape information is exploited in a location feature. An 
elongatedness parameter is defined to be the ratio of the length to thickness. 

Elongatedness=length/thickness 

Where (length=maximum angle-minimum angle) and (thickness=maximum distance-
minimum distance). 
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Fig. 8. The description of the parameters. (Tang et al., 2011) 

 
Fig. 9. The bilateral region and dorsal/ventral region. (Tang et al., 2011) 
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Similar to minimum distance, maximum distance is used to express the location feature that 
describes how far the fat tissues are away from the body surface. It is defined as the 
maximum value of the distance map in an individual region.  Both minimum distance and 
maximum distance have three membership functions defining a confidence score for small, 
medium and large distance. Taking into consideration the observed regional variances 
(Calderan et al., 2006), different strategies are used in the bilateral and dorsal/ventral 
regions.  

4.4.4 Parameter 4: Elongatedness 

Elongatedness describes the shape of the object. Derived from empirical observations, in the 
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along the surface; therefore a priori shape information is exploited in a location feature. An 
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Elongatedness=length/thickness 

Where (length=maximum angle-minimum angle) and (thickness=maximum distance-
minimum distance). 
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Fig. 8. The description of the parameters. (Tang et al., 2011) 

 
Fig. 9. The bilateral region and dorsal/ventral region. (Tang et al., 2011) 
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4.5 Inference rules 

Utilizing the defined parameters, the depot can be recognized by classical If-Then rules and 
a min-max fuzzy inference scheme. Tissues are assigned to either the bilateral region or 
dorsal/ventral region (Fig.9) according to their orientations. Then three rules are employed 
to distinguish the depots: 

Rule1: If maximum distance is small, then it is subcutaneous fat.  
Rule2: If minimum distance OR maximum distance is large, then it is visceral fat. 
Rule3: If minimum distance is small AND maximum distance is medium AND shape is 
elongated, then it is subcutaneous fat. 

With defined rules, the min-max fuzzy inference scheme will automatically calculate the 
weights for each rule and assign the depot type in term of the weighted centroid (Zadeh, 1965).   

5. Validation  
To validate the measurement performed by the automatic process, we compared the 
automated results to the manual results from multiple observers. 

5.1 Manual reference 

In order to take inter-operator variations into account, two independent technicians 
performed the manual segmentations using a customized software tool developed in 
Matlab. In the software, two basic functions were provided including threshold and ROI 
analysis. The technicians first select the fat regions by adjusting a threshold. Then multiple 
manual ROI operations were performed to add or delete the fat regions based on the users 
experience. The total segmented fat is TAT. To segment the subcutaneous and visceral fat, 
operators carefully delineated a contour between these two depots. Finally, the fat inside the 
contour is considered as VAT and the rest of the fat is SAT.  

5.2 Quantification results 

The first comparison is for the segmented adipose size, which were performed in TAT, VAT 
and SAT respectively for all mice. A linear regression with 95% confidence (P<0.001) was 
calculated for each comparison. For the first manual result, the R2 for TAT is 0.953 with the 
regression function y=1.088x+0.4407; R2 for VAT is 0.9627 with the regression function 
y=1.058x+1.769; R2 for SAT is 0.8221 with the regression function y=1.042x+0.8719.  For the 
second manual result, the R2 for TAT is 0.912 with the regression function y=1.009x+6.583; 
R2 for VAT is 0.9154 with the regression function y=0.9889x+6.924; R2 for SAT is 0.8986 with 
the regression function y=1.037x+0.3821. The agreement in the R2 value denotes the linear 
relationship between the automatic and manual results, and the concordance in the slope of 
the function provides confidence that the relationship will hold true in a variety of 
conditions. The agreement between the automatic results and manual results is comparable 
to the difference between correlation coefficients of the two manual results, which for TAT: 
R2=0.9514, VAT: R2=0.9195 and SAT: R2=0.8767.  

A second comparison was performed to evaluate the voxel-by-voxel overlap of the 
segmented TAT, SAT and VAT respectively. To qualify these spatial similarities, we 
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adopted the dice coefficient, which is customarily used to compare the segmentation results 
in medical imaging.   

As Equation 5 shows, the Dice Coefficient (DC) describes the average ratio of the 
intersection between the results (R1) and results (R2). For example, a complete overlap of 
the segment results will make the DC to be 1.  

 1 2

1 2

2 R R
DC

R R



  (5) 

We calculated the DC in the 26 mice for TAT, VAT and SAT respectively. The average value 
between automatic result and two manual results are for TAT: DC=0.8839, for VAT:DC= 
0.8795 and for SAT:DC=0.873. The detailed statistic DC value (mean value ± standard 
deviation) for each result is displayed in Table 2. (Tang et al., 2011) 

 
 

DC TAT VAT SAT 

A vs. M1 0.9087±0.0438 0.8999±0.0467 0.8783±0.0546 

A vs. M2 0.8591±0.0558 0.840±0.0634 0.8677±0.0435 

M1 Vs.M2 0.8846±0.052 0.8717±0.0598 0.8847±0.0491 

Table 2. Dice Coefficient (DC) of automatic (A), first manual result (M1) and second manual 
result (M2). (Tang et al., 2011) 

6. Conclusion  
In this chapter, we introduce a adipose measurement system for small animal using micro 
MRI. We have presented the imaging protocol and technical detail of the post-processing 
methodology. The parameters are well defined yet adjustable and tuneable to new 
applications. By decreasing the amount of manual operation needed, we hope this technique 
can reduce the threshold for obesity researchers to use MRI in their research. 
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1. Introduction

1.1 Motivation

Highly complex microarray systems based on combinatorial synthesis techniques are in
wide-spread use in biological, medical and pharmaceutical research Chee et al. (1996); Cretich
et al. (2006); Debouck & Goodfellow (1999). Two prominent examples are micro arrays for
the artificial synthesis of arbitrary DNA sequences out of nucleic acids Heller (2002) and
peptide synthesis out of amino acids Beyer et al. (2007); Templin et al. (2003). In the case
of DNA arrays, these experiments mostly focus on gene identification or gene expression
profiling to determine the effects of single genes on cellular evolution. Peptide arrays aim
at understanding interactions of peptides with other molecules. As sequences in proteins,
peptides are involved in the regularisation of biological activity.

Since a large number of combinations that build a valid molecule chain is possible, both
micro array variants require high densities in the range of 10,000 cDNAs or peptides per
cm2. Density and size of the synthesis sites are the critical parameter for such systems,
since they limit the number of molecule sorts synthesized per array. Using the micro array
in experiments of bio-medical research or in clinical diagnostics means bringing the array in
touch with target molecules. Hence, the decreasing size of the synthesis sites, also reduces the
amount of target molecules required (i.e. proteins or antibodies), which may be expensive or
hard to obtain.

With increasing array complexity, the need for an automated read-out of the results and
structuring of the acquired information arises because manual evaluation is tedious and often
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acquisition and image processing based evaluation can be used. While the concept of DNA
arrays includes image processing in many ways Angulo & Serra (2003); Bajcsy (2005); Brown
et al. (2001), querying the literature yields only a few image processing supported peptide
array experiments. In most cases, mass spectrometry data is analysed by means of pattern
matching in order to identify peptide sequences for quality analysis Gusev et al. (1993).

Yet, up to now, all image processing tasks have only been used in the evaluation step of the
array experiment or as a post-processing routine to compensate for irregularities in the quality
of the array Wang et al. (2001), but not during array production itself. Contrary to that,
we propose a destruction free quality control system based on image acquisition and image
processing that is capable of monitoring the peptide array production process to improve
the quality of the array with respect to the density of correctly assembled peptides. While
post-processing may not always restore the information content of defective synthesis sites,
our method detects insufficiencies and errors when they occur, so that subsequent corrections
lead to fully functional arrays.

1.2 Outline of the chapter

Section 2 starts with describing the process of peptide synthesis before Section 3 gives an
overview of state-of-the-art quality controls that are currently performed in each synthesis
step. Section 4 then introduces our new quality control system from the design of the image
acquisition setup over full automation to experiments that demonstrate the functionality.
Subsequently, Section 5 deals with further applications as well as extensions and modifications
of the quality control system that are planned for future research. The conclusion in Section 6
summarises the results gained and discusses the assets and drawbacks of the method.

2. Particle based solid phase peptide synthesis

Since the first peptide synthesis in 1882 by T. Curtius, peptides can be artificially produced
by several methods, all basing on the principle of selectively concatenating amino acids of
different kinds to create the desired peptides. The most common methods are liquid phase
synthesis and solid phase synthesis. The former assumes that peptides are synthesised in
solution (i.e. the growing peptides are free to move within the liquid), while the latter requires
a solid support with fixed coupling sites to which the first amino acids can couple, so that the
growing peptides are bound to their synthesis sites. By design, solid phase peptide synthesis
surpasses the method based on liquids in the percentage of correctly assembled peptides as
separation and purification of the desired peptide sequences are easier to perform.

Using a solid support, the medium that transports the amino acids to the growing peptides has
to be determined. Selecting liquids as transport medium is a commonly used standard Fodor
et al. (1991); Volkmer (2009). Nevertheless, it bears some disadvantages: First of all, the form
and extension of a liquid drop on a support is hard to control. This means that synthesis spots
for different peptides must be positioned on the support in a distance far enough that drops
to build different peptides cannot overlap accidentally. Furthermore, there is a minimum size
of the drops below which the drop evaporates before it can reach the surface and, at last, there
is no control over the amino acids in the drop as they couple to the growing peptide upon
contact to the support. This means that incorrectly deposited drops will immediately lead to
incorrectly assembled peptides at that spot. In order to overcome these disadvantages, we
developed a particle based transport Beyer et al. (2007) that embeds the amino acids in micro
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particles. Thus, the coupling of the amino acids to the growing peptides is initiated after
heating. Along with this new form of transport, the glass slide as solid support was replaced
by a CMOS chip König et al. (2010) which facilitates this method of transport as described
below.

Hence, our particle based solid phase peptide synthesis consists of the following four
processing steps which are also depicted in Figure 1:

1. Programming of the chip
Having equipped the CMOS chip with a chemical surface activation that provides the first
coupling sites Stadler et al. (2007), the peptide synthesis can start. On the CMOS chip, each
synthesis site is represented by an electrode that can be set up to a positive voltage of 100V.
In the first step, all electrodes that are supposed to receive the same sort of amino acids are
set to high voltage (usually 100V). All other electrodes are set to 0V, i.e. switched off.

2. Particle deposition
Then, the particles that contain this kind of amino acids are deposited onto the chip: in a
special deposition apparatus Wagner et al. (2011), the particles are negatively charged,
so that they are guided to their synthesis sites by the electrical field generated by the
electrodes, as also described in Löffler et al. (2011).
After successful deposition of the first kind of amino acids, the chip is reprogrammed for
the second kind and particle deposition is repeated using particles containing the second
kind of amino acids.

3. Coupling of amino acids
When each electrode is covered with particles, i.e. an entire layer in the peptide synthesis
is completed, the chip is heated in an oven until the particles become gel-like. This initiates
the coupling of the amino acids contained therein to the coupling sites on the surface
activation of the chip.

4. Chemical washing
To prepare the chip for the next layer of amino acids, chemical washing steps provide
capping for those coupling sites that did not receive an amino acid, discard the remnants
of the particles and activate the freshly deposited amino acids as coupling sites for
subsequent depositions.
Repeating the entire procedure, the amino acids are concatenated layer after layer, until
the growing peptides reach their final length.

Fig. 1. Left to right: Solid phase peptide synthesis on CMOS chips: Negatively charged micro
particles containing amino acids are guided to their synthesis sites by the selectively
programmable electric fields of the CMOS chip, particles containing one specific sort of
amino acids are deposited, particles containing all sorts of amino acids for the first layer of
the peptide array are deposited, heating initiates the coupling of the first layer of amino acids
to the surface, remnants of particles and excess amino acids are discarded in chemical
washing, repeating this procedure leads to a complete peptide array (From Beyer et al.
(2007). Reprinted with permission from AAAS.)
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surpasses the method based on liquids in the percentage of correctly assembled peptides as
separation and purification of the desired peptide sequences are easier to perform.
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et al. (1991); Volkmer (2009). Nevertheless, it bears some disadvantages: First of all, the form
and extension of a liquid drop on a support is hard to control. This means that synthesis spots
for different peptides must be positioned on the support in a distance far enough that drops
to build different peptides cannot overlap accidentally. Furthermore, there is a minimum size
of the drops below which the drop evaporates before it can reach the surface and, at last, there
is no control over the amino acids in the drop as they couple to the growing peptide upon
contact to the support. This means that incorrectly deposited drops will immediately lead to
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particles. Thus, the coupling of the amino acids to the growing peptides is initiated after
heating. Along with this new form of transport, the glass slide as solid support was replaced
by a CMOS chip König et al. (2010) which facilitates this method of transport as described
below.

Hence, our particle based solid phase peptide synthesis consists of the following four
processing steps which are also depicted in Figure 1:

1. Programming of the chip
Having equipped the CMOS chip with a chemical surface activation that provides the first
coupling sites Stadler et al. (2007), the peptide synthesis can start. On the CMOS chip, each
synthesis site is represented by an electrode that can be set up to a positive voltage of 100V.
In the first step, all electrodes that are supposed to receive the same sort of amino acids are
set to high voltage (usually 100V). All other electrodes are set to 0V, i.e. switched off.

2. Particle deposition
Then, the particles that contain this kind of amino acids are deposited onto the chip: in a
special deposition apparatus Wagner et al. (2011), the particles are negatively charged,
so that they are guided to their synthesis sites by the electrical field generated by the
electrodes, as also described in Löffler et al. (2011).
After successful deposition of the first kind of amino acids, the chip is reprogrammed for
the second kind and particle deposition is repeated using particles containing the second
kind of amino acids.

3. Coupling of amino acids
When each electrode is covered with particles, i.e. an entire layer in the peptide synthesis
is completed, the chip is heated in an oven until the particles become gel-like. This initiates
the coupling of the amino acids contained therein to the coupling sites on the surface
activation of the chip.

4. Chemical washing
To prepare the chip for the next layer of amino acids, chemical washing steps provide
capping for those coupling sites that did not receive an amino acid, discard the remnants
of the particles and activate the freshly deposited amino acids as coupling sites for
subsequent depositions.
Repeating the entire procedure, the amino acids are concatenated layer after layer, until
the growing peptides reach their final length.

Fig. 1. Left to right: Solid phase peptide synthesis on CMOS chips: Negatively charged micro
particles containing amino acids are guided to their synthesis sites by the selectively
programmable electric fields of the CMOS chip, particles containing one specific sort of
amino acids are deposited, particles containing all sorts of amino acids for the first layer of
the peptide array are deposited, heating initiates the coupling of the first layer of amino acids
to the surface, remnants of particles and excess amino acids are discarded in chemical
washing, repeating this procedure leads to a complete peptide array (From Beyer et al.
(2007). Reprinted with permission from AAAS.)
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3. Related work on state-of-the-art quality control for peptide synthesis

Quality checks on each step of the peptide synthesis process are regularly performed. The
size of the particles can be measured by means of a Malvern Mastersizer and their form
by raster electron microscopy. The percentages of the particle contents are monitored by
high-performance liquid chromatorgraphy (HPLC) to ensure that there is an excess of amino
acids compared to the coupling sites available on the chip surface.

The deposition quality is checked by experts that investigate the spots on the support under
a light microscope to find contaminations and to determine whether enough particles are
deposited on each synthesis spot to guarantee a good coupling efficiency. If the spots are
homogenously covered with particles, the experts assume that this deposition will result
in a good coupling efficiency, having already achieved good synthesis results with such
depositions, as demonstrated in Beyer et al. (2007); König et al. (2010).

The coupling efficiency itself can be estimated in the chemical washing step, when the freshly
coupled amino acids are prepared to be the coupling sites for the next layer of amino acids.
Then, protection groups (Fmoc groups) are removed from the amino acid that has just coupled
to the growing peptide. The reaction product of the Fmoc group with the washing solution
absorbs UV-light, so that UV spectrometry of the solution yields an estimate of coupled amino
acids on the entire support. Yet, this gives no information about the number of coupled amino
acids per synthesis spot, only averaged over the entire array. Furthermore, experiments with
UV-spectrometry showed high error rates that originated from the fact that the measurements
were at the detection limit of the spectrometer. Hence, at this degree of miniaturisation,
the amount of reagents already becomes to small to be measured with standard chemical
detection reactions.

After termination of the entire process, a selective antibody with a fluorescing molecule
on top can be coupled to each peptide to measure the fluorescence signal as evidence for
a correct synthesis. Furthermore, there is the possibility to perform a mass spectrometric
analysis to investigate the synthesis quality of the assembled peptides. Both reactions are
performed routinely Beyer et al. (2007) and are also standard for other types of peptide
synthesis Roepstorff (2000). However, as the UV-spectrometry, these measurements are not
spatially resolved, i.e. they only provide results for the entire support.

4. Quality control through image acquisition and processing

4.1 Motivation and outline

As discussed in Section 3, the standard quality analysis methods to determine the amount
of coupled amino acids or the density of assembled peptides do not yield information about
single synthesis spots but only for the entire array. In order to overcome this shortcoming,
we developed a quality analysis setup that allows to evaluate single synthesis sites. The
method is based on the correlation of two image acquisitions, namely, relating the image of a
particle deposition with the respective image of coupled amino acids subsequently acquired
by surface analysis, as described further below.

But before the correlation can be established, an image acquisition setup has to be assembled,
as described in Section 4.2. Then, we set up a model for particle deposition using the image
acquisition setup to compare the theoretical results with experimental tests. As discussed in
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Section 4.3, this leads to improvements in the deposition step. Thus, having a tool for particle
deposition analysis, Section 4.4 focuses on finding a suitable surface analysis technique that
can image the chip surface retrieving signals from coupled amino acids with a resolution
below the size of a synthesis spot (i.e. 100μm for the latest chip generation). Since the chosen
surface analysis technique, time of flight secondary ion mass spectrometry (TOF-SIMS),
destroys the surface during analysis, it cannot be included as quality analysis routine in the
peptide array production process. Therefore, the particles deposited on the synthesis spot and
the signals from the coupled amino acids in TOF-SIMS imaging have to be correlated to obtain
a destruction free quality analysis. In Section 4.5, we define a quality measure based on this
correlation that is capable of estimating the quality of single synthesis sites by examining the
deposition image. Using this quality measure, we implemented an automated quality control,
as described in Section 4.6, that reliably decides whether the density of coupled amino acids
is sufficient to yield a predefined density of correctly assembled peptides or not and conveys
this message to the peptide array production automaton that can react to the result.

4.2 Image acquisition setup for particle deposition

An image acquisition setup for particle deposition analysis should fulfil the following
requirements in order to be suitable for quality analysis:

• The resolution of the entire setup (objective and camera) should be able to resolve the
average diameter of the micro particles. Hence, the resolution should be in the range of
1-2μm Wagner et al. (2011).

• The optical imaging should be contactless, without interference of additional material, as
for instance, oil immersion.

• If only a chip detail can be photographed, it should contain a satisfactory amount
of synthesis sites to obtain a quality analysis evaluation that is representative for the
entire chip. Since the experiments in this section are performed without an automated
framework, chip details containing 100-160 synthesis sites, i.e. about 1% of the total amount
of spots are photographed, as manual control samples showed that this amount already
represents the entire chip well.

• The setup should be robust in handling so that all images are taken under comparable
conditions, including a uniform illumination of the chip. To monitor the exact deposition
for several amino acids, an alignment of the chip is also necessary. Yet, for retrieving a
quality evaluation per synthesis site, aligning the images is not required.

Taking into account these requirements, we assembled an image acquisition setup consisting
of a conventional inverted light microscope, a Zeiss Axiovert 35, a 10x/0.25 objective, a
TV-adaptation of magnification 0.63, and a Progres C5 camera, as shown in Figure 2 on the
left. The right hand side of Figure 2 shows a typical image taken from a particle deposition in
which particles are depicted in white on the dark grey synthesis sites which are separated by
a grid in brown.

4.3 Image processing supported deposition modelling

The image acquisition setup as assembled in Section 4.2 is used to take photos of particle
depositions. Thereby, it was noticed that the deposition quality decisively depends on the
programmed deposition pattern Löffler et al. (2011). Figure 3 shows some examples: the
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Fig. 2. Left: Image acquisition setup to monitor the particle deposition: Zeiss Axiovert 35,
10x/0.25 objective, TV-adaptation with magnification 0.63 and Progres C5 camera Right:
Typical particle deposition image: particles (white), synthesis sites (dark grey), grid for
separation of synthesis sites (brown)

pincushion effect on the top of the K, the central vertical line-like deposition in the I and the
central horizontal line-like deposition in the P.

Fig. 3. The quality of the deposition decisively depends on the programmed pattern, the
image shows the pincushion effect on the top of the K, the central vertical line-like deposition
in the I and the central horizontal line-like deposition in the P

The effects could be explained by modelling the deposition process as a two-phase flow,
with air as transport phase that carries the particles, subject to the boundary conditions in
the deposition apparatus and the electrical field in front of the chip. Based on this model,
particle deposition simulations were performed whose results correlated well with the effects
observed in the images of actual depositions Wagner et al. (2011).

As a result, particle deposition patterns were modified such that undesired artefacts like the
pincushion effect do not occur. This is achieved by splitting the deposition pattern into several
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deposition steps for the same kind of amino acids, yielding high quality depositions as shown
in Figure 2 on the right.

4.4 Spatially resolved image acquisition and processing of chemical surface analysis

As outlined in Section 3, chemical detection reactions are less precise and on the verge of the
detection limit. This is not only the case for the Fmoc detection as described in Section 3, but
also for the Bromophenol blue reaction, which is a standard reagent to visualise amino groups.

Hence, surface analysis techniques as listed in Table 1 are considered. The decisive parameters
of the methods are the detection range, their analytical spot size and the profile depth.
Requiring an analytical spot size in the range of 1 to 10μm, time of flight secondary ion

method detection range lateral resolution profile depth
AES 1020 atoms/cm3 1nm – 10nm < 10nm
AFM 1 atom/cm3 100pm – 50pm uppermost atom layer

TOF-SIMS 1015 atoms/cm3 100nm – 50μm < 3nm
XPS 1019 atoms/cm3 10μm – 1mm < 10nm

Table 1. Surface analysis techniques that may be able to resolve the density of amino acids on
the chip surface: Auger electron spectroscopy (AES), atomic force microscopy (AFM),
time-of-flight secondary ion mass spectrometry (TOF-SIMS), X-ray photoelectron
spectroscopy (XPS)

mass spectrometry (TOF-SIMS) seems to be the best option. First of all it can detect down
to 1015 atoms per cm3, which should be sufficient to detect amino acids at the coupling sites
on the surface because the surface density of coupling sites was determined to be in the
range of 1016 per cm2 Schirwitz et al. (2009). Secondly, its profile depth is small enough to
analyse the uppermost layer of the surface only. Intruding deeper into the surface, artefacts
from the chemical surface activation or even from the chip might obscure the signal actually
coming from the amino acids at the top of the growing peptide. This excludes techniques as,
for instance, X-ray photoelectron spectroscopy (XPS) or Auger electron spectroscopy (AES).
Scanning probe microscopy methods (SPM), as atomic force microscopy (AFM), could also
be considered due to their shallow profile depth and their capability of analysing spot sizes
far less than 10μm. Yet, inherent to its functional principle, AFM cannot yield a good spatial
resolution for the observation of single amino acids coupled to the surface, as the growing
peptide is free to move vertically, leading to distorted images. Not shown in Table 1, spatially
resolved matrix-assisted laser deposition/ ionisation (MALDI) could also be considered. Yet,
this method is excluded again, as the minimum spot size analysable is 20μm.

The TOF-SIMS method is thus selected as method of choice, further encouraged by literature,
demonstrating that single molecule detection, especially amino acid detection is possible with
this method, for example in Aoyagi et al. (2008) or Hagenhoff (2000). Furthermore, it is
possible to chemically characterise self-assembled monolayers (SAMs) by means of TOF-SIMS
Graham & Ratner (1994), which can become important for peptide synthesis on CMOS chips
as well, since SAMs are currently being established as chemically active surface coating.
Knowing the TOF-SIMS fingerprint of the surface, it is easier to filter out the signals from
the amino acids thereon.

The imaging of TOF-SIMS measurements works as depicted in Figure 4. The surface of
the sample to be analysed is exposed to a pulsed beam of primary ions (usually gallium,
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Fig. 2. Left: Image acquisition setup to monitor the particle deposition: Zeiss Axiovert 35,
10x/0.25 objective, TV-adaptation with magnification 0.63 and Progres C5 camera Right:
Typical particle deposition image: particles (white), synthesis sites (dark grey), grid for
separation of synthesis sites (brown)

pincushion effect on the top of the K, the central vertical line-like deposition in the I and the
central horizontal line-like deposition in the P.
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image shows the pincushion effect on the top of the K, the central vertical line-like deposition
in the I and the central horizontal line-like deposition in the P

The effects could be explained by modelling the deposition process as a two-phase flow,
with air as transport phase that carries the particles, subject to the boundary conditions in
the deposition apparatus and the electrical field in front of the chip. Based on this model,
particle deposition simulations were performed whose results correlated well with the effects
observed in the images of actual depositions Wagner et al. (2011).

As a result, particle deposition patterns were modified such that undesired artefacts like the
pincushion effect do not occur. This is achieved by splitting the deposition pattern into several

60 Advanced Image Acquisition, Processing Techniques and Applications Image Processing Quality Analysis for Particle Based Peptide Array Production on a Microchip 7

deposition steps for the same kind of amino acids, yielding high quality depositions as shown
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as well, since SAMs are currently being established as chemically active surface coating.
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The imaging of TOF-SIMS measurements works as depicted in Figure 4. The surface of
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bismuth or noble gas ions). The secondary ions that are dissolved from the surface of the
sample by the primary ions are accelerated according to their charge and enter a time-of-flight
mass spectrometer in which they are separated according to their mass. This procedure is
performed as a scan over the entire surface, so that a spatially resolved image of the detected
mass distribution is created. The difficulty of recognising the amino acids among all other

Fig. 4. TOF-SIMS: The sample is exposed to a pulsed beam of primary ions to dissolve
secondary ions from the sample surface. The latter enter a time-of-flight mass spectrometer
in which they are separated by their mass. Performing the procedure as a scan over the entire
surface, a spatially resolved mass distribution is created

signals lies in the fact that, depending on the energy of the primary beam, the fragments
ionised out of the sample surface can consist of any sequence of molecules that occurs in the
sample.

For the TOF-SIMS imaging, an analysis chip with a test pattern containing three amino
acids (proline, tryptophan and arginine) was created. The chip surface was chemically
activated with coupling sites, the amino acids were deposited and the chemical washing steps
performed, so that the imaging should yield signals from coupled amino acids on the surface.
The measurements were then performed, using Bi+3 ions, producing images with a resolution
of 128 × 128 pixels, i.e. one pixel corresponds to 3.91μm on a synthesis site.

Figure 5 shows the results: on the left hand side, the total ion rate indicates that all synthesis
sites were homogeneously exposed to the ion beam, the centre image shows the most
prominent scattered fragment from tryptophan (C9H8N), while the potassium signals on the
right hand side clearly show the grid that separates the synthesis sites. The latter originates
from the fact that the chemical surface activation is broken at the grid and thus confined to
the synthesis spots, which was also an important observation discovered in the TOF-SIMS
imaging. Hence, as the images show, the signal of the coupled amino acids is clearly visible
despite the low signal to noise ratio of 2:1. Furthermore, signals from silicone oils were
detected, originating from insufficiencies in the washing process when removing the particle
remnants, so that this step could also be improved due to TOF-SIMS imaging results.

4.5 Destruction free quality control

4.5.1 Correlation between particle deposition and TOF-SIMS imaging

Having accomplished the imaging of coupled amino acids, it is possible to test the validity of
the following experts’ assumptions:
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Fig. 5. TOF-SIMS images: Left: total ion image Centre: tryptophan signal with signal to noise
ratio 2:1 Right: potassium signal indicating that the surface activation is confined to the spots

• A coverage with particles means that amino acids will couple to the surface underneath,
i.e. a particle deposition on the synthesis sites automatically implies the coupling of amino
acids there.

• During coupling, the melt of the particles flows isotropically into areas on the spot where
no particles were deposited. The amino acids contained therein couple in those areas that
the melt reaches.

• The particle depositions for each amino acid per layer must be performed twice to obtain
the desired density of coupled amino acids.

To verify these assumptions, the correlation of the particle deposition images obtained with
the image acquisition setup described in Section 4.2 with the TOF-SIMS images shown in
Section 4.4 is performed by means of image processing.

First, both images are converted to greyscale. Then, the TOF-SIMS images are enlarged by
Lanczos-2-kernel for optimal interpolation to match the size of the deposition images.

Subsequently, the two images are manually aligned and matched. Due to the low contrast in
the grid regions of the tryptophan image, the image containing the potassium signal is used
to match the grid in the TOF-SIMS images with the grid in the deposition images. Another
option for alignment could have been to match the chip cell contents of the two images directly
by applying a registration and matching algorithm, e.g. finding the largest overlap of the
segmented foreground in both images. Yet, as the foreground is the object under investigation,
it cannot be used for image alignment. Using the grid for alignment thus enables to detect a
systematic shift in deposited particles when melting and coupling. This effect may be caused
by unbalanced chip fixation on the circuit board or improper positioning in the oven during
coupling, resulting in a unidirectional melt flow instead of a uniform distribution.

Next, both images are segmented by thresholding. The latter is calculated as the average
of the maximum mean grey value for an uncovered synthesis site and the minimum mean
grey value for a synthesis site covered with particles as this has proven to work well for the
unimodal intensity distributions in the images Wagner et al. (2010).

The last step is the correlation of the segmented images, yielding that the first assumption is
correct in principle. However, there are areas in which a particle deposition did not lead to
a coupling of amino acids. This can be an artefact of the high noise or of the enlargement
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of the TOF-SIMS image, but could be caused by deficiencies in the surface coating or steric
hindrance to coupling as well. Furthermore, the second assumption is also true. The particle
melt actually flows isotropically up to 5μm from the location of the deposition and induces
coupling of amino acids in those areas. While the first two experts’ assumptions were correct,
the last one is fortunately not. As the images show contiguous signals from coupled amino
acids on the surface, a second deposition step with the same sort of amino acids becomes
obsolete, which saves deposition time and reduces the amount of required particles by one
half.

4.5.2 Quality control system

Based on these results, a quality analysis was set up that uses the particle deposition image
to determine whether the amount of amino acids expected to couple after this deposition
is sufficient to continue with the next step or not. The algorithm to evaluate the quality of
the synthesis sites on the deposition image was written in MATLAB and consists of the steps
shown in Figure 6. Since the size of the synthesis sites has to be known in advance, each image
acquisition setup requires a training step to be executed before quality analysis, in which the
spot size is determined together with the resolution of the setup and a classification threshold
to separate covered from uncovered spots, as well as the segmentation threshold that divides
the particles from the background. The latter only has to be determined if the segmentation
is performed by thresholding in the first place. Since these parameters only change when the
setup is altered, the training step has to be performed once per setup configuration.

Fig. 6. Quality analysis algorithm: preprocessing is performed when necessary, set grid
separates the image into the single synthesis spots, then a consistency check is performed by
comparing the actual programming pattern with a rough classification of the spots before
quality analysis of each spot starts

In the quality analysis algorithm, preprocessing like noise reduction or flat-field correction
is performed when necessary. Subsequently, the image is separated into the single synthesis
spots, setting the grid with one mouse click by the user. Later on, this can be performed by the
synthesis automaton. Having extracted each single spot, a fast consistency check is performed,
comparing the actual programming pattern with a rough classification of the spots. The
classification calculates the mean grey value for each synthesis site and uses the trained
threshold to classify the spots as uncovered or covered. Comparing the actual deposition
pattern with this classification, grave errors like an incorrectly programmed electrode that
require a restart in the deposition can be detected very quickly. If the consistency check
terminates successfully, the actual quality analysis starts to evaluate each synthesis spot in
the image.
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As input, the quality analysis step requires a quality measure that decides whether the particle
deposition is sufficient to continue the synthesis or not. This measure is set by user input, so
that it meets the requirements set by the application the array is produced for. Knowing the
correlation between particle deposition and coupling of the amino acids contained therein, the
quality measure is defined by determining the degree of particle coverage of two central circles
within the synthesis sites, as Table 2 summarises. The large outer circle covers 50% of the spot,
while the smaller inner one covers 15%. A distinction is made between covered and uncovered
spots because for the ones to be covered, the algorithm is supposed to determine whether the
degree of coverage is sufficient to continue, while for the ones to be left uncovered, the amount
of incorrectly deposited particles is decisive. Experimental tests using this quality measure

spot type good satisfactory bad

covered
> 90% of inner circle cov.
> 50% of outer circle cov.

> 90% of inner circle cov.
> 0% of outer circle cov. other

uncovered
< 10% of inner circle cov.
< 20% of outer circle cov.

< 20% of inner circle cov.
< 30% of outer circle cov. other

Table 2. Quality measure based on two central circles for one spot Wagner et al. (2010)

showed that it works well for single particle depositions, as comparisons between human
classification and automatic labelling showed high coincidences Wagner et al. (2010). Thus,
the algorithm was prepared to cope with an entire peptide synthesis, analysing subsequent
particle depositions per layer. This was done by verifying that two images of two subsequent
particle depositions are consistent in so far, as the quality classification after the second
deposition remains the same as after the first deposition for synthesis spots that were not
affected by the second deposition.

Finally, the quality analysis algorithm was tested on a complete peptide synthesis, leading to
classifications of 86.3% good spots, 5.0% satisfactory spots and 8.7% bad spots. In order to prove
that the quality of the peptide array produced coincides with the prediction of the algorithm,
a standard fluorescence detection on the peptides was performed. The image acquisition
was performed with fluorescence scanner at a resolution of 5μm. Comparing the average
classification label for each spot as shown in Figure 7 with the fluorescence intensity for the
correctly assembled peptides, a high coincidence can be observed. The gradients in the left
part of the fluorescence image, however, are not correctly predicted by the class labels. Yet,
investigations over the entire array revealed that the insufficiencies in coupling at those sites
were due to deficiencies in the chemical surface coating that were not subject to the quality
control algorithm and hence not predictable.

The successful analysis of the peptide synthesis thus completes the quality analysis algorithm
and arises the question how to actively control a peptide synthesis. Using the results shown
in Figure 7, the threshold for the repetition of one deposition can be empirically trained,
requiring more than 80% of all class labels to be good and not more than 20% of the class labels
be bad. Furthermore, assigning more than 80% of all synthesis spots to the class satisfactory
should also cause a warning because, in this case, the algorithm is not capable of finding a
clear classification, since the satisfactory class is the one that is assigned in ambiguous cases.

Taking into account the subsequent particle depositions as well, the quality control algorithm
should check the deposition quality of an entire layer by determining the ratio of good
spots after the first deposition that remain good ones in the subsequent steps. The practical
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Fig. 7. Comparison of the average quality class with the fluorescence detection of the
correctly assembled peptides for an entire peptide synthesis, class label 1 means good, class 2
label means satisfactory as defined in Table 2

experience of the analysed synthesis favours a threshold of 80% good → good label assignments
for two subsequent depositions per layer, below which a repetition of the particle deposition
for the entire layer becomes necessary.

4.6 Automation

With the quality control thresholds defined, the algorithm was implemented such that it
automatically reads in images coming from the peptide synthesis automaton and outputs
the control signals that operate the automaton according to the deposition quality. Since the
analysis software is written in MATLAB while the machine control of the automaton still to
be constructed is likely to be programmed in LabView, an interface has to be set up for the
two programs to communicate with each other. Exchanging command and response files
over a shared folder is the simplest method that assures compatibility even in the case when
the quality analysis routine is translated to another programming language, e.g. to a C++
program. The LabView process control is supposed to convey the voltage programming files
of the chip and the images taken by the camera to the quality analysis program, while the latter
sends back responses about the quality to determine the next processing step. Furthermore,
the LabView control program is supposed to store the parameter values how to position the
chip above the image acquisition setup in order to take optimal pictures. Due to the high
positioning accuracy, it is possible to fix the origin of the grid coordinates in the image, so
that no user input is required to divide the image into the single synthesis spots before quality
analysis.

The state machine shown in Figure 8 depicts the procedure of the automated quality control,
i.e. started once, no user interaction is required during normal operation.

First, MATLAB and LabView are started. Before the automated particle deposition begins,
LabView exports the chip programming deposition pattern into a folder shared by MATLAB.
While LabView controls the particle deposition and takes the image for quality analysis,
MATLAB scans that shared folder in previously defined time steps until LabView has
exported the image to that folder. During the MATLAB analysis, LabView is in a wait state
until it retrieves a response about the quality of the current deposition from MATLAB. The
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Fig. 8. Finite state machine diagram of automated quality control: after starting LabView,
particle deposition, image acquisition, quality analysis and chemical processing can be
performed and the respective actions in the image folder and in the MATLAB routine take
place as described in the text

chip can already be brought back to the deposition unit of the automaton in the mean time, so
that the next step can be immediately started after receiving the response – in the normal case,
it is assumed that the quality will be sufficient to continue. The response, together with the
analysed data, is saved into another shared folder from where LabView gets one of the four
possible responses:

R1 : proceed to next step
R2 : the image data is corrupted so that it cannot be processed
R3 : the image causes a MATLAB intrinsic error
R4 : the image shows that the deposition is not of expected quality

In case of R1, LabView can go on with the next step in the processing queue. For the error
messages R2 and R3, the problem could be caused in the image acquisition step. Therefore,
this step is repeated once again with a new picture of the same particle deposition on the chip,
while the deposition pattern file is kept. Receiving R4, the process has to clean the chip and
repeat the steps from particle deposition onwards. In order to assure that no programming
error of the chip caused the malfunction, the deposition pattern is also created anew and sent
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MATLAB scans that shared folder in previously defined time steps until LabView has
exported the image to that folder. During the MATLAB analysis, LabView is in a wait state
until it retrieves a response about the quality of the current deposition from MATLAB. The
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Fig. 8. Finite state machine diagram of automated quality control: after starting LabView,
particle deposition, image acquisition, quality analysis and chemical processing can be
performed and the respective actions in the image folder and in the MATLAB routine take
place as described in the text

chip can already be brought back to the deposition unit of the automaton in the mean time, so
that the next step can be immediately started after receiving the response – in the normal case,
it is assumed that the quality will be sufficient to continue. The response, together with the
analysed data, is saved into another shared folder from where LabView gets one of the four
possible responses:

R1 : proceed to next step
R2 : the image data is corrupted so that it cannot be processed
R3 : the image causes a MATLAB intrinsic error
R4 : the image shows that the deposition is not of expected quality

In case of R1, LabView can go on with the next step in the processing queue. For the error
messages R2 and R3, the problem could be caused in the image acquisition step. Therefore,
this step is repeated once again with a new picture of the same particle deposition on the chip,
while the deposition pattern file is kept. Receiving R4, the process has to clean the chip and
repeat the steps from particle deposition onwards. In order to assure that no programming
error of the chip caused the malfunction, the deposition pattern is also created anew and sent
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to the shared folder. R4 could also be split into two errors, R4a and R4b, R4a dealing with
sparse particle coverage and forcing an additional deposition step and R4b handling the case
of too many incorrectly deposited particles requiring the chip to be cleaned prior to a new
deposition. If the results do not improve after a previously determined number of retries,
LabView stops the processing for human intervention and error inspection. Regardless of
the response, MATLAB returns to scanning the shared folder waiting for a new image after
termination of the analysis of the previous one.

5. Outlook, improvements and further applications

Integration of the image acquisition setup for quality control into the peptide synthesis
automaton still has to be performed, but can easily be achieved replacing the microscope by
a suitable objective and illumination device only, so that the optimum conditions defined in
Section 4.2 are fulfilled.

The results obtained in Section 4.4 are the first of their kind and demonstrate that it is possible
to detect the density of a single layer of coupled amino acids. Nevertheless, the proof of
principle experiment should be repeated with an increased signal to noise ratio at a higher
resolution so that the TOF-SIMS images can be better correlated to the deposition images
that have a higher resolution. Furthermore, they should be performed for all kinds of amino
acids used in peptide synthesis. This series of experiments could give insights in the coupling
behaviour of the different amino acids and lead to semi-quantitative measurements of their
coupling efficiencies.

Additional to that, the quality measure of the control algorithm could be totally based on the
results gained in Section 4.4, simulating the coupling of amino acids, taking into account the
(estimated areas and amounts of) coupled amino acids in the preceding layer and directly
calculating the density of correctly assembled peptides out of this information. Although
being more precise, this quality measure would certainly require more processing time for the
exact simulation of the coupling and the calculation of the peptide density. Thus, since the
time for analysis should be minimised, the current modus of quality analysis probably excels
over this precise one, which remains to be checked.

Despite the good results obtained in Wagner et al. (2010) and Section 4.5, the predictive power
of the algorithm can be further improved as currently, the assignment of the class labels is
too pessimistic, leading to more repeated depositions than actually are necessary. With an
increasing number of analysed synthesis, however, the quality measure can be refined, such
that the number of unnecessary re-depositions is reduced.

It is also possible to extend the algorithm to evaluate fluorescence images like Figure 7 on the
right. For this task, the single colour channels of the image can be evaluated after establishing
a quality measure that bases on the intensity signal of the synthesis spots. Exchanging the
classification component in the existing system by this one is simple due to its modular
structure. The rest of the algorithm can be reused, since the structure of the synthesis sites
will also remain the same. Knowing the (integrated) intensities per synthesis spot also enables
biological data evaluation like finding the peptide that binds best to a certain test molecule or
comparing different peptides with respect to their coupling probability.

Adapting the image acquisition and image processing system for glass slides as solid
supports, the quality control can also be used in the peptide synthesis by means of a peptide
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printer as described in Beyer et al. (2007), another method for automated peptide array
production developed by us.

6. Conclusion: Comprehensive imaging based quality control for peptide array
production

As shown in this chapter, image acquisition and image processing are vital parts of
miniaturised peptide array production, when standard bio-chemical methods reach their
detection limit and physical surface analysis techniques destroy the sample. Furthermore,
imaging of the sample allows for spatially resolved results while standard quality analysis
techniques only yield information about the entire sample.

Four different methods of image acquisition were used to accomplish an automated
quality control system for peptide array production: electron microscopy, light microscopy,
fluorescence microscopy and time of flight secondary ion mass spectrometry imaging
(TOF-SIMS imaging). Figure 9 summarises the design of the quality control system and shows
which results were obtained by the individual imaging methods.

To monitor the shape of the micro particles that contain the amino acids electron microscopy
was used. It was found out that the majority of the particles has a shape that can be
approximated by a sphere, which is an important fact because the size measurement of
the particles outputs correct results only if the particles under analysis are approximately
spherical. The programming of the chip and the particle deposition are checked by light
microscopy. As a result, the comparison of several particle deposition images revealed that
the quality of the deposition depends on the pattern programmed. Modelling the deposition
and simulating the process, these artefacts could be explained and removed by splitting the
deposition pattern into several steps for one kind of amino acid. Then, TOF-SIMS imaging
was performed to visualise the density of a single layer of coupled amino acids with an
unprecedented resolution of less than 4μm, yielding the first spatially resolved detection
of coupled amino acids in such a miniaturised peptide array. As this method destroys
the surface, a correlation between the particle deposition and the TOF-SIMS images was
established via image processing to obtain a destruction free predictor for the amount of
coupled amino acids when analysing the respective particle deposition. The demonstration
that this predictor can be applied as quality control in each deposition step was performed by
comparing its results with a fluorescence image of the correctly assembled peptides.

Algorithmically, the advantage of the implemented quality control program lies in its flexible
structure so that it can analyse any of the images coming from light microscopy, TOF-SIMS
imaging or fluorescence microscopy by setting a few parameters only. The training program
additionally implemented simplifies the parameter tuning and allows to save standard
configurations that can be quickly loaded into the quality control program.

The main future improvements on the system are planned in form of further TOF-SIMS
imaging experiments to gain detailed information about the coupling efficiencies of all amino
acids and increase the precision of the current correlation between particle deposition and
amino acid coupling.

Performing all steps as described in this chapter, the quality control can, in principle, be
applied to any kind of peptide array production. Adapting the algorithm to analyse glass
slides instead of CMOS chips, and performing the imaging experiments with the arrays
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to the shared folder. R4 could also be split into two errors, R4a and R4b, R4a dealing with
sparse particle coverage and forcing an additional deposition step and R4b handling the case
of too many incorrectly deposited particles requiring the chip to be cleaned prior to a new
deposition. If the results do not improve after a previously determined number of retries,
LabView stops the processing for human intervention and error inspection. Regardless of
the response, MATLAB returns to scanning the shared folder waiting for a new image after
termination of the analysis of the previous one.

5. Outlook, improvements and further applications

Integration of the image acquisition setup for quality control into the peptide synthesis
automaton still has to be performed, but can easily be achieved replacing the microscope by
a suitable objective and illumination device only, so that the optimum conditions defined in
Section 4.2 are fulfilled.

The results obtained in Section 4.4 are the first of their kind and demonstrate that it is possible
to detect the density of a single layer of coupled amino acids. Nevertheless, the proof of
principle experiment should be repeated with an increased signal to noise ratio at a higher
resolution so that the TOF-SIMS images can be better correlated to the deposition images
that have a higher resolution. Furthermore, they should be performed for all kinds of amino
acids used in peptide synthesis. This series of experiments could give insights in the coupling
behaviour of the different amino acids and lead to semi-quantitative measurements of their
coupling efficiencies.

Additional to that, the quality measure of the control algorithm could be totally based on the
results gained in Section 4.4, simulating the coupling of amino acids, taking into account the
(estimated areas and amounts of) coupled amino acids in the preceding layer and directly
calculating the density of correctly assembled peptides out of this information. Although
being more precise, this quality measure would certainly require more processing time for the
exact simulation of the coupling and the calculation of the peptide density. Thus, since the
time for analysis should be minimised, the current modus of quality analysis probably excels
over this precise one, which remains to be checked.

Despite the good results obtained in Wagner et al. (2010) and Section 4.5, the predictive power
of the algorithm can be further improved as currently, the assignment of the class labels is
too pessimistic, leading to more repeated depositions than actually are necessary. With an
increasing number of analysed synthesis, however, the quality measure can be refined, such
that the number of unnecessary re-depositions is reduced.

It is also possible to extend the algorithm to evaluate fluorescence images like Figure 7 on the
right. For this task, the single colour channels of the image can be evaluated after establishing
a quality measure that bases on the intensity signal of the synthesis spots. Exchanging the
classification component in the existing system by this one is simple due to its modular
structure. The rest of the algorithm can be reused, since the structure of the synthesis sites
will also remain the same. Knowing the (integrated) intensities per synthesis spot also enables
biological data evaluation like finding the peptide that binds best to a certain test molecule or
comparing different peptides with respect to their coupling probability.

Adapting the image acquisition and image processing system for glass slides as solid
supports, the quality control can also be used in the peptide synthesis by means of a peptide
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printer as described in Beyer et al. (2007), another method for automated peptide array
production developed by us.

6. Conclusion: Comprehensive imaging based quality control for peptide array
production

As shown in this chapter, image acquisition and image processing are vital parts of
miniaturised peptide array production, when standard bio-chemical methods reach their
detection limit and physical surface analysis techniques destroy the sample. Furthermore,
imaging of the sample allows for spatially resolved results while standard quality analysis
techniques only yield information about the entire sample.

Four different methods of image acquisition were used to accomplish an automated
quality control system for peptide array production: electron microscopy, light microscopy,
fluorescence microscopy and time of flight secondary ion mass spectrometry imaging
(TOF-SIMS imaging). Figure 9 summarises the design of the quality control system and shows
which results were obtained by the individual imaging methods.

To monitor the shape of the micro particles that contain the amino acids electron microscopy
was used. It was found out that the majority of the particles has a shape that can be
approximated by a sphere, which is an important fact because the size measurement of
the particles outputs correct results only if the particles under analysis are approximately
spherical. The programming of the chip and the particle deposition are checked by light
microscopy. As a result, the comparison of several particle deposition images revealed that
the quality of the deposition depends on the pattern programmed. Modelling the deposition
and simulating the process, these artefacts could be explained and removed by splitting the
deposition pattern into several steps for one kind of amino acid. Then, TOF-SIMS imaging
was performed to visualise the density of a single layer of coupled amino acids with an
unprecedented resolution of less than 4μm, yielding the first spatially resolved detection
of coupled amino acids in such a miniaturised peptide array. As this method destroys
the surface, a correlation between the particle deposition and the TOF-SIMS images was
established via image processing to obtain a destruction free predictor for the amount of
coupled amino acids when analysing the respective particle deposition. The demonstration
that this predictor can be applied as quality control in each deposition step was performed by
comparing its results with a fluorescence image of the correctly assembled peptides.

Algorithmically, the advantage of the implemented quality control program lies in its flexible
structure so that it can analyse any of the images coming from light microscopy, TOF-SIMS
imaging or fluorescence microscopy by setting a few parameters only. The training program
additionally implemented simplifies the parameter tuning and allows to save standard
configurations that can be quickly loaded into the quality control program.

The main future improvements on the system are planned in form of further TOF-SIMS
imaging experiments to gain detailed information about the coupling efficiencies of all amino
acids and increase the precision of the current correlation between particle deposition and
amino acid coupling.

Performing all steps as described in this chapter, the quality control can, in principle, be
applied to any kind of peptide array production. Adapting the algorithm to analyse glass
slides instead of CMOS chips, and performing the imaging experiments with the arrays
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Fig. 9. Summary of all peptide synthesis steps, the image acquisition methods used and the
results obtained that lead to the setup of a quality control system

produced by a peptide printer Beyer et al. (2007), a quality control for another particle based
solid phase peptide synthesis can be created. Using liquids as transport medium for the
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amino acids, the system can still be applied, however, solely as quality analysis because
coupling of the amino acids happens immediately when the liquid contacts the surface.
Nevertheless, detecting deficiencies at an early synthesis stage saves production time and
costs, as non-functional arrays can be discarded just after the step the deficiency occurs in and
not at the end of an entire synthesis process.
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1. Introduction 
This chapter deals with digital restoration, preservation, and data base storage of historical 
manuscripts images. It focuses on restoration techniques and binarization methods 
combined with image processing applied on document images for text - background 
enhancement and discrimination. Sequential image processing procedures are applied for 
image refinement and enhancement on quality class categorized images. Research results on 
historical (i.e. Byzantine, old newspapers, etc) manuscripts are presented. 

The historical documents images acquisition types / formats are raw data files or JPG, 
video, i.e. frames at a speed, storage / transfer types / format e.g. lossless / lossy 
compressed files, standard print formats, reduced by calibration with a flat-field image. 
Rarely different areas of a large image are shot with overlapping in order to create a 
panorama; image alignment/stitching include key point detection feature matching , 
geometric registration  and global registration. 

Among libraries, and museums, there are old documents preserved in storage areas. Many 
of these documents are considered as quite important for national heritage, see fig. 1. Their 
efficient preservation and unconditional exploitation to wider public even through the 
internet is a trend in modern archaeology. 

In image acquisition by digital cameras, see fig. 1, no flash lights are used, since the light 
could permanently degrade the documents colours and results in poor quality images. 

Our work concentrates on two basic techniques used for image enhancement and 
restoration, denoising and binarization. Denoising refers to the removal of noise on the 
image and binarization refers to the conversion of a grayscale image to binary. Binarization 
by thresholding converts the grayscale document image to binary, by changing the 
foreground pixels (text characters) to black and background pixels to white. Image 
thresholding obtains a resulting binary image in black and white, easily stored in computer, 
while retaining all the basic characteristics of the original image. 
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1. Introduction 
This chapter deals with digital restoration, preservation, and data base storage of historical 
manuscripts images. It focuses on restoration techniques and binarization methods 
combined with image processing applied on document images for text - background 
enhancement and discrimination. Sequential image processing procedures are applied for 
image refinement and enhancement on quality class categorized images. Research results on 
historical (i.e. Byzantine, old newspapers, etc) manuscripts are presented. 

The historical documents images acquisition types / formats are raw data files or JPG, 
video, i.e. frames at a speed, storage / transfer types / format e.g. lossless / lossy 
compressed files, standard print formats, reduced by calibration with a flat-field image. 
Rarely different areas of a large image are shot with overlapping in order to create a 
panorama; image alignment/stitching include key point detection feature matching , 
geometric registration  and global registration. 

Among libraries, and museums, there are old documents preserved in storage areas. Many 
of these documents are considered as quite important for national heritage, see fig. 1. Their 
efficient preservation and unconditional exploitation to wider public even through the 
internet is a trend in modern archaeology. 

In image acquisition by digital cameras, see fig. 1, no flash lights are used, since the light 
could permanently degrade the documents colours and results in poor quality images. 

Our work concentrates on two basic techniques used for image enhancement and 
restoration, denoising and binarization. Denoising refers to the removal of noise on the 
image and binarization refers to the conversion of a grayscale image to binary. Binarization 
by thresholding converts the grayscale document image to binary, by changing the 
foreground pixels (text characters) to black and background pixels to white. Image 
thresholding obtains a resulting binary image in black and white, easily stored in computer, 
while retaining all the basic characteristics of the original image. 
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All algorithms and ideas in this chapter are applied and tested to old pages 
photographically acquired from historical books and manuscripts called “Codices”, from the 
Holy Monastery of Dousiko, Pylh, near Meteora, Trikala, see Fig. 1. 

 

Fig. 1. Taking photos of Byzantine manuscript from Dousiko Byzantine Holy Monastery, 
Pylh, Greece 

2. Document image acquisition 
Document raw image acquisition (sharpness, resolution and transfer function curves) by 
camera, video or scanner highly depends on machine vision systems (Boyle 1988, Davies, 
1990) and the combined effects of viewing distance / angle from the eye, depth of field, 
optimum aperture, lens sharpness. camera misalignment, aperture, lens characteristics, 
polarizing filters, diffraction, light and illumination types, focus, zoom, scaling and 
sharpness control, long exposure noise reduction, optimal intelligence and minimally 
processing sensors (Adams, 1995). 

We acquire old documents images by a digital field camera (a CMOS technology SLR 
“CANON 1.8II” with a 50 mm lens) with high resolution ratio (4,368 x 2,904 pixels a total of 
12,684,672 recorded pixels (12 Mbytes storage space), and stored in computer and 
compressed for storage minimization and sensors size 24 mm x 36mm (Canon 2007).  

Raw images usually have 12 bits colour information per pixel. Image editing software uses 8 
bits, or 16 bits. The 12 bits per pixel data from a RAW file is more accurate than the 8 bit 
format of a .jpg, but the .jpg 8 bits contain various corrections. For textual images published 
on the web site, enlarged and printed to larger dimensions than 10″ x 8″ compression may 
provide inadequate quality. Raw format allows us to correct defects (under/over exposure, 
colour balance, etc). Raw/.jpg images differ in that we make the adjustment before/after 
non-linear corrections (γ- correction) i.e. before/after saving it as a .JPG, TIFF, PSD files. 
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Fig. 2a. Spherical error (lens chromatic aberrations), i.e. optical imperfections (different 
bending of light at different wavelengths), the inability of spherical surfaces to provide clear 
images over large fields of view, changes in focus for light rays that don't pass through the 
center of the lens, etc (Ren, 2006). 

 

 
Fig. 2b. Lenses inaccuracies - Sine pattern with lens degradation and low to high spatial 
frequencies variations. Sharpness boundaries between zones of different tones or colors. 

Signal processing varies with image content (feature contrast) and a camera's ability to 
render fine detail (texture), i.e., low contrast, high spatial frequency image content. Spatial 
frequency response is related to total image quality resolution and tonal response. Log f-
contrast is sensitive to noise. Sensitivity to sharpening decreases and sensitivity to noise 
reduction increases from top (most contrast) to bottom (least contrast). Tone photos and 
correct radial exposure and brightness should be calibrated. SQF (subjective quality factor) 
is a measure of perceived print sharpness that incorporates the contrast sensitivity function 
(CSF) of the human eye (Legge, 1985). Retouche software filters, focus and control sharpness 
without edge lines or artifacts, while color correction software, master exposure 
compensation, white balance corrector that correct miscoloration in photos caused by any 
light source (Papamarkos, 2001). 

Dynamic or exposure range of cameras and scanners is the range of tones over which a 
camera responds and over which noise remains under a specified level; log exposure is 
proportional to optical density. Digital cameras output may not follow an exact gamma 
(exponential) curve (confusion factor), a tone reproduction curve ("S" curve) is superposed 
on the gamma curve to boost visual contrast without sacrificing dynamic range in middle 
tones while reducing it in highlights and shadows. Resolution is the ability to resolve fine 
detail (ppi or dpi). 
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Good image Bad Image No distortion 

   
Barrel Pincushion Geometry 

Fig. 3. Geometric errors of lenses or images displays 

Aberrations are chromatic (longitudinal / lateral), coma, astigmatism and curvature of field 
degrade lens performance and cause focus on different image planes, color fringing due 
magnification differences with wavelength, see fig. 2. Geometric or perspective (radial lens) 
distortion have two forms, barrel and pincushion, see fig. 3. Distortion can detect vertical 
and horizontal lines in extreme wide angle, telephoto and zoom lenses. Highly distorted 
images are a special case. 

The ability of the eye to resolve detail is known as visual acuity. The normal human eye can 
distinguish patterns of alternating black and white lines with a feature size as small as one 
minute of an arc (1/60 degree or π/(60*180) = 0.000291 radians). A pattern of higher spatial 
frequency in larger prints, would appear pure gray, low contrast patterns at the maximum 
spatial frequency will also appear gray. The human eye and brain have a limited ability to 
discern tonal values, and to analyze large numbers of images simultaneously; it is more 
qualitative than quantitative. Wavelength (color) psychophysics influences text vision, 
especially in low-vision conditions. Photopic / scotopic conditions, photoreceptor disorders, 
characters near the acuity limit, lower luminance, wavelength effects, spectral sensitivities, 
light scatter or absorption  result in depressed / optimal performance in the red, blue / 
green, gray regions. Eyes differentiate in vertical and horizontal banding. Eyes are wired to 
recognize differences in vertical and horizontal banding, while the recorded images appear 
arranged in diagonal arrays. Noise tends to be most visible at medium spatial (actually 
angular) frequencies where the eye's Contrast Sensitivity Function is large. 

3. Image background - foreground 
In foreground / background analysis, the goal is objects separation and cleaning. Poor 
contrast between foreground and background characters exists in transparent texts. 

A text or object within an image viewed dark in color and placed on a light background, 
exhibits histogram with a good bi-modal distribution, see fig. 4, 5. One peak represents the 
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object pixels, one represents the background (Kapur, 1985) , see fig. 5. Significant incident 
illumination gradient across the image blurs out the histogram information. The histogram 
is altered by many image enhancement operators, mainly the contrast stretching and 
histogram equalization. Contrast stretching improves contrast. High peaks at the end of the 
histogram, suggest high intensity and contrast colors. Image statistics calculate histogram, 
mean color values, standard deviation, median, histogram shape matching, histogram based 
image segmentation, histogram equalization, etc for each color channel in RGB, HSL, YCbCr 
color space. Vertical - Horizontal Intensity statistics provide information about vertical - 
horizontal distribution of pixel intensities and is used to locate objects, centers, etc. Picture 
segmentation maximizes the separability of resultant classes (Yanowitz, 1989). 
 

 
(a) (b) 

Fig. 4. Foreground / background analysis 

 
Fig. 5. Histogram of relative log scene luminance range 

Because the dynamic range of the original scene is substantially larger than this, a subset of 
the image data must be selected. Different results are obtained depending on whether the 
foreground or background region of the image is selected. Background could be complex 
and inhomogeneous, while segmentation, ratio foreground / background contrast 
comparison, classification of large background regions optimize results, see fig. 6. 

Very low-contrast texts are detrimental to readability and identifiability, because the 
background may show large variations in luminance (Knoblauch, 1991). While backgrounds 
(culture, wave, plain) are uniform, the text is not. A common text area contains 23% of text 
pixels. 
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Fig. 6. Various quality old paper background textures in old documents, see App. 1. 

4. Histogram analysis 
Image statistics parameters and transformation include character features, font 
information, size, mean-square error, position, dimension and shape, area, gravity point, 
number of work pieces, correlation, clustering, connection characteristics, ROI, min/max, 
average/deviation/skewness, column / row location, rms pixel values, etc, see fig. 7, 8, 9, 
10, 11. Image color spaces offer flexibility on image processing, i.e. the HLS space has 
advantages since saturation is low for black/white pixels, brightness is independent of 
the saturation and freedom of choice to brightness, luminance or lightness function; 
saturation values are easily compared 

 
Fig. 7. Horizontal/vertical cross intensities 
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Fig. 8. Horizontal/vertical histogram projections 

 
 

 
Histograms and noise analysis: The black (background) histogram contains pixel levels for the entire 
ROI. Sharpening may cause extra bumps to appear in the black histogram. Histogram logarithmic scale 
improve analysis 

Fig. 9. Intensity Histogram with 3 classes of pixels 
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Fig. 8. Horizontal/vertical histogram projections 
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Fig. 9. Intensity Histogram with 3 classes of pixels 
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Fig. 10. A CMYK color space is smaller than the monitor RGB color space. Physical display 
limitations reduce CMYK colors displayed 

 

 
Fig. 11. Hue histogram. The reds and violets are separated by a large discontinuity 

5. Color processing 
When raw RGB data are used without color balance compensation we get incorrect color 
result, see fig. 12, 13. Soft proofing process minimizes visible color differences, while 
PDF/X-4 standard provides a framework that enables colored elements can be reproduced 
well on different output devices and media. Color (miscoloration) correction software and 
white balance corrector includes scalar or vectorial processes. The color ratios (R/G) can be 
especially useful for diagnosing uneven color response. 
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Level Curve software Desaturation 

 
RGB Equalize RGB decomposition White Balance Stretch Contrast 

Fig. 12. Signal processing filters 

 
Brightness 0% raw image 100 %  saturation 

 
Colour (RGB / YMC) 0% raw image 100 % 
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Raw Y G Red 

Fig. 13. Saturation enhancement - Text in different color spaces (Hunt, 2001) 

All achieved image deformations are artificial but they are used in understanding or 
inversion restoration of distorted images, e.g. scanned thick bound documents (Zhang, 
2001), see fig. 14. Warp occurs in words, location, shape, shade and orientation. 

Defocus filter applies a Gaussian blur to the image, making it less clear. Other filters reproduce 
the effect of aging in old, traditional black-and-white photographs, toned with shades of 
brown, see fig. 15. To achieve this effect, the filter desaturates the image, reduces brightness 
and contrast, modifies the color balance and marks the image with spots, see fig. 14. 
 

 
Blinds filter Curve bend filter Emboss filter 

 
Erase Every Other row Engrave  filter Lens Distortion  filter 
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Newsprint filter Page curl filter Shift filter 

 

Ripple filter Value Propagate Filter Video filter 

 

Filter waves filter Whirl and Pinch  filter Wind filter 

 

Fig. 14. Distorted images – Distortion 
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Old photo filter gives an old 
photo, blurred with brown 
shade, spots, jagged border 

Coffee stain filter adds / 
subtracts realistic looking 
stains randomly spread out 

Fig. 15. Maturing old images or stains on images 

Images sharpen, shifted 
horizontally / vertically and 
fused 

Images sharpen, shifted 
horizontally/vertically, 
rotated and fused 

Fig. 16. Images fusion techniques 

The apply canvas and the weave filter applies an artist's canvas-like or  weave effect with 
parameters direction, light source, apparent depth. Clothify filter adds a cloth-like texture 
with parameters azimuth, elevation, depth). Impressionist and Oilify filter include cubism 
and gives image the look of a painting with parameters overlay, scale, texture, graininess 
of the texture, relief, brush, luminosity, gamma correction, mid tones brightens/darkens, 
aspect ratio,  directions, color noise, background. The cartoon filter is similar to a black 
felt pen drawing subsequently shaded with color. This is achieved by darkening areas 
that are already distinctly darker than their neighbourhood with parameters lines thinner 
or thicker, darker and sharper. The predator filter effect makes the image/selection look 
something like a thermogram. This will reduce the image to edges in a few basic (red, 
green, blue and gray) colors on a dark background. Photocopy filter makes the image like 
a black and white photocopy. Soft glow filter applied lights the image with a soft glow 
diffuse effect, see fig. 17. 
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6. Layers fusion 
Certain data fusion techniques of complementary spatial and spectral resolution 
characteristics produce enhanced observations, see fig. 16. Dual image point processing 
maps two pixel brightnesses, one from each image, to an output image by the overlay or the 
composite operation that merges unrelated objects from two images; this is done on a per 
band basis. The images are identical scenes, but acquired at different times and spectral 
filters. An alpha channel represents the transparency of the image (D’Zmura, 1997). The 
Threshold Alpha command converts semi-transparent areas of the active layer into 
completely transparent or completely opaque areas. It only works on layers of RGB images 
which have an alpha channel. The transparency transition is abrupt. Composition refers to 
the merging of two or more distinct objects into a new compound object with new 
functionality. A single object image is processed to extract object features, modify some of 
the features, and then merge the modified object back. Image processing techniques include 
skewed documents correction (Kavallieratou, 1999).  
 

 
Fig. 17. Artistic effects assist to optimal presentation or understanding of wear and image 
degradation 

7. Image text degradation by noise 
Digital camera images with excessive noise reduction will have an unusually rapid falloff of 
the noise spectrum. The pixel noise is highly visible; it wouldn't be suitable for portraits and 
other high quality work, but it would be acceptable when a grainy look is tolerated. 
Temporal noise is the random difference between otherwise identical images: Ntemporal = 
Noise(Image1-Image2) / √2; dividing by the square root of 2 scales temporal noise to be the 
same as noise measured in an individual image. Noise will be worse for higher contrast 
cameras, affected by the gamma encoding. Gradual illumination nonuniformities should be 
removed from the noise results. Noise is largest in the dark areas because of gamma 
encoding. Noise corrupts the images as additive /multiplicative Gaussian, uniform, speckle 
noise and complex signal dependent noise, salt and pepper with standard deviations 
(σ=15.0 ÷ σ =2.5); filters reduce them to σ=2.0 σ=0.5 respectively). Combinations of noise 
type, amount, etc corrupt images totally, partially or locally. 

The documents images are classified into six distinct image categories / conditions, see 
fig. 18: 

1. Acceptable images that are in good condition of camera acquisition and paper 
2. Images that present spots, stains, smears, scratches, damages or smudges  
3. Images with shadows and wrinkles  (Blinn, 1978) caused by: 
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3.1 High humidity over the years, fragile paper or 
3.2 Bad / non uniform illumination and background 
3.3 Aging paper colours deterioration and brightness degradation 

4. Transparent or oily page or ink wet, seeking / visible from the other side 
5. Thin / thick / consistent stroke  pen width texts, multiple touching characters 
6. Badly blurred or missing ink broken characters with holes or light handwriting 
7. Characters with different colours (e.g. red) ink, poor quality of ink 
 

 
Documents with 
poor quality paper, 
fragile, etc. 

The brightness of the 
aging paper has 
deteriorated colours 
over the years. 

Poor contrast between 
foreground and 
background 
characters. 

Documents condition, 
poor quality of ink, 
broken characters, 
characters with holes 
or light handwriting. 

 

Ink wet paper with 
characters visible 
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Fig. 18. Description of problems appeared and examined on Byzantine documents 

7.1 Noise on images 

Randomization (%) represents the percentage of noise affected pixels. A normal distribution 
of noise means, that only slight noise is added to the most pixels in the affected area, while 
less pixels are affected by more extreme values. Noise may be additive (uncorrelated) or 
multiplicative (correlated - also known as speckle noise), repetitive. For wide band and 
high-pass noise the summation is quite linear while for low-pass noise no summation 
needed. Hue noise changes the color (strong /weak hue variation) of the pixels in a random 
pattern; noise varies by saturation or brightness of scattered pixels. 
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6. Layers fusion 
Certain data fusion techniques of complementary spatial and spectral resolution 
characteristics produce enhanced observations, see fig. 16. Dual image point processing 
maps two pixel brightnesses, one from each image, to an output image by the overlay or the 
composite operation that merges unrelated objects from two images; this is done on a per 
band basis. The images are identical scenes, but acquired at different times and spectral 
filters. An alpha channel represents the transparency of the image (D’Zmura, 1997). The 
Threshold Alpha command converts semi-transparent areas of the active layer into 
completely transparent or completely opaque areas. It only works on layers of RGB images 
which have an alpha channel. The transparency transition is abrupt. Composition refers to 
the merging of two or more distinct objects into a new compound object with new 
functionality. A single object image is processed to extract object features, modify some of 
the features, and then merge the modified object back. Image processing techniques include 
skewed documents correction (Kavallieratou, 1999).  
 

 
Fig. 17. Artistic effects assist to optimal presentation or understanding of wear and image 
degradation 

7. Image text degradation by noise 
Digital camera images with excessive noise reduction will have an unusually rapid falloff of 
the noise spectrum. The pixel noise is highly visible; it wouldn't be suitable for portraits and 
other high quality work, but it would be acceptable when a grainy look is tolerated. 
Temporal noise is the random difference between otherwise identical images: Ntemporal = 
Noise(Image1-Image2) / √2; dividing by the square root of 2 scales temporal noise to be the 
same as noise measured in an individual image. Noise will be worse for higher contrast 
cameras, affected by the gamma encoding. Gradual illumination nonuniformities should be 
removed from the noise results. Noise is largest in the dark areas because of gamma 
encoding. Noise corrupts the images as additive /multiplicative Gaussian, uniform, speckle 
noise and complex signal dependent noise, salt and pepper with standard deviations 
(σ=15.0 ÷ σ =2.5); filters reduce them to σ=2.0 σ=0.5 respectively). Combinations of noise 
type, amount, etc corrupt images totally, partially or locally. 

The documents images are classified into six distinct image categories / conditions, see 
fig. 18: 

1. Acceptable images that are in good condition of camera acquisition and paper 
2. Images that present spots, stains, smears, scratches, damages or smudges  
3. Images with shadows and wrinkles  (Blinn, 1978) caused by: 
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3.1 High humidity over the years, fragile paper or 
3.2 Bad / non uniform illumination and background 
3.3 Aging paper colours deterioration and brightness degradation 

4. Transparent or oily page or ink wet, seeking / visible from the other side 
5. Thin / thick / consistent stroke  pen width texts, multiple touching characters 
6. Badly blurred or missing ink broken characters with holes or light handwriting 
7. Characters with different colours (e.g. red) ink, poor quality of ink 
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Fig. 18. Description of problems appeared and examined on Byzantine documents 

7.1 Noise on images 

Randomization (%) represents the percentage of noise affected pixels. A normal distribution 
of noise means, that only slight noise is added to the most pixels in the affected area, while 
less pixels are affected by more extreme values. Noise may be additive (uncorrelated) or 
multiplicative (correlated - also known as speckle noise), repetitive. For wide band and 
high-pass noise the summation is quite linear while for low-pass noise no summation 
needed. Hue noise changes the color (strong /weak hue variation) of the pixels in a random 
pattern; noise varies by saturation or brightness of scattered pixels. 
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Fig. 19. Noise spectrum 

 
Fig. 20. Antialiased images 

 
Fig. 21. Sharpened images 

Artifacts, noise contamination, see fig. 19, edges, sharp transitions, edge blurring, saturation 
effect on bright / dark text scenes, high corruption, etc. appear for signal above the Nyquist 
frequency in the digital sensor. Color aliasing and Moire fringing is a type of aliasing, see 
fig. 20. Noise in digital sensors tends to have the greatest impact in dark regions. The larger 
the image (the greater the magnification), the more important noise becomes. Color 
quantization error cause false colours and contours. 

Analog-to-digital image conversion and image sample / capture rate limitations suggest the 
highest spatial frequency, Nyquist frequency fN = 1/(2 * pixel spacing); the design of anti-
aliasing (lowpass) filters always involves a trade off that compromises sharpness. Antialias 
filter reduces or reverses alias effects, jaggies. Antialiasing produces smoother curves by 
adjusting the boundary between the background and the pixel region that is being 
antialiased; pixel intensities or opacities are changed for a smoother transition to the 
background. Lateral Chromatic Aberration (LCA), or color fringing, is visible on tangential 
edge boundaries. 
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The HSV Noise 
filter creates 
noise in the HSV 
active layer 

The Hurl filter 
changes each 
affected pixel to a 
random color 

The RGB Noise 
filter adds noise 
to a layer normal-
ly distributed  

Slur Filter effect 
melts the image 
downwards 

The spread filter 
swaps each pixel 
with randomly 
chosen pixel 

Fig. 22. Color spaces filters 

Out-of-focus photographs and most digitized images often need a sharpness correction. To 
prevent color distortion while sharpening, we decompose our image to HSV and work only 
on value, see fig. 22. So we protect areas of smooth tonal transition from sharpening, see fig. 
23, 24. In an image with some blur we sharpen by applying some more blur: the intensity 
variation will be more gradual. We subtract the blurredness intensity from the intensity of 
the image and get the red curve, which is more abrupt: contrast and sharpness are 
increased. If blurring is important, this dip is very deep; the result of the subtraction can be 
negative, and a complementary color stripe will appear along the contrast, or a black halo 
around a star on the light background of a nebula (black eye effect) , see fig. 21. 

 

Despeckle removes 
small isolated defects 

Red Eye Removal 
filter 

Sharpen Unsharp mask filter 

Fig. 23. Edges on Images (Ventzas, 1994) 

Physical vs image contours are often very different. A physical edge of the image might 
yield practically no contour, while a shadow casts a clear image virtual contour where there 
in fact is no physical edge. 
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23, 24. In an image with some blur we sharpen by applying some more blur: the intensity 
variation will be more gradual. We subtract the blurredness intensity from the intensity of 
the image and get the red curve, which is more abrupt: contrast and sharpness are 
increased. If blurring is important, this dip is very deep; the result of the subtraction can be 
negative, and a complementary color stripe will appear along the contrast, or a black halo 
around a star on the light background of a nebula (black eye effect) , see fig. 21. 
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Fig. 23. Edges on Images (Ventzas, 1994) 

Physical vs image contours are often very different. A physical edge of the image might 
yield practically no contour, while a shadow casts a clear image virtual contour where there 
in fact is no physical edge. 
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Negative on Difference of 
Gaussians 
 

Neon filter detects edges 
and gives them a bright 
neon effect 

Sobel's filter detects horizontal 
and vertical edges separately on 
a scaled image 

Fig. 24. Grayscale edge detection and preserving algorithms create contours around objects 

8. Denoising 
Denoising filtering methods are in spatial or in frequency domain (Motwani, 2004). Filters 
are also subdivided to linear and non-linear filters. Many types of filters exist. We 
concentrate in three filters in spatial domain (mean, median and wiener) with various 
windows sizes and two filters in frequency domain (Butterworth and Gaussian), see fig. 28. 

8.1 Time domain processing 

Mean filter: The intensity of every pixel in the image is replaced with the averaged value of 
intensity of its neighbour pixels. 
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Median is a lower rms error filter and remove impulse noise spikes. 
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   Noise  –            Median –          Box filters 

Wiener filter: Wiener filter, known as “minimum mean square error filter”, is an adaptive 
linear filter, applied to an image locally, by taking into account the local image variance. 
When the variance in an image is large the Wiener filter results in light local smoothing, 
while when the variance is small, it gives an improved local smoothing. 

Linear filtering in spatial domain is performed by applying a filter with a weighted sum of 
neighbouring pixels. Filtering is achieved by convolution or correlation kernel rotated by 180o. 

8.2 Blur filter 

The motion blur filter creates a movement blur, the simple blur filter produces an out of 
focus camera effect, the IIR and selective Gaussian blur sets its value to the average of a 
radius; the blur can be set to act in one direction or above a difference threshold, so contrasts 
are preserved (blur a background and not foreground) and add depth, see fig. 27. The blur 
tool is used to soften tile seams in images used in tiled backgrounds. Convolution filtering 
reduces the effects of noise in images or sharpens the detail in blurred images. The selection 
of the weights determines the nature of the filtering action (high-pass, low-pass). There are 
several blurring filter kernel: 

 
Fig. 25. The Box filter 

 
Fig. 26. Bartlett filter 
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8. Denoising 
Denoising filtering methods are in spatial or in frequency domain (Motwani, 2004). Filters 
are also subdivided to linear and non-linear filters. Many types of filters exist. We 
concentrate in three filters in spatial domain (mean, median and wiener) with various 
windows sizes and two filters in frequency domain (Butterworth and Gaussian), see fig. 28. 
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Median is a lower rms error filter and remove impulse noise spikes. 
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Wiener filter: Wiener filter, known as “minimum mean square error filter”, is an adaptive 
linear filter, applied to an image locally, by taking into account the local image variance. 
When the variance in an image is large the Wiener filter results in light local smoothing, 
while when the variance is small, it gives an improved local smoothing. 

Linear filtering in spatial domain is performed by applying a filter with a weighted sum of 
neighbouring pixels. Filtering is achieved by convolution or correlation kernel rotated by 180o. 

8.2 Blur filter 

The motion blur filter creates a movement blur, the simple blur filter produces an out of 
focus camera effect, the IIR and selective Gaussian blur sets its value to the average of a 
radius; the blur can be set to act in one direction or above a difference threshold, so contrasts 
are preserved (blur a background and not foreground) and add depth, see fig. 27. The blur 
tool is used to soften tile seams in images used in tiled backgrounds. Convolution filtering 
reduces the effects of noise in images or sharpens the detail in blurred images. The selection 
of the weights determines the nature of the filtering action (high-pass, low-pass). There are 
several blurring filter kernel: 

 
Fig. 25. The Box filter 

 
Fig. 26. Bartlett filter 
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The Box filter is simple, but Bartlett and Gaussian filters produce better blurring, see fig. 25. 
Bartlett filter pixels to the center are weighted more heavily than pixels away, see fig. 26. 

 

original motion blur IIR Gauss blur Fractal filter Rippling filter 

Fig. 27. Blur filters 

8.3 Frequency domain processing 

Image spatial frequency is measured horizontally, vertically or at any diagonal. DCT/IDCT 
is better at compactly representing very small images (Gonzalez, 2002, Sonka, 1998). 

Butterworth Low Pass Filter  

2
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where D0 is a specific non negative quantity, and D(u,v) it the distance from point (u,v) to 
the centre of the frequency rectangle, see fig. 28. 

Gaussian Low Pass Filter (bell curved kernel). 
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where D(u,v) it the distance from the origin of the Fourier transform 

 
Fig. 28. Ideal, Butterworth and Gaussian  low pass filters and corresponding image effects 
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The Gaussian filter is separable, and can be split into horizontal /vertical passes. We can 
filter bright portions, downsample, horizontal and vertical blur and accumulate. By 
skipping the high-pass filter, we soften the entire image (anti-aliasing). 

8.4 Non linear filtering 

Filters are linear or nonlinear. The linear takes into consideration only the relative position 
in kernel, and remains constant throughout the whole image filtering. Nonlinear filters are 
relative to the target pixel and the coefficients are calculated as a function of local variations 
of the signal. In the linear filter class, average and Gaussian filters are often used. Among 
the nonlinear filters, the median filter is popular. A selective blurring filter is often used, 
which emphases the pixels with similar intensity to the target pixel. A bilateral filter is an 
edge preserving technique being widely used in image processing. Comparing it to the 
selective blurring filter, it takes into account intensity and spatial similarity with a uniform 
or Gaussian kernel. 
 

 
Fig. 29. The image is linearized, the pixel levels are adjusted to remove the camera gamma 
encoding 

Linear image processing assumes linear luminance. Images are frequently gamma encoded, 
in the sRGB color space, so luminance is not linear. To apply a linear filter, we must gamma 
decode the values, and if resampling, we must gamma decode, resample, then gamma 
encode, see fig. 29. The magnitude squared is an enhancement operation, the Phase 
operation is phase enhancement, quantizing an image on logarithmic rather than linear scale 
(human eye has a logarithmic intensity response) results in logarithmic enhancement. 
 

  
Noisy image Gaussian Median Midrange Filtered Ideal filter 

Fig. 30. Filters responses 

In low level image processing, for shape and edge detection we differentiate filters 
performance in cases of high noise compared to small noise conditions, see fig. 30. 
Nonnegative filters do not introduce overshoot or ringing artifacts. Other temporal/spatial/ 
frequency averaging filters are the non-liner diffusion, the shock, the inverse scale space 



 
Advanced Image Acquisition, Processing Techniques and Applications 

 

92

The Box filter is simple, but Bartlett and Gaussian filters produce better blurring, see fig. 25. 
Bartlett filter pixels to the center are weighted more heavily than pixels away, see fig. 26. 

 

original motion blur IIR Gauss blur Fractal filter Rippling filter 

Fig. 27. Blur filters 

8.3 Frequency domain processing 

Image spatial frequency is measured horizontally, vertically or at any diagonal. DCT/IDCT 
is better at compactly representing very small images (Gonzalez, 2002, Sonka, 1998). 

Butterworth Low Pass Filter  

2
0

1( , )
1 [ ( , ) / ] nH u v

D u v D



 

where D0 is a specific non negative quantity, and D(u,v) it the distance from point (u,v) to 
the centre of the frequency rectangle, see fig. 28. 

Gaussian Low Pass Filter (bell curved kernel). 

2 2( , ) / 2( , ) D u vH u v e   

where D(u,v) it the distance from the origin of the Fourier transform 

 
Fig. 28. Ideal, Butterworth and Gaussian  low pass filters and corresponding image effects 

 
Digital Restoration by Denoising and Binarization of Historical Manuscripts Images 

 

93 

The Gaussian filter is separable, and can be split into horizontal /vertical passes. We can 
filter bright portions, downsample, horizontal and vertical blur and accumulate. By 
skipping the high-pass filter, we soften the entire image (anti-aliasing). 
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the nonlinear filters, the median filter is popular. A selective blurring filter is often used, 
which emphases the pixels with similar intensity to the target pixel. A bilateral filter is an 
edge preserving technique being widely used in image processing. Comparing it to the 
selective blurring filter, it takes into account intensity and spatial similarity with a uniform 
or Gaussian kernel. 
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Linear image processing assumes linear luminance. Images are frequently gamma encoded, 
in the sRGB color space, so luminance is not linear. To apply a linear filter, we must gamma 
decode the values, and if resampling, we must gamma decode, resample, then gamma 
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operation is phase enhancement, quantizing an image on logarithmic rather than linear scale 
(human eye has a logarithmic intensity response) results in logarithmic enhancement. 
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In low level image processing, for shape and edge detection we differentiate filters 
performance in cases of high noise compared to small noise conditions, see fig. 30. 
Nonnegative filters do not introduce overshoot or ringing artifacts. Other temporal/spatial/ 
frequency averaging filters are the non-liner diffusion, the shock, the inverse scale space 
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filter, reconstruction filter, Brickwall, Tent, BSpline filters. Resampling, decimation, 
interpolation decreases/increases the sampling rate. In photography, a variety of 
interpolation filters exist, such as nearest neighbour averaging, bilinear, bicubic 
interpolation for higher resampling ratios. Reconstruction filters reconstruct an image from 
a collection of wavelet coefficients. 
 

  
original image 

grayscale 
after mean 
filter 5-by-5 

after median 
filter 7-by-7 

after max  
filter 5-by-5 

after min  
filter 5-by-5 

after wiener 
filter 7-by-7 

Table 1. Filtering on Byzantine documents 

9. Denoising results 
a. Filtering improves the image quality, and  prepares it for binarization 
b. Spatial domain filtering uses Mean, Median and Wiener filters 
c. Frequency domain filtering uses the Butterworth and Gaussian low pass filters 
d. The paper condition and lighting conditions is an important factor 
 

Type of filter Performance High Noise Small Noise 
Gaussian poor same 

Median 
good bad good 

 very good and same with Salt & Pepper 
Midrange bad bad bad 

Gradient inverse weighed good very bad with Salt & Pepper noise 
K-nearest neighbor bad bad bad 

Table 2. Filters performance 

Researchers investigated the combined effects of high and low pass filtering on both letters 
and noise (noise filtered but letters unfiltered, etc). Averaged thresholds showed that for a 
given noise, unfiltered letters (the sum of the high- and low-pass letters) led to better 
recognition than either component filtered letter alone. High-pass letters led to better 
performance than unfiltered letters in low-pass noise. 

Cleaning up scanned text pages from old manuscripts is achieved through Dilation Erosion, 
Opening and Closing techniques of raw or negative images. We look on how to clean up 
isolated noise dots without removing dots that are part of characters, by using bwareaopen, 
bwlabel and regionprops to highlight the pixels that were removed  and logical operators 
(logical AND of the dilated characters with the pixels removed or logical OR) to restore the 
removed pixels. We suggest the use of morphological reconstruction to get all the pixels 
connected to the overlapping pixels. Thinning and cropping could lead to segmented 
characters that include parts (remains) of other neighboring print objects, while 
skeletonization displaces junctions, and short false branches occur. Thinning of thick binary 
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images reduces shape outlines, while different thinning rules optimize edge noise, remove, 
add or move spurious noise and edges, see fig. 31. 

 

 

Dilate filter Erode noise 

Convolution kernel (5x5 or 3x3) (sharpen, blur, edge, enhance, detect, emboss, etc) 

 
Emboss filter Displacement filter Illusion Filter 

 
Fractal trace filter Seamless filter Warp filter 

Fig. 31. Convolution filters / Erosion / Dilation on Images 
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images reduces shape outlines, while different thinning rules optimize edge noise, remove, 
add or move spurious noise and edges, see fig. 31. 
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Fig. 31. Convolution filters / Erosion / Dilation on Images 
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Warp filter masks an image to protect / wrap / unwrap it against filter action (steps, 
smears, blackens, displaces, dithers, swirls, scatters, etc), see fig. 31. 
 

 

 
Fig. 32. Whirl: Using gradient to bend / unbend a text 
 

  
 

  
 

   
Fig. 33. Convolution filters 

9.1 Image enhancement 

Image Enhancement of degraded text includes add borders, crop an image, rescale 
amplitude, equalize / match histogram, modify / apply multi-band (RGB), or color-cube / 
generic lookup table, dithering, offsets, pixel point processing (pixel inverting), thresholding 
(binary contrast enhancement), segmentation with / without  a priori font information, 
retouche light, radial exposure and brightness,  handwritten characters clarification (Gatos, 
2004), texture unsharp masking, edge enhancement, etc (Gupta, 2007) , see fig. 34. 
Retouching filters, controls focus and sharpness without artifacts, with color correction, 
exposure compensation, white balance corrector for miscoloration caused by light source, 
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master transparency like GIFs with transparent backgrounds, master contrast, saturation, 
correct camera lens distortions, master noise filtering,  photos tone, etc. Historical 
manuscripts image processing consists of the following five stages: 

 
Image acquisition by a digital camera offers inherent advantages, i.e. produces less noise, with high 
resolution and image prepared for binarization. 
Image preparation converts the original raw image format into TIFF /JPEG file format for memory 
saving and minimal computational effort. Cropping,  removing invisible and irrelevant information and 
converting to grayscale are necessary steps before denoising and binarization. 
Denoising is derived by comparing Mean, Median and Wiener filters in spatial domain and Gaussian 
and Butterworth filters in the frequency domain. 
Thresholding is applied by global (Otsu’s) and local (Niblack, Sauvola, Bernsen) thresholding 
techniques to previous stages resulting, filtered images. 
Refinement procedure is applied on the binarized image, based on erosion and dilation, such that the 
obtained image has its characteristics further clarified in the texture and foreground compared with the 
background area. Cleaning and enhancing stands for visual appearance and beauty while refinement is 
for reliable, true display. 

Fig. 34. Enhancement method stages 
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Warp filter masks an image to protect / wrap / unwrap it against filter action (steps, 
smears, blackens, displaces, dithers, swirls, scatters, etc), see fig. 31. 
 

 

 
Fig. 32. Whirl: Using gradient to bend / unbend a text 
 

  
 

  
 

   
Fig. 33. Convolution filters 
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master transparency like GIFs with transparent backgrounds, master contrast, saturation, 
correct camera lens distortions, master noise filtering,  photos tone, etc. Historical 
manuscripts image processing consists of the following five stages: 
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Table 3. Steps of refinement stage 

9.2 Binarization – Thresholding techniques and algorithms 

Thresholding, is a binary contrast enhancement technique, that provides a simple means of 
defining the boundaries of objects that appear on a contrasting background. The threshold 
range is specified by a low value and a high value (Leedham, 2003, Solihin, 1999) , see fig. 
37. For the binarization of images many threshold algorithms, (global, local and adaptive), 
have been proposed to separate foreground from background objects (Yang, 2000). We have 
chosen Otsu’s (Otsu, 1979), Niblack’s (Niblack, 1986), Sauvola’s and Bernsen’s binarization 
methods (Sauvola, 2000) are used to compare their results on Byzantine textual images taken 
from the Holy Monastery of Dousiko, Pylh,  near Meteora, Trikala, Thessaly, Greece. 

Global thresholding 
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0,                

if f x y Tg x y
otherwise

 


 

If T the global threshold of image f(x,y) and the g(x,y) is the thresholding result. 

Otsu’s optimal threshold method minimizes the class variance of the two classes of 
pixels.Threshold selection is absolute, conventional, optimal, automatic, adaptive, 
nonparametric, parametric, etc.  

9.3 Lighting conditions 

Light text is harder to read than dark text. Responses to light text are slower and less 
accurate for a given contrast. Letters recognition is based on component features. Optical 
density is the amount of light reflected or transmitted on a logarithmic scale. Vectorial 
processing depends on the exposure light conditions. (sun, daylight, lamp, cool white 
fluorescent lighting, incandescent lamp, flash, candle, etc), illumination, non uniformity, low 
contrast, degradation, shadows etc. The camera and lighting should be calibrated, each 
channel is processed separately, stray light reduce the measured dynamic range while 
lighting should be even, aligned, glare-free with variation less than ±5%, with gray surround 
and no light behind the camera and stable background intensity to flatten image tones; two 
lamps at least with incident angle of 20-40° and auto-exposure cameras compensate glare in 
the dark zones. 

Sparkle filter adds sparkles to our image, Lens flare filter gives the impression that sun hit 
the shot object and creates reflection effect. 3D Effect filter highlights perspective, Drop 
shadow filter adds a drop-shadow to the image, see fig. 35. 
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Table 4. Lighting conditions and effects on a Byzantine page 
 

Gradient flare or supernova filter 
creates random glow, rays, opacity

 

Lighting effects filter simulates the 
light up of a spot, with no shadows 
and details in dark zones, 
transparency, background, 
direction, color, intensity, position, 
reflections by objects.  

Fig. 35. Lighting effects filter 

Changes in illumination, or local shadows do not provide global threshold, see fig. 36. 

 
(a) (b) (c) 

Fig. 36. Global threshold (a) grayscale image (b) T=100 (c) T=150 

 
Fig. 37. Levels of thresholding and quality of results 
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Local thresholding 

Niblack’s method 

T(x,y)=m(x,y)+k*s(x,y)     k=-0.2 

where m(x,y) and  s(x,y) are the average of a local area and the standard deviation. . A 
window size 15-by-15 suppresses the noise in the image, but preserves local details 

Sauvola’s method is an adaptive threshold method, with k=0.1 and R=128. 

( , )( , ) ( , ) 1 1 s x yT x y m x y k
R

      
  

 

Bernsen’s method where Zmax and Zmin are maximum/minimum intensity and works in high 
contrast C(x,y) dependent on k and on the window size n. Threshold produces ghosts. 

max min( , )
2

Z ZT x y 
  

max min( , )C x y Z Z   

9.4 Thresholding results 

Binarization is applied to all document image categories. Image focusing, sharpness and 
clarification on the handwritten characters (Kavallieratou, 2002), and  texture was compared 
with the original ones, see Table 5. The binarization, based on adaptive global /local 
thresholding, is efficient in image digitalisation and works best on high resolution images. 
JPEG file formats need the least computational effort to be processed. 
 

Documents Image Category / Binarization Bernsen Niblack Otsu Sauvola 
GOOD CONDITION BEST BEST BEST BEST 
SPOTS and STAINS BAD GOOD BAD BEST 
SHADOWS or WRINKLES BAD BEST BAD BEST 
INK SEEKING from other SIDE BAD GOOD BAD BEST 
THIN STROKES of PEN BAD BAD GOOD BAD 
RED coloured CHARACTERS BEST GOOD GOOD GOOD 

Table 5. Results from combination of Wiener filter 5x5 with binarization methods for image 
category 

Thresholding techniques applied to classified byzantine documental images reveal the 
comparative effect of combined filtering and binarization. 

Niblack’s and Sauvola’s methods produce efficient results in almost all categories except the 
category of thin strokes of pen in which global Otsu’s method has the best results on the 
produced binary images (Niblack, 1993). Bernsen’s method produced best results in 
manuscripts with characters with “spots and stains” and “red coloured characters”. Our 
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post-binarization refinement improves the image quality, the appearance of the binary 
images and text readability, clarifies the background area, especially in documents with red 
ink characters and line gaps or holes. Refinement consists of the successive erosion followed 
by dilation operation, and opening on the negative image, see fig. 38, 39. 
 

 
 

original 
document 
image with 
spot 

original 
document 
image with 
illumination 
shadow

with ink 
seeking from 
other side, 
transparent 
background

binary image 
with Sauvola’s 
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5x5Wiener 
filter

binary image 
with Sauvola’s 
method after 
5x5Wiener 
filter

Sauvola method 
binary image 
after Wiener 
filter 5-by-5 
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Document 
image with 
characters 
with red ink

detail of image 
with black dots 
before / after 
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Table 6. Document image before and after binarization 
 

 
Fig. 38. Equalize and Negative or Invert Value and White balance for thresholding 
 

  
Fig. 39. Colorify / Color enhance and threshold 
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Local thresholding 
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post-binarization refinement improves the image quality, the appearance of the binary 
images and text readability, clarifies the background area, especially in documents with red 
ink characters and line gaps or holes. Refinement consists of the successive erosion followed 
by dilation operation, and opening on the negative image, see fig. 38, 39. 
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Fig. 38. Equalize and Negative or Invert Value and White balance for thresholding 
 

  
Fig. 39. Colorify / Color enhance and threshold 
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10. Compression 
Byzantine images are saved as RAW file, TIFF, or high quality JPEG. Raw images can be 
converted to JPEG (maximum quality), TIFF (without LZW compression), or PNG and 
removes redundancy. TIFF is the standard print industry format. We crop the images to 
minimize edge effects. RAW to TIFF, JPEG, etc converters perform additional functions such 
as add gamma curve and an additional tonal response curve, they reduce noise and sharpen 
the image. Compression tools (lossless and lossy) for images are included, depending on 
streaming (capture, store, and transfer (via a network) images) vs relative CPU, memory 
usage, channel demands, and storage requirements. Different compression algorithms are 
available such as whitespace compression, Run-Length Encoding (RLE), Huffman Encoding, 
Lempel Ziv-Compression, etc. A special quality of word-based Huffman compressed text is 
that it does not needs to undergo decompression to be searched by standard searching 
algorithms, so would lose none of the algorithm searchability. Compression problems 
include nonlinear quantization, colour channels, etc. JPEGs compress the file or the colour 
channels in ways that the eye is unable to easily detect, i.e. the structural detail is preserved, 
but when high levels of compression are applied increasingly fine detail is sacrificed, and 
some corruption will be detectable at higher magnification. Compression that gives rise to 
artifacts, corruption of the image, is lossy compression, and once the clarity of your image is 
lost it cannot be restored. 

10.1 Database 

Organizing valuable or impossible to access fragile images from Byzantine sources in a 
database, (Gatos, 2004) is a powerful way to communicate and distribute them on the web 
by handling a massive quantity of images. Content-Based searching (texture/pattern, shape, 
color, orientation,  and layout or a combination) of Large Image Databases is impractical and 
time consuming (Date, 2002). The relational database organize and manage such 
information, create virtual classifications, virtual folders, and interact with images, and 
metadata. Most frequently requested and computationally intensive jobs should be pre-
processed, so that will be quickly hit, while others at the time of request. Utilities and 
software tools (middleware) facilitate organization for efficient access (searching, browsing, 
and retrieval), manipulate, enhance, and annotate existing information. Multimedia 
information contains an enormous amount of embedded information. An abstract function 
operation is edge detection or thresholding. The semi-compressed domain is convenient 
since it is an intermediate form that compressed video frames and images must pass 
through during decompression. A Byzantine manuscript consists of hundreds of pages of 
high fidelity images where each image is 12÷21 MB or larger; existing tools are not designed 
to display / search / browse massive digitized documents. Multimedia information is 
stored at multiple resolutions, and the appropriate level of resolution is selected and 
transferred automatically based on parameters such as the speed of the link.  

It is increasingly difficult to ask a spreadsheet combined questions and we need to 
normalize the database rows/columns referred to as attributes. Database normalization 
iteratively divides large tables into smaller, enhances database consistency, reduces 
redundant data and ensures data dependencies, speeds up server performance with faster 
sorting and indexing (Date, 1999, Picard, 1993). 
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Fig. 40. Spreadsheet images acquisition classification scheme 

10.1.1 Classification 

We classified byzantine images according to their content, i.e. old handwriting, (Greek) 
manuscript (varying in types, size, color, format and level of noise, capital /lower case 
letters), document images and photos, byzantine music symbols, etc. Historical documents 
are high / low contrast, colour / grayscale, totally/partially degraded or damaged, paper 
image condition, with red ink characters and line gaps or holes, transparent, with 
transparent objects, transparent background, simple / complex, text / graphics highly 
mixed, etc (Foley, 1990). Text mining is not information retrieval, extraction, categorization, 
because they do not generate new information but it involve new discoveries through 
analysis of a text, i.e. uncover a new relationship. There is always a risk of missing, or 
misclassifying. We wish to optimize subjective impression and readability perception. Text 
readability increases by text contrast, background contrast, and relative text contrast (text 
contrast divided by background contrast). A software classifier can automate processing per 
document class assisted by a training database for the sorting system composed of images 
that have distinct differences. 

10.2 Suggestions for further work 

Documents image restoration, binarization, filtering and processing is an issue of 
continuous researching. Most of the historical documents images, in libraries and museums, 
can be acquired and stored dynamically in computers, in digital format for preservation, 
storage, computation, reproduction, visualization, interpretation and recognition. The 
proposed technique investigated for optimal methods for every image type, among the 
existing methods, the image noise and the paper conditions. We investigated for a 
universally efficient method for all the images categories by focusing on best thresholding 
value for every pixel area in the image, i.e. a combination of global and local methods 
structured into processing levels. 

Potential application fields include the automation of the combined binarization-filtering 
procedure and the extension of the method to a wider area of documental and similar or 
non-documental images. 

An image typically goes through a series of transformations that extract information from 
the image or compute new information based on the image; this sequence can be monitored 
and automated through an Expert System. 
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11. Conclusion 
Although excellent image processing tools and techniques exist we either do not use them 
efficiently in application fields, or in an intelligent way (GIMP, 2011, Mathworks, 2011). 
Errors classification in old documents background, text, stamps and images, image 
processing by experts or an expert system assisted by image segmentation techniques could 
reveal lost details. 

The purpose of our work on denoising and binarization was to introduce an innovative 
sequential procedure for digital image acquisition of historical documents including image 
preparation, image type classification according to their condition and their spatial 
structure, global and local features or both, including document image data mining. 

Image processing pixel alterations, allow one-pass iterations only by near neighborhood of 
alteration reprocessing algorithms. Algorithm complexity analysis is O(N3), while 
computational effort and  execution time needed is overcome by parallel computational 
machines. In handwritten documents text orientation, skew, skew detection time and skew 
reconstruction time are critical parameters. 

The estimated results for each class of images and each method are further enhanced by an 
innovative image refinement technique and a formulation of a class proper method. Our 
work tends to focus mostly on Images Digital Restoration rather than on Binarization. Due 
to the dynamic research on the field, comparison of methods and techniques is continuous. 
Method efficiency, universality, versatility, flexibility and robustness is straightforward on 
any historical document and other cases, but selection or combination of appropriate 
algorithm (no single algorithm works well for all types of images) is needed. Compared to 
the image enhancement method, the image classification method is more text / image 
characteristic-oriented. It highly depends on the images to be processed, or saying in 
another way, the historical document to be investigated. There is no ideal method working 
for every case. There is not a single suitable method that can be applied to all types of 
images. 

12. Appendix I. Properties of paper 
 

Property Comment Meaning Range Standard 

Print quality appearance properties roughness, gloss, ink absorption, whiteness, brightness 

Printability 
dot reproduction/gain, 
print gloss, hue shift 
and print uniformity 

true reproduction of 
original artwork   

 Good printability, compressibility, absorbency and ink hold out give good printing 
and hand writing. 

Readability ink to paper contrast  

Basis Weight 
or Grammage: 

most fundamental 
property of paper 

weight of paper per 
unit area  

TAPPI T 410, 
SCAN P6, 

DIN53104 & ISO: 
BSENISO536 
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Bulk 
(cubic centimetre/g) = 
Thickness (mm)* Basis 
Weight (g/m2) * 1000 

volume or thickness 
in relation to weigh 
reciprocal of density

 

TAPPI T 500, 
SCAN P7 

DIN53105, 
ISO534, BS: 
ENISO20534 

Decrease in bulk/ increase in density makes the sheet smoother, glossier, less opaque, darker, lower in 
strength for printing bible 

Caliper or 
Thickness  how bulky or dense 

paper is 
range from 70 
GSM onwards TAPPI T 411 

Curl 

Stresses that are 
introduced into the 

sheet during 
manufacture and use 

Paper curl is a 
deviation of a sheet 

from flat form 
 TAPPI T 466 & 

T520 

There are three basic types of curl, mechanical, structural and moisture curl; one side of the sheet 
pick up more moisture 

Dimensional 
Stability  dimensional changes cause undesirable cockling and 

curling 

 All papers expand with increased moisture content and contract with decreased 
moisture content, but the rate and extent of changes vary with different papers. 

Moisture 2 - 12% ISO 287 

 
Moisture varies depending on relative humidity, type of pulp used, degree of refining 

and chemical used. Most properties change as a with moisture content. Very low 
porosity or coated on one side or wax pick gives resistance to grease and moisture. 

Porosity 
total connecting air 

voids both vertical and 
horizontal, 

ability of fluids, to 
penetrate the paper 

structure 

Paper is highly 
porous, contains 

up to 70% air 
 

 Porosity is an indication of absorptivity, the ability to accept ink or water 

Smoothness 
roughness, levelness, 

compressibility, finish, 
appearance, pattern 

surface contour of 
paper   

Smoothness for writing, ease of travel of the pen over the paper, gives eye appeal as a rough paper is 
unattractive. 

Permanence degree to which paper resists deterioration over time. 

Optical 
properties     

Brightness for readability and 
opacity 

% reflectance of blue light at a 
wavelength 

TAPPI/GE and 
ISO 11475. 

Whiteness 
Balanced white sheets have a yellowish cast 

but we perceive sheet with a bluish to be 
whiter 

Whiter sheets reflect equally red, 
green, blue light, the visual 

spectrum 
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11. Conclusion 
Although excellent image processing tools and techniques exist we either do not use them 
efficiently in application fields, or in an intelligent way (GIMP, 2011, Mathworks, 2011). 
Errors classification in old documents background, text, stamps and images, image 
processing by experts or an expert system assisted by image segmentation techniques could 
reveal lost details. 

The purpose of our work on denoising and binarization was to introduce an innovative 
sequential procedure for digital image acquisition of historical documents including image 
preparation, image type classification according to their condition and their spatial 
structure, global and local features or both, including document image data mining. 

Image processing pixel alterations, allow one-pass iterations only by near neighborhood of 
alteration reprocessing algorithms. Algorithm complexity analysis is O(N3), while 
computational effort and  execution time needed is overcome by parallel computational 
machines. In handwritten documents text orientation, skew, skew detection time and skew 
reconstruction time are critical parameters. 

The estimated results for each class of images and each method are further enhanced by an 
innovative image refinement technique and a formulation of a class proper method. Our 
work tends to focus mostly on Images Digital Restoration rather than on Binarization. Due 
to the dynamic research on the field, comparison of methods and techniques is continuous. 
Method efficiency, universality, versatility, flexibility and robustness is straightforward on 
any historical document and other cases, but selection or combination of appropriate 
algorithm (no single algorithm works well for all types of images) is needed. Compared to 
the image enhancement method, the image classification method is more text / image 
characteristic-oriented. It highly depends on the images to be processed, or saying in 
another way, the historical document to be investigated. There is no ideal method working 
for every case. There is not a single suitable method that can be applied to all types of 
images. 

12. Appendix I. Properties of paper 
 

Property Comment Meaning Range Standard 

Print quality appearance properties roughness, gloss, ink absorption, whiteness, brightness 

Printability 
dot reproduction/gain, 
print gloss, hue shift 
and print uniformity 

true reproduction of 
original artwork   

 Good printability, compressibility, absorbency and ink hold out give good printing 
and hand writing. 

Readability ink to paper contrast  

Basis Weight 
or Grammage: 

most fundamental 
property of paper 

weight of paper per 
unit area  

TAPPI T 410, 
SCAN P6, 

DIN53104 & ISO: 
BSENISO536 

 
Digital Restoration by Denoising and Binarization of Historical Manuscripts Images 

 

105 

Bulk 
(cubic centimetre/g) = 
Thickness (mm)* Basis 
Weight (g/m2) * 1000 

volume or thickness 
in relation to weigh 
reciprocal of density

 

TAPPI T 500, 
SCAN P7 

DIN53105, 
ISO534, BS: 
ENISO20534 

Decrease in bulk/ increase in density makes the sheet smoother, glossier, less opaque, darker, lower in 
strength for printing bible 

Caliper or 
Thickness  how bulky or dense 

paper is 
range from 70 
GSM onwards TAPPI T 411 

Curl 

Stresses that are 
introduced into the 

sheet during 
manufacture and use 

Paper curl is a 
deviation of a sheet 

from flat form 
 TAPPI T 466 & 

T520 

There are three basic types of curl, mechanical, structural and moisture curl; one side of the sheet 
pick up more moisture 

Dimensional 
Stability  dimensional changes cause undesirable cockling and 

curling 

 All papers expand with increased moisture content and contract with decreased 
moisture content, but the rate and extent of changes vary with different papers. 

Moisture 2 - 12% ISO 287 

 
Moisture varies depending on relative humidity, type of pulp used, degree of refining 

and chemical used. Most properties change as a with moisture content. Very low 
porosity or coated on one side or wax pick gives resistance to grease and moisture. 

Porosity 
total connecting air 

voids both vertical and 
horizontal, 

ability of fluids, to 
penetrate the paper 

structure 

Paper is highly 
porous, contains 

up to 70% air 
 

 Porosity is an indication of absorptivity, the ability to accept ink or water 

Smoothness 
roughness, levelness, 

compressibility, finish, 
appearance, pattern 

surface contour of 
paper   

Smoothness for writing, ease of travel of the pen over the paper, gives eye appeal as a rough paper is 
unattractive. 

Permanence degree to which paper resists deterioration over time. 

Optical 
properties     

Brightness for readability and 
opacity 

% reflectance of blue light at a 
wavelength 

TAPPI/GE and 
ISO 11475. 

Whiteness 
Balanced white sheets have a yellowish cast 

but we perceive sheet with a bluish to be 
whiter 

Whiter sheets reflect equally red, 
green, blue light, the visual 

spectrum 
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Color: 
quality of light, viewed 
under a different light 

source 

hue, saturation, 
darkness or 
lightness). 

aesthetic value  

Gloss Gloss and smoothness diffusely reflected light TAPPI T 480 

Opacity sheet light absorbed, 
both sides printed 

light not passing 
through a sheet  ISO 2471 and 

TAPPI T425. 

Sizing / Cobb 
 

the ability of fluids, , to 
penetrate the structure 

of pap 

the writing ink go 
into the paper 

instantly and dry 

water-repellent 
materials (rosin, 
wax, gelatinous)

 

Dirt Content 
visible to the eye such as 
bark, undigested wood, 
pitch, rust, plastic, etc 

dirt specks, 
unwanted foreign 

particle 

change reflected 
or transmitted 

light 
 

Pin Holes Imperfections looking through  

Other properties are Temperature and Humidity, Conditioning of Paper, Wire side and Felt side, 
Strength Properties, Surface Strength, Compressibility, Resiliency, Stiffness, etc. 

Certain properties such as smoothness, texture and ink absorbency differ between wire and felt side. 

Paper types include alkaline paper, antique paper, art paper, Bible paper, General Writing paper, etc. 
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1. Introduction 
Nondestructive testing (NDT) provides safe operation to engineering components – it 
eliminates the risk of damage during operation, and does not require specific sample 
preparation. It has been widely used to detect and evaluate defects, or measure properties of 
different types of materials and engineering structures. Examples of NDT techniques include 
ultrasonic, radiography, infrared thermography, electromagnetic techniques and visible 
optical methods. The imaging principles and imaging facilities used by these techniques can be 
very different, but almost all the techniques listed above require image processing to some 
extent. In this chapter, instead of extensively exploring all the NDT techniques and 
corresponding image processing methods, we will focus on optical measurement technique 
and related image processing methods, and use porous materials as specimens.  

Optical microscopy and digital camera imaging are two examples of optical measurement 
technique, where optical microscopy is the conventional one. Based on how the light 
transfers from the sample to the objective, it can be categorized to two different modes – 
transparent mode and reflected mode. Digital camera imaging appeared with the 
development of semiconductor industry. Digital images bring convenience for image 
storage, image transferring, and subsequent image processing. Actually, digital image 
acquisition facilities, e.g. Complementary Metal Oxide Semiconductors (CMOS) and Charge 
Coupled Device (CCD), can be combined with the traditional microscope to form digital 
microscopes. As a convenient way of measurement, optical microscope and digital camera 
imaging system has been extensively used in the area of microelectronics, nanophysics, 
biotechnology, pharmaceutical research, mineralogy, and material science.  

Typical image processing procedures include image acquisition, image alignment/stitching, 
image contrast enhancement, grey scale thresholding, and/or image subtraction. The 
characteristic of the specimens determines which image processing techniques to be used. 
For example, for the images with background noise, image subtraction can be applied when 
the background can be evaluated; otherwise thresholding might be applied to eliminate the 
background influence. 
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1. Introduction 
Nondestructive testing (NDT) provides safe operation to engineering components – it 
eliminates the risk of damage during operation, and does not require specific sample 
preparation. It has been widely used to detect and evaluate defects, or measure properties of 
different types of materials and engineering structures. Examples of NDT techniques include 
ultrasonic, radiography, infrared thermography, electromagnetic techniques and visible 
optical methods. The imaging principles and imaging facilities used by these techniques can be 
very different, but almost all the techniques listed above require image processing to some 
extent. In this chapter, instead of extensively exploring all the NDT techniques and 
corresponding image processing methods, we will focus on optical measurement technique 
and related image processing methods, and use porous materials as specimens.  

Optical microscopy and digital camera imaging are two examples of optical measurement 
technique, where optical microscopy is the conventional one. Based on how the light 
transfers from the sample to the objective, it can be categorized to two different modes – 
transparent mode and reflected mode. Digital camera imaging appeared with the 
development of semiconductor industry. Digital images bring convenience for image 
storage, image transferring, and subsequent image processing. Actually, digital image 
acquisition facilities, e.g. Complementary Metal Oxide Semiconductors (CMOS) and Charge 
Coupled Device (CCD), can be combined with the traditional microscope to form digital 
microscopes. As a convenient way of measurement, optical microscope and digital camera 
imaging system has been extensively used in the area of microelectronics, nanophysics, 
biotechnology, pharmaceutical research, mineralogy, and material science.  

Typical image processing procedures include image acquisition, image alignment/stitching, 
image contrast enhancement, grey scale thresholding, and/or image subtraction. The 
characteristic of the specimens determines which image processing techniques to be used. 
For example, for the images with background noise, image subtraction can be applied when 
the background can be evaluated; otherwise thresholding might be applied to eliminate the 
background influence. 



 
Advanced Image Acquisition, Processing Techniques and Applications 

 

110 

In this chapter, the image processing techniques will be reviewed. Their applications in 
characterizing porous materials will be explored. 

2. Overview of image processing techniques  
2.1 Image acquisition 

Image acquisition is the first step of optical characterization techniques. It is also the first 
place where noise can be introduced. The characteristic of the noise introduced in the image 
acquisition process dominates the following image processing techniques. In order to 
understand the cause of noise, the principles of image acquisition devices will be discussed 
first.  

For digital image acquisition, CMOS and CCD are the most commonly used devices. The 
first solid-state imager presented in the 1960’s. The CMOS image sensors appeared in 1967 
[1], and the first CCD sensor appeared in 1970 [1]. In early 1970’s MOS diodes were used as 
light sensitive elements [2]. However, at that time, CMOS image sensors had poor 
performance and large pixel size, compared to CCD. CCD has been the major imaging 
device owing to their superior dynamic range, lower fixed-pattern noise, higher fill factor, 
and higher sensitivity to light [3]. However, during the last decade, CMOS sensor 
implementing buffer per pixel has been developed, which is known as active pixel sensors 
(APS). APS provides high speed readout, which makes it suitable for high speed imaging 
[4]. Table 1 is the comparison of CCD and CMOS image sensors. 

 
Features CCD CMOS 

Sensitivity Higher, especially for still 
images 

Lower  

Noise level Lower Higher  
Dark current Lower  Magnitudes higher than the 

CCD [5] 
High speed performance - Good 

Power consumption Higher Lower  
Compatibility - Higher integration 

capability with chip circuits 

Table 1. Comparison of CCD and CMOS 

Right now, CMOS is being used in the area of security surveillance, automotive, imaging 
phones, etc., owing to the properties of lower power consumption, lower operation voltage, 
high compatibility and high speed readout rate. CCD has application in the area of medical 
imaging, astronomy, professional cameras, etc., because of its high performance and image 
quality [6].  

In the material characterization area, CCD is the dominating digital imager. CCD device 
consists of arrays of capacitors, which accumulate electric charge proportional to the light 
intensity at the location. In an ideal case, every photon striking the CCD sensor will be 
converted to one electron. Then the intensity of the incoming light can be quantified by 
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counting the corresponding electrons. Unfortunately, noise always exists in this process. 
Noise in CCD images appears in multiple ways, including dark background areas, faint 
horizontal or vertical lines, blotchy gradients, and low contrast images. A brief overview of 
noise sources in CCD is listed below. 

Dark current 

All CCD sensors generate a dark signal to some degree. CCD builds up dark current 
whether the CCD is being exposed to light or not. Dark current arises from thermal energy 
within the silicon lattice in the CCD [7]. Electrons dependent of the incoming light are 
collected over time by the CCD potential wells and counted as signal electrons. This signal 
also carries a statistical fluctuation known as dark current noise. The rate of dark current 
accumulation depends on the temperature of the CCD, but will eventually fill every pixel in 
a CCD. The pixels in the CCD will be cleared and reset before imaging. However, dark 
current accumulates again when exposure starts. In the case of long integration time usage 
of CCD systems, e.g. in astrophotography and spectroscopy, more input signal is collected, 
as well as more dark current noise. Ideally, the dark current noise should be reduced to a 
point where its contribution is negligible over a typical exposure time. The rate of dark 
current can be reduced by a factor of 100 or more by cooling the CCD [7]. CCDs can be 
cooled either with thermoelectric coolers (TECs) or liquid nitrogen. The amount of dark 
current noise highly depends on the temperature, with half value of dark current for every 
5oC ~ 9oC cooling down of the system [8]. Therefore, cooling system is integrated to high 
sensitivity CCDs, e.g. the CCD used in spectroscopy area, to increase the signal-to-noise 
ratio. However, running the CCD cooler than necessary can also lead to extra noise, which 
appears as a ‘ghost’ image.  

Besides eliminating the dark noise in the hardware level, methodological ways are also 
necessary. In intensity-oriented measurements, in order to further eliminate the effect of 
dark signals, sub-exposure of dark frames is usually applied for calibration of the image 
acquisition system. When acquiring the dark frames, all the other conditions are kept the 
same. The acquired dark frame is the background of the measurement, which will be 
subtracted from the measurement images in the following process. 

Pixel non-uniformity 

CCD pixels are made to be uniform. Unfortunately, in really practice, they are slightly 
different to each other. The sensitivity to light of the pixels is typically within 1% to 2% 
fluctuation of the average. This non-uniform sensitivity brings error to the image. Pixel non-
uniformity can be reduced by calibration with a flat-field image [9].  

One way to take account the dark current noise and pixel non-uniformity is to normalize 
them using the following equation (Eqn. 2.1) [10]. 
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where oI  is the acquired image; darkI  is the dark current frame; flatI  is the flat-field image; 
nI  is the normalized image. 
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In this chapter, the image processing techniques will be reviewed. Their applications in 
characterizing porous materials will be explored. 
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implementing buffer per pixel has been developed, which is known as active pixel sensors 
(APS). APS provides high speed readout, which makes it suitable for high speed imaging 
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Features CCD CMOS 

Sensitivity Higher, especially for still 
images 

Lower  

Noise level Lower Higher  
Dark current Lower  Magnitudes higher than the 

CCD [5] 
High speed performance - Good 

Power consumption Higher Lower  
Compatibility - Higher integration 

capability with chip circuits 

Table 1. Comparison of CCD and CMOS 
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counting the corresponding electrons. Unfortunately, noise always exists in this process. 
Noise in CCD images appears in multiple ways, including dark background areas, faint 
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as well as more dark current noise. Ideally, the dark current noise should be reduced to a 
point where its contribution is negligible over a typical exposure time. The rate of dark 
current can be reduced by a factor of 100 or more by cooling the CCD [7]. CCDs can be 
cooled either with thermoelectric coolers (TECs) or liquid nitrogen. The amount of dark 
current noise highly depends on the temperature, with half value of dark current for every 
5oC ~ 9oC cooling down of the system [8]. Therefore, cooling system is integrated to high 
sensitivity CCDs, e.g. the CCD used in spectroscopy area, to increase the signal-to-noise 
ratio. However, running the CCD cooler than necessary can also lead to extra noise, which 
appears as a ‘ghost’ image.  

Besides eliminating the dark noise in the hardware level, methodological ways are also 
necessary. In intensity-oriented measurements, in order to further eliminate the effect of 
dark signals, sub-exposure of dark frames is usually applied for calibration of the image 
acquisition system. When acquiring the dark frames, all the other conditions are kept the 
same. The acquired dark frame is the background of the measurement, which will be 
subtracted from the measurement images in the following process. 

Pixel non-uniformity 

CCD pixels are made to be uniform. Unfortunately, in really practice, they are slightly 
different to each other. The sensitivity to light of the pixels is typically within 1% to 2% 
fluctuation of the average. This non-uniform sensitivity brings error to the image. Pixel non-
uniformity can be reduced by calibration with a flat-field image [9].  

One way to take account the dark current noise and pixel non-uniformity is to normalize 
them using the following equation (Eqn. 2.1) [10]. 
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Shot noise 

The random arrival of photons to the CCD surface introduces shot noise. The probability of 
the photon arrival follows Poisson distribution. Shot noise becomes obvious when collecting 
a small amount of photons. Shot noise can be eliminated by collecting more photons, either 
with a longer exposure time or by combining multiple frames [9]. 

2.2 Image alignment/stitching 

Image alignment discovers correspondence among images with a certain degree of overlap. 
It is essential for image stabilization in computer vision. In material characterization area, it 
is required when comparing images of the same place of interest, but taken with different 
shoots. It is the former step of image subtraction. Image alignment techniques include pixel-
based alignment [11], feature-based alignment [12-14], Fourier-based alignment [15, 16] and 
incremental refinement [17, 18].  

Image stitching combines multiple images of different areas with overlapping to create a 
panorama. It is useful for obtaining high resolution overview of an object from multiple 
microscopic images. Image stitching techniques include key point detection [19, 20], feature 
matching [21], geometric registration [22, 23] and global registration [24, 25]. In material 
characterization area, feature matching is the commonly applied technique. Detailed 
description of image alignment algorithms and image stitching methods can be found in the 
technical report written by R. Szeliski [26]. 

2.3 Image contrast enhancement 

Electronically acquired images often have grey scale distortion and require contrast 
enhancement to restore their quality. Image contrast enhancement makes it easier for object 
detection, edge detection, and image segmentation. However, this technique is only applied 
when image intensity is not related to the parameter to be measured. The enhancement 
algorithm is highly affected by the properties of material to be measured. The contrast 
enhancement algorithms can be classified as histogram-based [27-29] or frequency domain-
based [30-32]. Among these algorithms, histogram equalization is the basis of many 
derivatives. It includes block-based histogram equalization methods such as contrast limited 
adaptive histogram equalization [27-30, 32-34]. Traditional histogram equalization modifies 
the histogram of the entire image to obtain a contrast-enhanced image with a more uniform 
histogram. Although it enhances the contrast to a large extent to produce a better 
visualization effect, it still cannot discriminate details in homogeneous regions in the image. 
Chang et al proposed a block-based histogram equalization method, called collaborative 
learning method for image enhancement, which works well for images with homogeneous 
regions [35].   

2.4 Thresholding 

Thresholding is one of the traditional image processing methods. It is also the simplest 
method of image segmentation. In the thresholding process, individual pixels are treated as 
object pixels if their values are greater or smaller than a threshold value. Thresholding a 
grey image results in a binary image, which can be used to perform measurement of 
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interest, e.g. area fraction, and spatial distribution. Choosing threshold value is essential in 
image processing. In fraction measurement or porosity detection, slightly different threshold 
values can lead to dramatic difference in the final results. In practice, the threshold value is 
affected by measuring conditions also, e.g. illuminatiing intensity.  

The thresholding algorithm can be categorized to four groups – histogram shape-based 
methods [36, 37], entropy-based methods [38], locally adaptive methods [39, 40] and spatial 
methods[41]. In the histogram shape-based methods, the aim is to find an optimal threshold 
value that separates two major peaks in the histogram. This is performed by applying 
smoothing filters to the histogram, followed by applying a difference filter or fitting the 
histogram. The drawback of the histogram shape-based method is the lack of spatial 
information of images. The entropy-based methods use the entropy of the image as a 
constraint for selecting thresholds. There are two ways to conduct this process – maximizing 
the entropy of the thresholded image or minimizing the cross entropy between input image 
and the output image [42]. The disadvantage of this method is the complexity and low 
image quality. Locally adaptive thresholding method calculates threshold at every pixel. 
The threshold value is determined by local parameters, e.g. mean, variance, surface fitting 
parameters or their combinations. Due to the algorithm of this method, the calculation of 
threshold is usually time-consuming. Spatial methods use higher-order probability 
distribution and/or correlation between pixels for thresholding.  

Recently, wavelet transformation fuzzy set theory [43], and Parzen window estimate [44] 
technique are applied to create multi-level thresholing methods. More details on image 
thresholding methods can be found in the article written by Sezgin and Sankur [45]. 

2.5 Subtraction 

Image subtraction is the process in which one reference/background image is ‘subtracted’ 
from measurement images, to record changes in luminosity or to remove the effect of the 
background. In the case of subtracting reference image, the images were focused on the 
same measurement place, but taken at different time slots. The change in luminosity may be 
from object movement or property change of the area to be measured. It is applicable in the 
area of particle image velocimetry, star movement detection in astronomy, angiography of 
blood vessels and porosity detection of porous materials. The key point of reference image 
subtraction technique is to create localized luminosity change of particles or areas to be 
measured, while keeping the luminosity of the other areas with minimum change. The 
methods to illuminate the particles or areas include visible light illumination, laser (UV, 
visible, IR) illumination, and fluorescence effect. In the case of star movement detection, no 
artificial illumination needed. However, the objects to be measured usually do not possess 
such optical properties. Therefore, assistant illumination additives are applied to reveal the 
properties of interest. In particle image velocimetry, seeding particles are added to the fluid 
and illuminated with external light source; in angiography of blood vessels, fluorescence 
effect is applied to reveal the blood flow; in porosity detection of porous materials, purified 
water is used to reveal the location of penetrating pores by reflecting visible light. The 
reference images are taken at the same conditions but before the property (e.g. position, 
velocity) changes. In order to keep the conditions unchanged during taking reference and 
measurement images, vibration control, temperature control, and shooting parameter 
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method of image segmentation. In the thresholding process, individual pixels are treated as 
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grey image results in a binary image, which can be used to perform measurement of 
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interest, e.g. area fraction, and spatial distribution. Choosing threshold value is essential in 
image processing. In fraction measurement or porosity detection, slightly different threshold 
values can lead to dramatic difference in the final results. In practice, the threshold value is 
affected by measuring conditions also, e.g. illuminatiing intensity.  

The thresholding algorithm can be categorized to four groups – histogram shape-based 
methods [36, 37], entropy-based methods [38], locally adaptive methods [39, 40] and spatial 
methods[41]. In the histogram shape-based methods, the aim is to find an optimal threshold 
value that separates two major peaks in the histogram. This is performed by applying 
smoothing filters to the histogram, followed by applying a difference filter or fitting the 
histogram. The drawback of the histogram shape-based method is the lack of spatial 
information of images. The entropy-based methods use the entropy of the image as a 
constraint for selecting thresholds. There are two ways to conduct this process – maximizing 
the entropy of the thresholded image or minimizing the cross entropy between input image 
and the output image [42]. The disadvantage of this method is the complexity and low 
image quality. Locally adaptive thresholding method calculates threshold at every pixel. 
The threshold value is determined by local parameters, e.g. mean, variance, surface fitting 
parameters or their combinations. Due to the algorithm of this method, the calculation of 
threshold is usually time-consuming. Spatial methods use higher-order probability 
distribution and/or correlation between pixels for thresholding.  

Recently, wavelet transformation fuzzy set theory [43], and Parzen window estimate [44] 
technique are applied to create multi-level thresholing methods. More details on image 
thresholding methods can be found in the article written by Sezgin and Sankur [45]. 

2.5 Subtraction 

Image subtraction is the process in which one reference/background image is ‘subtracted’ 
from measurement images, to record changes in luminosity or to remove the effect of the 
background. In the case of subtracting reference image, the images were focused on the 
same measurement place, but taken at different time slots. The change in luminosity may be 
from object movement or property change of the area to be measured. It is applicable in the 
area of particle image velocimetry, star movement detection in astronomy, angiography of 
blood vessels and porosity detection of porous materials. The key point of reference image 
subtraction technique is to create localized luminosity change of particles or areas to be 
measured, while keeping the luminosity of the other areas with minimum change. The 
methods to illuminate the particles or areas include visible light illumination, laser (UV, 
visible, IR) illumination, and fluorescence effect. In the case of star movement detection, no 
artificial illumination needed. However, the objects to be measured usually do not possess 
such optical properties. Therefore, assistant illumination additives are applied to reveal the 
properties of interest. In particle image velocimetry, seeding particles are added to the fluid 
and illuminated with external light source; in angiography of blood vessels, fluorescence 
effect is applied to reveal the blood flow; in porosity detection of porous materials, purified 
water is used to reveal the location of penetrating pores by reflecting visible light. The 
reference images are taken at the same conditions but before the property (e.g. position, 
velocity) changes. In order to keep the conditions unchanged during taking reference and 
measurement images, vibration control, temperature control, and shooting parameter 
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control are necessary. To further maintain consistency between different images, calibration 
of dark noise, image alignment, image thresholding techniques would also be useful. 

2.6 3-D reconstitution 

3-D reconstitution of images usually requires several image processing steps. It includes 
image reconstruction, image enhancement, image classification, and structure clustering. 
The techniques involved here are similar to the ones we discussed previously, but with 
focus on 3-D image processing.  

3-D images are obtained by stacking sequence of 2-D slice images, which are tomographic 
reconstructions from projection images. The commonly used algorithm for image 
reconstruction is filtered back-projection algorithm [46, 47]. This algorithm filters the images 
and then back-projects them to the 3-D image volume [10]. 

In the image enhancement process, smoothing filters, e.g. Box filters and Gauss filters [47, 
48], are usually applied to images to eliminate the influence of noise. Median filters are also 
used when there are outliers in the images. All the filters listed above have low-pass 
characteristics and are spatially invariant [10]. The smoothing filters have negative effect on 
the sharp edges in the image. Research has been carried out to find a low-pass filter which 
suppresses the noise without sacrificing the edge sharpness. The solutions involve 
numerically solving partial differential equations (PDEs). They are the non-liner diffusion 
filter [49, 50], the shock filter [51] and the inverse scale space filter [52]. More details on 
different type of filters can be found in the book written by Aubert and Kornprobst [53]. 
These filters were designed for 2-D image processing. Since 3-D reconstruction is based on 
sequence of 2-D images, the filters described above can be applied to 3-D image processing. 

Compared to the image enhancement method, the image classification method is more 
material characteristic-oriented. It highly depends on the images to be processed, or saying 
in another way, the property of the material to be investigated. There is no ideal method 
working for every case. The generally applied classification methods include histogram-
based thresholding [36, 37], region growing [54, 55], iterative class property minimization 
[56, 57] and segmentation [58]. 

Structure clustering is the process to perform interested measurement, e.g. the grain size 
distribution, and area fraction, etc. one example of segmentation algorithm is the watershed 
algorithm, which is based on the principle of a landscape flooded by water [59]. 

3. Application of image processing in porous material characterization 
As a non-destructive test method, image processing-based method can perform repeated 
tests of the same sample. The properties of the sample can be monitored both spatially and 
temporally. Furthermore, with proper imaging techniques, image processing-based method 
can provide 3-D scanning of the sample, to obtain an in-depth view of material. This is very 
useful in the area of porous materials, where the 3-D structure plays an important role to the 
functioning. The major image processing techniques involved in characterizing porous 
materials include noise reduction, image enhancement, image subtraction, pixel 
classification and pixel clustering.  
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3.1 Porous material 

Porous material is a material with irregular pores (or voids) and solid skeletons. One 
simple example is the sponge. Many materials are considered as porous materials, such as 
rocks, soil, wood, paper, catalysts, biological tissues (bone), cements, and some ceramics. 
Some important properties of these materials can only be rationalized when they are 
treated as porous media. The application area of porous materials is so wide that it 
includes from rock mechanics, petroleum engineering, to filtration, acoustics, biology and 
material science. The featured properties of porous materials include density, porosity, 
pore size, permeability and mechanical strength. The structure of porous materials has 
been modeled in three different ways – networks of capillaries, arrays of solid particles 
and trimodal. 

The complicated structures of porous materials bring significant challenge to 
characterization techniques. Owing to the aspect of non-destructive and deep investigating 
capability, image processing-based techniques have been applied to characterize porous 
materials in many different ways. The properties can be detected include the 2-D properties 
of porosity [60], pore diameter [60, 61] and 3-D structure [62-64], as well as flow behavior 
inside the porous media [10]. 

3.2 Surface porosity and pore diameter 

Surface porosity and pore diameter are the fundamental properties of porous materials. The 
detection of these two properties starts with imaging techniques to differentiate the pores 
from the frame of the porous materials. One way to do that is filling the pores with resins. 
After that the sample will be cut and polished for subsequent imaging [65]. The spatial 
resolution of this technique not only depends on the imaging hardware, but also the image 
processing algorithm. Due to the limitation of image segmentation and mathematic 
morphology filters, the pores can only be detected when they span more than five pixels. 
Prado et al obtained a resolution of 50 m  using this method [65]. 

Wang et al. investigated the surface porosity of a sintered porous material using a different 
imaging technique [60]. The penetrating pores were indicated by water coming out from the 
bottom through them. Images of the top surface were taken before and after the water 
reaching the top surface but not flowing out. In this process, all the test conditions remained 
the same except for the water flow. In these two images, the brightness of the pixels at the 
place where the penetrating pores locate was different, because the penetrating pores reflect 
more light when filled by water. Image subtraction was applied to these images 
subsequently, resulting in an image with the information of the penetrating pores. The 
porosity and pore diameter can be measured by analyzing the subtracted image, using 
thresholding, edge detection, etc. The typical images are shown in Fig. 1. The usage of water 
flooding and visible light illumination make the detection of penetrating pores safe and 
convenient. The image subtraction method applied here eliminated the influence of 
hardware noise, e.g. dark current noise and pixel non-uniformity noise. The optical 
measurement and image processing showed their property of non-destructive here. 
However, limited by the imaging technique, this measurement only applies to specimens 
with a flat surface. 
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control are necessary. To further maintain consistency between different images, calibration 
of dark noise, image alignment, image thresholding techniques would also be useful. 

2.6 3-D reconstitution 

3-D reconstitution of images usually requires several image processing steps. It includes 
image reconstruction, image enhancement, image classification, and structure clustering. 
The techniques involved here are similar to the ones we discussed previously, but with 
focus on 3-D image processing.  

3-D images are obtained by stacking sequence of 2-D slice images, which are tomographic 
reconstructions from projection images. The commonly used algorithm for image 
reconstruction is filtered back-projection algorithm [46, 47]. This algorithm filters the images 
and then back-projects them to the 3-D image volume [10]. 

In the image enhancement process, smoothing filters, e.g. Box filters and Gauss filters [47, 
48], are usually applied to images to eliminate the influence of noise. Median filters are also 
used when there are outliers in the images. All the filters listed above have low-pass 
characteristics and are spatially invariant [10]. The smoothing filters have negative effect on 
the sharp edges in the image. Research has been carried out to find a low-pass filter which 
suppresses the noise without sacrificing the edge sharpness. The solutions involve 
numerically solving partial differential equations (PDEs). They are the non-liner diffusion 
filter [49, 50], the shock filter [51] and the inverse scale space filter [52]. More details on 
different type of filters can be found in the book written by Aubert and Kornprobst [53]. 
These filters were designed for 2-D image processing. Since 3-D reconstruction is based on 
sequence of 2-D images, the filters described above can be applied to 3-D image processing. 

Compared to the image enhancement method, the image classification method is more 
material characteristic-oriented. It highly depends on the images to be processed, or saying 
in another way, the property of the material to be investigated. There is no ideal method 
working for every case. The generally applied classification methods include histogram-
based thresholding [36, 37], region growing [54, 55], iterative class property minimization 
[56, 57] and segmentation [58]. 

Structure clustering is the process to perform interested measurement, e.g. the grain size 
distribution, and area fraction, etc. one example of segmentation algorithm is the watershed 
algorithm, which is based on the principle of a landscape flooded by water [59]. 

3. Application of image processing in porous material characterization 
As a non-destructive test method, image processing-based method can perform repeated 
tests of the same sample. The properties of the sample can be monitored both spatially and 
temporally. Furthermore, with proper imaging techniques, image processing-based method 
can provide 3-D scanning of the sample, to obtain an in-depth view of material. This is very 
useful in the area of porous materials, where the 3-D structure plays an important role to the 
functioning. The major image processing techniques involved in characterizing porous 
materials include noise reduction, image enhancement, image subtraction, pixel 
classification and pixel clustering.  
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the same except for the water flow. In these two images, the brightness of the pixels at the 
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subsequently, resulting in an image with the information of the penetrating pores. The 
porosity and pore diameter can be measured by analyzing the subtracted image, using 
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convenient. The image subtraction method applied here eliminated the influence of 
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measurement and image processing showed their property of non-destructive here. 
However, limited by the imaging technique, this measurement only applies to specimens 
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(a)                                               (b)                                               (c) 

Fig. 1. (a) Digital camera image of the porous surface; open pores fully filled with water but 
not to overflowing. (b) Water level has receded from the penetrating pores. (c) Binary image 
containing information of the penetrating pores; white pixels indicate pores [60]. 

3.3 3-D structure 

3-D structures of porous materials and fluid flow inside them have attracted more and more 
interest recently. For example, in the porous materials used for transpiration cooling, the 
distribution of the penetrating pores and how the coolant flows through them significantly 
affect the cooling efficiency of this material. The protocol to obtain 3-D geometric 
information of porous material is based on stacking 2-D image slices. There are several 
imaging techniques available to obtain these 2-D images and scan in the third dimension. 
One major imaging technique is computed tomography (CT). Based on the facility used, it 
can be further categorized to X-ray-based and neutron-based method [10]. These two 
methods are based on observing the scattered intensity of X-ray and neutron, which 
represents the difference in density, polarization, or scattered angle of the sample. The 
resolution of the X-ray microtomography can be as low as 0.1 m . Another imaging 
technique is Magnetic Resonance Imaging (MRI) [66], which has the resolution of tens of 
nanometers. For even higher resolution, a dual-beam Focused Ion Beam (FIB) imaging 
method has been proposed to investigate the 3-D geometry of porous materials [67]. The 
voxel resolution of this method is 15 nm . 

The examples of 3-D geometric investigation of porous materials range from soil to 
biological tissues. A. Kaestner et al. measured the hydraulic properties of soil aggregate 
packing using both neutron radiography and X-ray tomography [10]. The neutron 
radiography has the ability to show water distribution within a sample, while X-ray 
tomography shows the structures at higher resolution. L. Pothuaud et al. investigated the 
microarchitecture of trabecular bone using MRI [66]. In the image processing part, they 
interpreted the graphs in terms of vertices and branches. A six-connection algorithm was 
applied to form 3-D structure. Fig. 2 shows the procedure of 3-D reconstruction of an Al 
foam using 2-D images [68]. The Al foam was sectioned physically, and then images of each 
slice were taken consequently. However, the image processing technique remained the same 
as that for other 3-D imaging methods, e.g. MRI. 

More research work on 3-D reconstitution of porous media from image processing can be 
found in the area of soil [69-74], ceramics [75, 76], polyethylene [77], bone [78], metal [79, 80] 
and general porous media [81, 82]. 
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Fig. 2. Schematic diagram accounting for the image processing to obtain the 3D model of the 
Al-foam [68]. 

3.4 Fluid behavior 

As discussed before, fluid behavior inside the porous material has significant effect on its 
performance. Not only for the sintered porous media used for transpiration cooling, but also 
for the porous material used as catalyst carrier, the fluid flow and diffusion inside the pore 
network is doomed to be important. Simulation work of fluid flow in a porous medium has 
been conducted for decades, which usually involves solving transportation equations for an 
unsteady state. Speaking of the experimental work, during the last two decades, the nuclear 
magnetic resonance (NMR) technique has been proven to be a successful imaging technique 
[83]. This technique measures the Fourier transform of self-diffusion propagator of the 
inside fluid [84]. Fig. 3 shows multiphase fluid core saturation through sodium NMR signal 
measurement [85]. In the mixture of water and oil, sodium only present in the water phase. 
Therefore, those two fluid can be distinguished by imaging the sodium component. This 
research has application in the area of rock content analysis and petroleum industry. 

 
Fig. 3. 2D axial images of a Bentheimer core (a) fully saturated with 100 kppm brine (b) fully 
saturated with Isopar L [85]. 

Research work on fluid behavior in porous material has also been performed to the material 
of polyethylene [77], rocks [86-88] and general porous materials [87, 89]. 
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4. Conclusion 
In conclusion, image processing-based measurement techniques have the advantages of 
being non-destructive, easy operation, in-depth 3-D view capability and considerably high 
resolution. It has wide applications in material characterization area, especially the area of 
porous materials. The application area can be further extended with proper imaging 
technique. The image processing techniques involved include image alignment, image 
stitching, contrast enhancement, thresholding, image substraction, and 3-D reconstruction 
etc. Corresponding image processing techniques to be applied are highly affected by the 
properties of materials to be measured. The image processing methods can be migrated to 
other areas with similar image characteristics. For achieving accurate results, the image 
processing-based measurement should be improved from the image acquisition hardware, 
experimental setup and image processing algorithms aspects of view. 
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1. Introduction 
The interactions of light with a leaf are determined by the three-dimensional internal and 
external leaf structure as well as photosynthetic pigment content within the cells (Gamon 
and Surfus, 1999). The three-dimensional structure and pigment content of a leaf is 
determined by a number of factors including plant species and varieties within species 
(genetics), leaf age, and growth conditions including abiotic and biotic stress factors, 
hormonal activity, and light history (Gamon and Surfus, 1999; Nath et al., 2003). Stresses 
such as water loss, suboptimal temperatures, high soil salinity, disease, arthropod feeding 
damage, nutrient deficiency, chemical pollution, and micronutrient toxicities may alter the 
internal structure of leaves (Gausman, 1985). 

During the past fifty years, remote sensing applications in agriculture have proven their 
effectiveness as non-destructive, rapid, and relatively inexpensive techniques for obtaining 
information about plants and crop status (Johannsen et al., 1999). Successful use of remote 
sensing in agriculture has been predicated on knowledge regarding the nature of 
electromagnetic radiation (EMR) and its interactions with vegetation. EMR is characterized 
by both electrical and magnetic properties and by both particles and waves, which are most 
commonly measured in micrometers (µm) or nanometers (nm). The totality of EMR emitted 
by the sun forms the electromagnetic spectrum, which extends from short-wavelength high-
energy gamma and x-rays (< 300 nm) to long-wavelength low-energy microwaves and radio 
waves (> 1 mm) (Figure 1). Reflected EMR of greatest value in remote sensing of vegetation 
includes the visible spectrum (400 to 700 nm), which constitutes the basis for conventional 
photography, and the near- and mid-infrared regions (700 to 3,000 nm), which are not 
detectable by the human visual system. Extensive reviews of the theory and use of color-
infrared (CIR) imagery to detect visible and invisible wavebands are provided in Avery and 
Berlin (1992), Campbell (2002), Jensen (2004, 2006), Lillesand et al. (2007), and Wilke and 
Finn (1996). 

It has long been known that the degree to which incident EMR is absorbed, transmitted, or 
reflected by vegetation is governed by the presence of phototsynthetic pigments 
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(chlorophyll a, b; carotenes; xanthophylls; phaeophytin a, b) and the structure of cells within 
the spongy mesophyll layer of leaves (Gates et al., 1965; Gausman et al., 1969; Myers, 1970). 
A typical "spectral profile" of healthy foliage usually indicates a relatively low reflectance of 
blue and red wavelengths (400 to 500 nm and 600 to 700 nm, respectively), a slight increase 
in reflectance of green wavelengths (500 to 600 nm), and a substantial increase in reflectance 
of near-infrared (700 to 1,300 nm) and mid-infrared (1,300 to 3,000 nm) wavelengths (Figure 
1). Reflectance of blue and red wavelengths (both of which are used to drive photosynthesis) 
is largely an effect of chlorophyll absorption, while reflectance of near-infrared (NIR) 
wavelengths is largely determined by the configuration and condition of air spaces within 
the spongy mesophyll layer of leaves (Lillesand et al., 2007). Water content of leaves appears 
to be the principal determinant of mid-infrared (MIR) reflectance. EMR in the green region 
of the spectrum is not absorbed to any extent by most plant species and is thus transmitted 
or reflected in relatively large quantities, hence the slight increase in reflectance of EMR near 
the center portion of the visible spectrum (Figure 1).   

 
Fig. 1. The electromagnetic spectrum and a typical spectral reflectance curve for healthy 
plant tissues (A). Spectral reflectance curves for foliage of healthy and nitrogen deficient 
cucumber (Cucumis sativus) plants (B). Spectral reflectance curves for healthy foliage of C. 
sativus plants and those with "light", "medium", and "heavy" feeding damage by carmine 
spider mites (Tetranychus cinnabarinus) (C). Figure adapted from Summy et al. (2003) (A, B,) 
and Summy et al. (2007) (C), respectively. 

Physiological stress in plants is commonly characterized by significant changes in 
reflectance of EMR in one or more regions of the spectrum. In subtle forms of stress in which 
leaf structure or water content has been altered without adversely affecting photosynthesis, 
changes in reflectance may be restricted to wavelengths in the NIR and/or MIR regions, 
neither of which is detectable by the human eye (Figure 2). Senescence, nutrient stress, 
pathogens, and insect predation have been shown to result in significant reductions of NIR 
reflectance by affected foliage (Wiegand et al., 1972; Murtha, 1978). In more advanced or 
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severe forms of stress in which absorption by photosynthetic pigments has been seriously 
impeded or halted, increases in reflectance of photosynthetically active EMR (blue and red 
wavelengths) are inevitable and are responsible for many of the visible symptoms of plant 
stress, e.g., chlorosis. This classic symptom of plant stress occurs when reflectance of red 
wavelengths increases to levels equivalent to those of green wavelengths and is perceived 
by the human visual system as yellow. 

 
Fig. 2. Structure of a typical plant leaf showing patterns of transmission (green and NIR), 
absorption (blue and red), and reflectance (green and NIR) of incident electromagnetic 
radiation in various regions of the spectrum. 

Use of remote sensing technology for detection and monitoring of plant stress caused by 
diseases and other factors has traditionally involved one or both of the following 
approaches: 1) in situ collection of spectral measurements using field spectroradiometers at 
ground level, and/or 2) acquisition of various types of imagery using sensors (e.g., cameras 
or scanners) mounted in aircraft or satellite platforms (see reviews in Avery and Berlin, 
1992; Jensen, 2006; Lillesand et al., 2007; Cracknell and Hayes, 2007). This manner of data 
acquisition is conducted “at a distance” from the target and involves reflectance from either 
whole plants or plant canopies under natural lighting conditions. This conventional 
approach has yielded a wealth of information relating to characteristics of and temporal 
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spider mites (Tetranychus cinnabarinus) (C). Figure adapted from Summy et al. (2003) (A, B,) 
and Summy et al. (2007) (C), respectively. 

Physiological stress in plants is commonly characterized by significant changes in 
reflectance of EMR in one or more regions of the spectrum. In subtle forms of stress in which 
leaf structure or water content has been altered without adversely affecting photosynthesis, 
changes in reflectance may be restricted to wavelengths in the NIR and/or MIR regions, 
neither of which is detectable by the human eye (Figure 2). Senescence, nutrient stress, 
pathogens, and insect predation have been shown to result in significant reductions of NIR 
reflectance by affected foliage (Wiegand et al., 1972; Murtha, 1978). In more advanced or 
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severe forms of stress in which absorption by photosynthetic pigments has been seriously 
impeded or halted, increases in reflectance of photosynthetically active EMR (blue and red 
wavelengths) are inevitable and are responsible for many of the visible symptoms of plant 
stress, e.g., chlorosis. This classic symptom of plant stress occurs when reflectance of red 
wavelengths increases to levels equivalent to those of green wavelengths and is perceived 
by the human visual system as yellow. 

 
Fig. 2. Structure of a typical plant leaf showing patterns of transmission (green and NIR), 
absorption (blue and red), and reflectance (green and NIR) of incident electromagnetic 
radiation in various regions of the spectrum. 

Use of remote sensing technology for detection and monitoring of plant stress caused by 
diseases and other factors has traditionally involved one or both of the following 
approaches: 1) in situ collection of spectral measurements using field spectroradiometers at 
ground level, and/or 2) acquisition of various types of imagery using sensors (e.g., cameras 
or scanners) mounted in aircraft or satellite platforms (see reviews in Avery and Berlin, 
1992; Jensen, 2006; Lillesand et al., 2007; Cracknell and Hayes, 2007). This manner of data 
acquisition is conducted “at a distance” from the target and involves reflectance from either 
whole plants or plant canopies under natural lighting conditions. This conventional 
approach has yielded a wealth of information relating to characteristics of and temporal 
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changes occurring in the earth’s land and water surfaces, but is subject to one major 
constraint, i.e., a requirement for suitable weather conditions (e.g., clear sunny skies) for the 
acquisition of most types of imagery (Gandy et al., 2011).      

In certain types of studies, however, the use of leaf samples (rather than whole plants or 
canopies) and artificial lighting sources (rather than sunlight) may be required to obtain 
spectral data required to analyze certain variables or parameters. For example, Gandy (2010) 
evaluated the relationship between foliar reflectance by common sunflower (Helianthus 
annuus L.) and arsenic content of individual leaves. The experimental design of this 
particular study involved the acquisition of spectral measurements for excised individual 
leaves under an artificial lighting source in the laboratory followed by the immediate 
preservation of sample leaves for subsequent chemical analyses. Studies of this type, which 
involve “close-up” remote sensing under laboratory conditions require prior knowledge of 
several effects including: 1) the spectral properties of a suitable artificial lighting source in 
relation to sunlight, 2) the spectral effect(s) of various background materials and 3) the 
effects of leaf excision and handling methods on leaf tissues to ensure that spectral 
measurements obtained from excised leaf samples are biologically meaningful (for recent 
studies on these factors, see articles by Jensen (2007), Summy et al. (2003a, 2004, 2011), and 
Gandy et al. (2011)). 

One factor of major importance in “close-up” remote sensing is the naturally wrinkled or 
curved surfaces (e.g. Gaussian curvature) of plant leaves, which may adversely impact the 
ability to obtain consistent data between plant species and plant samples. Gaussian surfaces 
are represented universally in nature. In general, simple structures, such as spheres, 
cylinders, and cones, exhibit constant and positive, or synclastic, Gaussian curvature. 
However, plant leaves are complex, paraboloid or free-form surfaces that exhibit synclastic 
and negative, or anticlastic, Gaussian curvature simultaneously at both "global" and "local" 
levels. In general, synclastic Gaussian curvature indicates that leaf growth has occurred in 
the center, where the edges have remained relatively fixed producing a convex, or cupped 
structure (Nath et al., 2003; Liu et al., 2010) (Figure 3). A leaf with synclastic Gaussian 
curvature exhibits increased scattering of reflected light. Light scattering (Figure 3) occurs 
when reflected light (θr) deviates significantly from its incident angle (θi  θr). This is type of 
curvature is exhibited by leaves of Cucumis sativus L. (cucumber) and Glycine max (L.) 
Merrill (soybean). Anticlastic Gaussian curvature is characterized by slower growth of the 
central portion of the leaf structure relative to the edges, e.g. the leaf may be either slightly 
concave, yet the edges take on a wavy or uneven appearance (Nath et al., 2003). This type of 
curvature may also be seen in C. sativus and G. max, but is more often observed in elongated 
leaf types as seed in Lycopersicon esculentum, Citrus spp., and Ficus spp., and monocots, 
including Sorghum bicolor (L.) Moench and Zea mays L. Stressors may increase synclastic and 
anticlastic Gaussian leaf curvature, thus increasing the need to compress the reflective 
Gaussian surface so as to measure treatment differences in imagery as opposed to 
reflectance artifacts due to curvature of the leaf. Although a typical plant canopy may 
contain many different leaf surfaces each existing at different angles and exhibiting different 
levels of Gaussian curvature, we have not attempted to address that level of complexity in 
this chapter. In order to assess the contributions of individual leaves to whole plant remote-
sensing data, these should be reliably mounted using an in situ image acquisition system 
(Figure 4) in which (1) significant turgor loss is not observed (after leaf excision) and (2) light 
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scattering (defined herein as variability in angles of reflectance) is reduced after flattening. 
Both factors (1) and (2) could potentially influence the interpretation of remotely sensed 
data (Daughtry and Biehl, 1985). The purpose of the studies described in this chapter was to 
design and evaluate an image acquisition system where individual leaves can be remotely 
sensed under artificial lighting while mitigating turgor loss and leaf curvature. 

2. Previous work 
One of the principle advantages of CIR imagery is its ability to capture NIR wavelengths not 
visible by the human visual system. CIR photographs and digital CIR images consist of 
three broadband layers sensitive to EMR in the green, red and NIR regions of the spectrum. 
A ratio of NIR and red wavebands (a simple vegetation index) can be used to enhance 
acquired CIR imagery and facilitate quantitative comparison of images obtained from 
different treatments. This capability has been used to detect and monitor a variety of stress 
factors in agricultural crops, including damage caused by excess salt and moisture (Myers et 
al., 1963; Everitt et al., 1981; Yousef et al., 2011), nutrient deficiencies (Thomas and Oerther, 
1977; Summy et al., 2003b; Yousef et al., 2011), and a variety of agricultural pests and plant 
diseases (Colwell, 1956; Brenchley, 1964; Norman and Fritz, 1965; Hart and Myers, 1968; 
Hart et al., 1973; Blazquez et al., 1979; Blazquez and Horn, 1980; Blazquez et al., 1988; Payne 
et al., 1971; Toler et al., 1981; Everitt et al., 1994; Everitt et al., 1996; Summy et al., 2003a 
Summy and Little, 2008; Summy et al., 2010). 

Fungal pathogens of glasshouse plants represent a major constraint for optimum production 
and product quality. Significant changes in the reflected wavelengths of the near-infrared 
portion of the electromagnetic spectrum occur when reflectance measurements are obtained 
from plants infected by fungal pathogens and also from plants covered with sooty mold. 
Summy and Little (2008) collected data from several species of citrus seedlings (Citrus 
sinensis, C. aurantium, C. paradisi and Poncirus trifoliata), Bo seedlings (Ficus religiosa), and 
cantaloupe (Cucumis melo reticulata) propagated under natural lighting conditions in the 
glasshouse. Spectroradiometric measurements and color infrared (CIR) images of control, 
honeydew only, and sooty molded leaves from F. religiosa, C. sinensis, C. aurantium, and P. 
trifoliata were obtained. C. paradisi infected with the greasy spot fungus (Mycosphaerella citri) 
was also imaged under glasshouse lighting. Similar data was obtained from healthy foliage 
of C. melo reticulata and foliage with various levels of powdery mildew (Sphaerotheca 
fuliginea) infection. 

Summy and Little (2008) assessed the relative levels of visible and near-infrared (NIR) 
reflectance from plants infested with sooty mold (coated with insect honeydew) and 
infected with fungal pathogens versus respective controls, under glasshouse conditions. 
Both “control” and “treated” whole plants and single leaves were imaged using 
conventional color and color infrared (CIR) photography  

Although differences were observed when looking at leaves that were coated in honeydew 
only, accumulations of honeydew on leaf surfaces generally presented the same trends 
between plant species and different depositors. For example, NIR/red ratio images showed 
a significant decrease in reflectance when comparing sooty-molded plants versus “clean” 
controls. This relationship was sustained in three of the citrus species tested (P. trifoliata, C. 
aurantium, and C. sinensis) as well as “bo” tree seedlings (F. religiosa). This trend is 
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changes occurring in the earth’s land and water surfaces, but is subject to one major 
constraint, i.e., a requirement for suitable weather conditions (e.g., clear sunny skies) for the 
acquisition of most types of imagery (Gandy et al., 2011).      

In certain types of studies, however, the use of leaf samples (rather than whole plants or 
canopies) and artificial lighting sources (rather than sunlight) may be required to obtain 
spectral data required to analyze certain variables or parameters. For example, Gandy (2010) 
evaluated the relationship between foliar reflectance by common sunflower (Helianthus 
annuus L.) and arsenic content of individual leaves. The experimental design of this 
particular study involved the acquisition of spectral measurements for excised individual 
leaves under an artificial lighting source in the laboratory followed by the immediate 
preservation of sample leaves for subsequent chemical analyses. Studies of this type, which 
involve “close-up” remote sensing under laboratory conditions require prior knowledge of 
several effects including: 1) the spectral properties of a suitable artificial lighting source in 
relation to sunlight, 2) the spectral effect(s) of various background materials and 3) the 
effects of leaf excision and handling methods on leaf tissues to ensure that spectral 
measurements obtained from excised leaf samples are biologically meaningful (for recent 
studies on these factors, see articles by Jensen (2007), Summy et al. (2003a, 2004, 2011), and 
Gandy et al. (2011)). 

One factor of major importance in “close-up” remote sensing is the naturally wrinkled or 
curved surfaces (e.g. Gaussian curvature) of plant leaves, which may adversely impact the 
ability to obtain consistent data between plant species and plant samples. Gaussian surfaces 
are represented universally in nature. In general, simple structures, such as spheres, 
cylinders, and cones, exhibit constant and positive, or synclastic, Gaussian curvature. 
However, plant leaves are complex, paraboloid or free-form surfaces that exhibit synclastic 
and negative, or anticlastic, Gaussian curvature simultaneously at both "global" and "local" 
levels. In general, synclastic Gaussian curvature indicates that leaf growth has occurred in 
the center, where the edges have remained relatively fixed producing a convex, or cupped 
structure (Nath et al., 2003; Liu et al., 2010) (Figure 3). A leaf with synclastic Gaussian 
curvature exhibits increased scattering of reflected light. Light scattering (Figure 3) occurs 
when reflected light (θr) deviates significantly from its incident angle (θi  θr). This is type of 
curvature is exhibited by leaves of Cucumis sativus L. (cucumber) and Glycine max (L.) 
Merrill (soybean). Anticlastic Gaussian curvature is characterized by slower growth of the 
central portion of the leaf structure relative to the edges, e.g. the leaf may be either slightly 
concave, yet the edges take on a wavy or uneven appearance (Nath et al., 2003). This type of 
curvature may also be seen in C. sativus and G. max, but is more often observed in elongated 
leaf types as seed in Lycopersicon esculentum, Citrus spp., and Ficus spp., and monocots, 
including Sorghum bicolor (L.) Moench and Zea mays L. Stressors may increase synclastic and 
anticlastic Gaussian leaf curvature, thus increasing the need to compress the reflective 
Gaussian surface so as to measure treatment differences in imagery as opposed to 
reflectance artifacts due to curvature of the leaf. Although a typical plant canopy may 
contain many different leaf surfaces each existing at different angles and exhibiting different 
levels of Gaussian curvature, we have not attempted to address that level of complexity in 
this chapter. In order to assess the contributions of individual leaves to whole plant remote-
sensing data, these should be reliably mounted using an in situ image acquisition system 
(Figure 4) in which (1) significant turgor loss is not observed (after leaf excision) and (2) light 
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scattering (defined herein as variability in angles of reflectance) is reduced after flattening. 
Both factors (1) and (2) could potentially influence the interpretation of remotely sensed 
data (Daughtry and Biehl, 1985). The purpose of the studies described in this chapter was to 
design and evaluate an image acquisition system where individual leaves can be remotely 
sensed under artificial lighting while mitigating turgor loss and leaf curvature. 

2. Previous work 
One of the principle advantages of CIR imagery is its ability to capture NIR wavelengths not 
visible by the human visual system. CIR photographs and digital CIR images consist of 
three broadband layers sensitive to EMR in the green, red and NIR regions of the spectrum. 
A ratio of NIR and red wavebands (a simple vegetation index) can be used to enhance 
acquired CIR imagery and facilitate quantitative comparison of images obtained from 
different treatments. This capability has been used to detect and monitor a variety of stress 
factors in agricultural crops, including damage caused by excess salt and moisture (Myers et 
al., 1963; Everitt et al., 1981; Yousef et al., 2011), nutrient deficiencies (Thomas and Oerther, 
1977; Summy et al., 2003b; Yousef et al., 2011), and a variety of agricultural pests and plant 
diseases (Colwell, 1956; Brenchley, 1964; Norman and Fritz, 1965; Hart and Myers, 1968; 
Hart et al., 1973; Blazquez et al., 1979; Blazquez and Horn, 1980; Blazquez et al., 1988; Payne 
et al., 1971; Toler et al., 1981; Everitt et al., 1994; Everitt et al., 1996; Summy et al., 2003a 
Summy and Little, 2008; Summy et al., 2010). 

Fungal pathogens of glasshouse plants represent a major constraint for optimum production 
and product quality. Significant changes in the reflected wavelengths of the near-infrared 
portion of the electromagnetic spectrum occur when reflectance measurements are obtained 
from plants infected by fungal pathogens and also from plants covered with sooty mold. 
Summy and Little (2008) collected data from several species of citrus seedlings (Citrus 
sinensis, C. aurantium, C. paradisi and Poncirus trifoliata), Bo seedlings (Ficus religiosa), and 
cantaloupe (Cucumis melo reticulata) propagated under natural lighting conditions in the 
glasshouse. Spectroradiometric measurements and color infrared (CIR) images of control, 
honeydew only, and sooty molded leaves from F. religiosa, C. sinensis, C. aurantium, and P. 
trifoliata were obtained. C. paradisi infected with the greasy spot fungus (Mycosphaerella citri) 
was also imaged under glasshouse lighting. Similar data was obtained from healthy foliage 
of C. melo reticulata and foliage with various levels of powdery mildew (Sphaerotheca 
fuliginea) infection. 

Summy and Little (2008) assessed the relative levels of visible and near-infrared (NIR) 
reflectance from plants infested with sooty mold (coated with insect honeydew) and 
infected with fungal pathogens versus respective controls, under glasshouse conditions. 
Both “control” and “treated” whole plants and single leaves were imaged using 
conventional color and color infrared (CIR) photography  

Although differences were observed when looking at leaves that were coated in honeydew 
only, accumulations of honeydew on leaf surfaces generally presented the same trends 
between plant species and different depositors. For example, NIR/red ratio images showed 
a significant decrease in reflectance when comparing sooty-molded plants versus “clean” 
controls. This relationship was sustained in three of the citrus species tested (P. trifoliata, C. 
aurantium, and C. sinensis) as well as “bo” tree seedlings (F. religiosa). This trend is 
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accentuated when observing the individual contributions of particular leaves with varying 
levels of sooty mold after being mounted on the in situ image acquisition system. The reason 
for the decrease in NIR reflectance is due to the growth of dematiaceous (dark) fungal 
hyphae on the honeydew substrate. The resulting “mat” of fungal hyphae absorbed NIR 
light as opposed to reflecting it. Dematiaceous hyphae, which characterize the Capnodiaceae 
(including Capnodium spp.), contain significant amounts of melanin giving the sooty mold 
its dark color. Melanin is a polymer of indoles and tyrosine conversion intermediates that 
function in fungi and animals to absorb light and protect against irradiative damage (Riley, 
1998). Therefore, it is not surprising that reflectance should decrease significantly from 
sooty-mold infested plant leaves. In fact, the absorption maxima of melanins derived from 
several dematiaceous ascomycetes and deuteromycetes have been shown to absorb red (400 
to 500 nm), infrared (> 700 nm), and UV-B (280 to 315 nm) wavelengths (Bell and Wheeler, 
1986; Babitskaya and Shcherba, 2002). 

Summy and Little (2008) also tested leaves of varying ages from trifoliate orange (P. 
trifoliata) and sour orange (C. aurantium). In the case of trifoliate orange, there was no 
difference between NIR/red ratio images of 20 d or 35 d old leaves. However, sour orange 
differed in that the greatest NIR/red ratios were seen in 20 d old leaves and differed 
significantly from the 10 d and 35 d leaves.  

A number of studies have demonstrated the ability to detect the red and NIR reflectance 
changes of plant tissues associated with fungal pathogens in the field (Colwell, 1956; 
Brenchley, 1964; Norman and Fritz, 1965). However, there is very little information 
concerning pathogen detection using CIR imagery and analysis in the glasshouse setting. 
Summy and Little (2008) considered two examples of foliar diseases: (1) powdery mildew of 
cucurbits (Sphaerotheca fuliginea) and (2) greasy spot of citrus (Mycosphaerella citri).  

The powdery mildew diseases are characterized by extensive white fungal growth on the 
upper surface of the plant leaf. The “powdery" appearance is due to the production of 
numerous conidia and conidiophores. It is hypothesized that incident radiation that comes 
in contact with the fungal structures is both scattered and absorbed. Scattering may be due 
to the random placement of conidiophores on the leaf surface leading to an infinite number 
of angles at which light may be reflected. Absorption may occur due to small water droplets 
that are trapped between the fungal hyphae and the conidiophores. Summy and Little 
(2008) showed a significantly reduced NIR/red ratio and lower NIR reflectance in leaves 
infected with powdery mildew. This is an area requiring further study. 

Decreases in NIR/red ratios in the case of leaf chlorosis appear to be quite common whether 
the stress is abiotic or biotic in nature. Chlorosis (see above) is a primary symptom that 
accompanies pseudothecium (fungal sexual fruiting structure) development in the greasy 
spot disease of citrus. Summy and Little (2008) indicated that red reflectance increases as 
greasy spot severity increased, whereas NIR reflectance did not appear to change 
appreciably, thus the NIR/red ratios decreased.  

Color infrared (CIR) and multispectral imagery have been used for many years to assess 
damage caused by insect and mite infestations in conventional (outdoor) agricultural crops, 
but have not been used for this purpose to any extent within the commercial glasshouse 
environment or to evaluate individual leaves. In an effort to evaluate the potential of CIR 
imagery for detection and monitoring of arthropod infestations on glasshouse plants, 
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Summy et al. (2010) assessed spectral changes in foliage occurring in response to damage 
caused by three common glasshouse pests: 1) citrus mealybug, Planococcus citri 
(Pseudococcidae), 2) California red scale, Aonidiella aurantii (Diaspididae) and 3) carmine 
mite, Tetranychus cinnabarinus (Tetranychidae). Damage caused by each of these 
representative pest species resulted in distinct spectral signatures that were distinguishable 
from those of healthy foliage in both spectroradiometer measurements and CIR imagery (see 
examples in Figure 1). Potential applications of CIR imagery for the detection and 
monitoring of insect and mite infestations on glasshouse are discussed below. 

Ornamental plants and vegetable crops produced commercially under glasshouse 
conditions are subject to infestation by most, if not all, of the insect and mite pests that are 
associated with these same crops in conventional (outdoor) plantings. Pest infestations 
developing on glasshouse crops commonly occur under near-optimal environmental 
conditions, which may include an absence of natural enemies (predators, parasites and 
pathogens) that provide a measurable degree of control in field infestations. As a result, 
insect and mite infestations developing within the protected glasshouse environment 
commonly exhibit relatively high rates of increase that provide a potential to cause levels of 
damage equivalent to or greater than those occurring in conventional field situations. Thus, 
effective management of such pests is predicated, in part, on the availability of efficient 
survey methodology designed to provide the glasshouse manager with timely and accurate 
information regarding the occurrence and current status of pest infestations, and the need 
(or lack thereof) for suppression measures. In order to be feasible, any such survey 
methodology must provide accurate information in near real-time and must be usable under 
all weather and lighting conditions. In addition, such methodology should be relatively 
inexpensive and simple to use. 

Citrus mealybug, Planococcus citri (Hemiptera: Pseudococcidae), is one of the most serious 
insect pests associated with citrus and numerous ornamentals grown under glasshouse 
conditions. Damage results from the combined effects feeding activities (i.e., extraction of sap 
via sucking mouthparts) and excretion of copious quantities of honeydew (a sugary waste 
product), which accumulate on leaves and serve as a medium for sooty mold fungus. Dense 
deposits of sooty mold fungi may attenuate a significant portion of the electromagnetic 
radiation (EMR) incident on leaves. This is an effect that tends to severely retard 
photosynthesis. Field populations of P. citri on citrus in southern Texas and other areas are 
normally regulated at subeconomic densities by a complex of predators and parasites (Ancisco 
et al., 2002), although these are typically lacking in glasshouse infestations. 

Summy and Little (2008) provided a comprehensive discussion of the spectral changes in 
foliage associated with the accumulation of honeydew and development of sooty mold 
deposits on foliage of citrus and other plants. One particularly important trend reported in 
that study relates to the observation that honeydew accumulations on foliage tend to 
increase NIR reflectance (with little or no apparent effects in reflectance in the visible 
region), whereas sooty mold deposits tend to decrease NIR reflectance and increase 
reflectance of wavelengths in the blue and red regions of the spectrum. Leaves contaminated 
with honeydew and sooty mold deposits were distinguishable from undamaged leaves in 
CIR imagery, and their presence on foliage was particularly evident in ratio (NIR/R) 
images. The capability of CIR and derivative imagery to detect honeydew deposits on 
foliage should be particularly useful in detection of incipient (low-density) infestations of P. 
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accentuated when observing the individual contributions of particular leaves with varying 
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light as opposed to reflecting it. Dematiaceous hyphae, which characterize the Capnodiaceae 
(including Capnodium spp.), contain significant amounts of melanin giving the sooty mold 
its dark color. Melanin is a polymer of indoles and tyrosine conversion intermediates that 
function in fungi and animals to absorb light and protect against irradiative damage (Riley, 
1998). Therefore, it is not surprising that reflectance should decrease significantly from 
sooty-mold infested plant leaves. In fact, the absorption maxima of melanins derived from 
several dematiaceous ascomycetes and deuteromycetes have been shown to absorb red (400 
to 500 nm), infrared (> 700 nm), and UV-B (280 to 315 nm) wavelengths (Bell and Wheeler, 
1986; Babitskaya and Shcherba, 2002). 
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trifoliata) and sour orange (C. aurantium). In the case of trifoliate orange, there was no 
difference between NIR/red ratio images of 20 d or 35 d old leaves. However, sour orange 
differed in that the greatest NIR/red ratios were seen in 20 d old leaves and differed 
significantly from the 10 d and 35 d leaves.  

A number of studies have demonstrated the ability to detect the red and NIR reflectance 
changes of plant tissues associated with fungal pathogens in the field (Colwell, 1956; 
Brenchley, 1964; Norman and Fritz, 1965). However, there is very little information 
concerning pathogen detection using CIR imagery and analysis in the glasshouse setting. 
Summy and Little (2008) considered two examples of foliar diseases: (1) powdery mildew of 
cucurbits (Sphaerotheca fuliginea) and (2) greasy spot of citrus (Mycosphaerella citri).  

The powdery mildew diseases are characterized by extensive white fungal growth on the 
upper surface of the plant leaf. The “powdery" appearance is due to the production of 
numerous conidia and conidiophores. It is hypothesized that incident radiation that comes 
in contact with the fungal structures is both scattered and absorbed. Scattering may be due 
to the random placement of conidiophores on the leaf surface leading to an infinite number 
of angles at which light may be reflected. Absorption may occur due to small water droplets 
that are trapped between the fungal hyphae and the conidiophores. Summy and Little 
(2008) showed a significantly reduced NIR/red ratio and lower NIR reflectance in leaves 
infected with powdery mildew. This is an area requiring further study. 

Decreases in NIR/red ratios in the case of leaf chlorosis appear to be quite common whether 
the stress is abiotic or biotic in nature. Chlorosis (see above) is a primary symptom that 
accompanies pseudothecium (fungal sexual fruiting structure) development in the greasy 
spot disease of citrus. Summy and Little (2008) indicated that red reflectance increases as 
greasy spot severity increased, whereas NIR reflectance did not appear to change 
appreciably, thus the NIR/red ratios decreased.  

Color infrared (CIR) and multispectral imagery have been used for many years to assess 
damage caused by insect and mite infestations in conventional (outdoor) agricultural crops, 
but have not been used for this purpose to any extent within the commercial glasshouse 
environment or to evaluate individual leaves. In an effort to evaluate the potential of CIR 
imagery for detection and monitoring of arthropod infestations on glasshouse plants, 
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Summy et al. (2010) assessed spectral changes in foliage occurring in response to damage 
caused by three common glasshouse pests: 1) citrus mealybug, Planococcus citri 
(Pseudococcidae), 2) California red scale, Aonidiella aurantii (Diaspididae) and 3) carmine 
mite, Tetranychus cinnabarinus (Tetranychidae). Damage caused by each of these 
representative pest species resulted in distinct spectral signatures that were distinguishable 
from those of healthy foliage in both spectroradiometer measurements and CIR imagery (see 
examples in Figure 1). Potential applications of CIR imagery for the detection and 
monitoring of insect and mite infestations on glasshouse are discussed below. 

Ornamental plants and vegetable crops produced commercially under glasshouse 
conditions are subject to infestation by most, if not all, of the insect and mite pests that are 
associated with these same crops in conventional (outdoor) plantings. Pest infestations 
developing on glasshouse crops commonly occur under near-optimal environmental 
conditions, which may include an absence of natural enemies (predators, parasites and 
pathogens) that provide a measurable degree of control in field infestations. As a result, 
insect and mite infestations developing within the protected glasshouse environment 
commonly exhibit relatively high rates of increase that provide a potential to cause levels of 
damage equivalent to or greater than those occurring in conventional field situations. Thus, 
effective management of such pests is predicated, in part, on the availability of efficient 
survey methodology designed to provide the glasshouse manager with timely and accurate 
information regarding the occurrence and current status of pest infestations, and the need 
(or lack thereof) for suppression measures. In order to be feasible, any such survey 
methodology must provide accurate information in near real-time and must be usable under 
all weather and lighting conditions. In addition, such methodology should be relatively 
inexpensive and simple to use. 

Citrus mealybug, Planococcus citri (Hemiptera: Pseudococcidae), is one of the most serious 
insect pests associated with citrus and numerous ornamentals grown under glasshouse 
conditions. Damage results from the combined effects feeding activities (i.e., extraction of sap 
via sucking mouthparts) and excretion of copious quantities of honeydew (a sugary waste 
product), which accumulate on leaves and serve as a medium for sooty mold fungus. Dense 
deposits of sooty mold fungi may attenuate a significant portion of the electromagnetic 
radiation (EMR) incident on leaves. This is an effect that tends to severely retard 
photosynthesis. Field populations of P. citri on citrus in southern Texas and other areas are 
normally regulated at subeconomic densities by a complex of predators and parasites (Ancisco 
et al., 2002), although these are typically lacking in glasshouse infestations. 

Summy and Little (2008) provided a comprehensive discussion of the spectral changes in 
foliage associated with the accumulation of honeydew and development of sooty mold 
deposits on foliage of citrus and other plants. One particularly important trend reported in 
that study relates to the observation that honeydew accumulations on foliage tend to 
increase NIR reflectance (with little or no apparent effects in reflectance in the visible 
region), whereas sooty mold deposits tend to decrease NIR reflectance and increase 
reflectance of wavelengths in the blue and red regions of the spectrum. Leaves contaminated 
with honeydew and sooty mold deposits were distinguishable from undamaged leaves in 
CIR imagery, and their presence on foliage was particularly evident in ratio (NIR/R) 
images. The capability of CIR and derivative imagery to detect honeydew deposits on 
foliage should be particularly useful in detection of incipient (low-density) infestations of P. 



 
Advanced Image Acquisition, Processing Techniques and Applications 

 

130 

citri and other “honeydew excretors,” including the soft scales (Coccidae), aphids 
(Aphididae), and whiteflies (Aleyrodidae). 

Summy et al. (2010) found that although uninfested mature and immature Citrus sinensis 
leaves were distinguishable in the conventional color (RGB) image, no differences in 
coloration were evident among a series of mature leaves exhibiting a range of scale insect 
(A. aurantii) densities. These observations were consistent with spectroradiometer 
measurements, which detected no significant differences in reflectance of visible 
wavelengths among the series of infested mature leaves. In the CIR composite image, the 
presence of scale armor on infested foliage was indicated by a distinct speckling pattern. 
Although spectral curves for infested leaves indicated a significant reduction in NIR 
reflectance with increases in scale densities, only subtle differences in coloration of infested 
foliage were evident in the CIR composite image. However, evidence of physiological stress 
in infested leaves was evident in a ratio image which indicated high ratios of NIR:R in 
uninfested leaves and low ratios in infested leaves. Similar trends were evident in imagery 
of a Valencia orange tree acquired at a distance of 2.5 m under natural lighting conditions. 
The presence of scale armor on leaves was detectable in the conventional color image and 
was very conspicuous in the CIR composite image. Although differences in leaf coloration 
were very subtle in both RGB and CIR images, a ratio image indicated high NIR:R ratios for 
uninfested or lightly-infested leaves, and lower ratios for heavily infested leaves, many of 
which exhibited ratios similar to those of background reflection. 

Spider mites (Acari: Tetranychidae) rank among the most chronic and potentially 
destructive pests of vegetable crops and ornamentals grown in commercial glasshouses. 
Damage results from the destruction of leaf epidermal tissue, which produces a distinctive 
“mottled” appearance of infested foliage. As a result of their short developmental times and 
high fecundities, spider mite infestations tend to increase rapidly to damaging levels, which 
may result in substantial damage and/or defoliation of glasshouse plants. A number of 
predaceous mites, e.g., Phytoseiulus persimilis (Acari: Phytoseiidae), have been shown to be 
effective in spider mite control and are produced commercially for this purpose (Yepsen, 
1984), although these typically require introduction into the glasshouse environment. 

Summy et al. (2010) found that differences in coloration between undamaged Cucumis 
sativus leaves and those exhibiting a slight degree of carmine spider mite (T. cinnabarinus) 
damage were very subtle and difficult to distinguish in RGB imagery, while leaves 
exhibiting moderate and intense damage were distinguishable. Similar trends were evident 
in the CIR composite image. These observations were consistent with spectroradiometer 
measurements, which indicated significantly higher levels of reflectance of visible 
wavelengths from the damaged leaf relative to the undamaged control, and a substantial 
and progressive increase in reflectance of visible wavelengths as the extent of tissue damage 
increased. Although an analysis of variance detected one significant difference in reflectance 
at 850 nm, the similarity of NIR reflectance among the remaining groups (i.e., undamaged 
controls and those exhibiting slight and intense damage) suggests that mite feeding injury 
did not influence this parameter. 

Summy et al. (2010) showed that the rapidity at which mite damage increased between two 
late sampling dates exemplifies the destructive potential of spider mites in the glasshouse 
environment and the need to detect such infestations while they are still at the incipient 
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stage, i.e., have not increased to damaging levels. Such infestations exhibit an aggregated 
distribution and may occur at densities too low to produce symptoms that are readily 
detectable through visual inspection or use of conventional photographic techniques. Leaves 
exhibiting a low intensity of spider mite damage were difficult to distinguish from 
undamaged foliage using either conventional RGB or CIR imagery alone; the two were 
highly distinguishable in a simple ratio image.  

Summy et al. (2010) found that increases in the intensity of mite damage to leaves were 
accompanied by progressively higher levels of visible (blue, green and red) reflectance with 
little or no change in NIR reflectance. The effects of these spectral changes were clearly 
evident in the ratio image in which increasing intensity of mite damage was accompanied 
by progressively decreasing ratios of NIR to red wavelengths. The significance of this trend 
relates to the fact that the undamaged control and the slightly damaged leaf, which were not 
readily distinguishable in either the RGB or CIR images, were clearly distinguishable in the 
ratio image. 

Numerous studies have indicated the occurrence of spectral changes in stressed plants 
including those due to nitrogen deficiency and soil salinity in conventional crops. Blackmer 
et al. (1996) detected nitrogen deficiency in corn (Z. mays) in the green region of the 
spectrum at a wavelength of 550 nm. Osborne et al. (2002) predicted the nitrogen 
concentration form corn canopies by using reflectance in the green and red regions of the 
spectrum. Gausman et al. (1985) stated that soil salinity stress in cotton (Gossypium spp.) 
plants cause spectral changes and can be detected using CIR imagery. Leone et al. (2000) 
was able to detect soil salinity in pepper plants (Capsicum annuum L.) using spectral 
reflectance measurements. Nonetheless, very limited research has been conducted to 
evaluate the potential of using remote sensing techniques in detecting nitrogen deficiency 
and soil salinity stresses in greenhouse crops. 

 
Fig. 3. Reduction of light scattering [i] results when leaves exhibiting synclastic Gaussian 
curvature are compressed [ii]. Compression of the leaves using the in situ image acquisition 
template results in light reflected at angles (θr) equivalent or nearly so to incident light (θi), 
which improves the quality of sample detection via image acquisition or spectroradiometry.  
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3. Methodology 
In order to assess the contributions of individual leaves to whole plant remote-sensing 
data, leaf samples were mounted using an in situ image acquisition system in which 
significant turgor loss is not observed (after leaf excision) and light scattering (defined as 
the variability in angles of reflectance) is reduced after compression of a reflective 
Gaussian surface (Figures 3 and 4). Light scattering occurs when reflected light deviates 
significantly from its incident angle (θi  θr; where θi = angle of incidence, θr = angle of 
reflectance) (Figure 3).  

 
Fig. 4. Diagram of the in situ image acquisition template used to examine individual leaves 
acquired from healthy and stressed whole plants (A). Photo of the image acquisition 
template demonstrating the use of the [i] VNIR sensor, [ii] glass plates, and [iii] remote 
cosine receptor used to collect spectrophotometric data (B). A CIR camera may be mounted 
at the same level as the spectroradiometer VNIR sensor shown above [i]. 

For the studies described in Summy and Little (2008) and Summy et al. (2010), vertical CIR 
images of individual leaves mounted using a plexiglass template were acquired under 
natural and artificial lighting conditions (500 W halogen lamps) at a distance of 1.5 m using 
a DuncanTech MS3110 digital CIR camera. CIR imagery acquired in this manner was 
imported into an image-processing package (Idrisi32® or Kilamanjaro®) after being 
converted to “.TIF” files and separated into NIR, red, and green bands using Adobe 
Photoshop 7. CIR imagery was evaluated to determine the degree to which the color 
rendition of infected and infested plants of a given species or cultivar differs from healthy 
controls in the raw (unprocessed) CIR imagery. Conventional CIR photography was also 
used for some experiments. In this case, a 35 mm Nikon SLR camera equipped with a 
Wratten 15 (yellow) filter and loaded with Kodak Ektachrome Professional Infrared EIR film 
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were used to obtain the CIR images described in this chapter. All RGB "control" images were 
captured using a Sony Mavica CD400 digital camera. 

In order to obtain NIR/red ratios, simple vegetative indices were generated utilizing the red 
and NIR bands of images that had been converted from digitized CIR images in Idrisi32®. 
The resulting images represent a ratio of NIR and red at each pixel. Ratio images were 
contrast stretched where necessary in order to eliminate approximately 20% of the 
unrepresentative wavelengths. To statistically compare NIR/red ratio images, contrast 
stretched ratios images were layered with a stratified spatial sample of random points. For 
individual leaves, 20 random points were selected. NIR/red ratio random point means, 
from template-mounted leaves, were compared using ANOVA and a means separation test 
(Tukey’s Honestly Significant Difference (P < 0.05)). 

Spectral measurements of healthy plants and plants within treatment or exposure groups 
(abiotic and biotic stressors) were obtained under natural and artificial lighting conditions 
using a FieldSpec VNIR spectroradiometer equipped with a remote cosine receptor 
(Analytical Spectral Devices, Boulder, CO) to measure incident radiation between the 
ultraviolet (350 nm) and NIR (1100 nm) regions of the electromagnetic spectrum. The 
spectroradiometer was equipped with ViewSpec Pro software (Analytical Spectral Devices, 
Boulder, Colorado). Measurements of radiance were converted to percent reflectance using 
a Spectralon® reference plate, and reflectance of selected wavelengths in the blue (450 nm), 
green (550 nm), red (650 nm) and NIR regions (850 nm) were compared using ANOVA and 
a means separation test (Tukey's HSD, P < 0.05). 

The in situ image acquisition system used in these studies (Figure 4) consisted of a black, 
plastic plant growth flat filled with distilled water (in order to absorb light and prevent 
background reflection in images) and two 0.3 x 22 x 30 cm glass plates. Individual leaves 
were pressed between the glass plates and then remotely sensed using spectroradiometry 
and CIR imagery (Figure 4). The glass plates used in the “template system” were evaluated 
for irradiance levels (350 to 1150 nm) to check the relative amount of light attenuation that 
might occur in various wavebands due to the layer of glass covering a leaf held on the 
template (Figure 4). 

To test the effect of leaf excision, L. esculentum and C. sativus non-excised and excised leaves 
were measured with the Field Spec Dual VNIR spectroradiometer when pressed between 
the glass plates on the in situ image acquisition system. Measurements were taken at 0, 1, 2, 
3, 4, and 5 minutes after excision. Mean NIR/red ratio values were derived from ratio 
images (simple vegetation indices, see below) of excised and non-excised L. esculentum and 
C. sativus leaves that either were or were not flattened using the image acquisition system 
(Tables 1 and 2). Individual leaves were flattened between two glass plates using the in situ 
image acquisition system previously described. Spectoradiometer data and CIR imagery 
were obtained and analyzed. Measurements were taken 10 and 12 minutes after excision. 

The quality and interpretability of CIR imagery acquired under an artificial (quartz halogen) 
lighting source is comparable to that acquired under natural lighting conditions, which 
clearly demonstrates that ambient lighting conditions do not pose a major constraint to the 
use of this technology for monitoring pest infestations in the glasshouse environment 
(Summy et al., 2004). 
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4. Results and progress 
Leaves may be excised and data obtained without loss of spectral and image data quality if 
data is obtained in a relatively brief period of time. Leaf excision did not significantly reduce 
spectroradiometric values from either C. sativus or L. esculentum compared to non-excised 
leaves. Also, NIR/red ratio means did not differ when comparing non-excised and excised. 
There was a significant difference between spectroradiometric and NIR/red ratio values 
between compressed and non-compressed leaves using the in situ image acquisition system, 
whether comparing differences in Gaussian leaf curvature or plant stressors. Specifically, 
leaf compression generally reduced variability (standard deviations) among the quantitative 
spectroradiometric and imagery data, which improved the ability to differentiate treatment 
effects (Tables 1 and 2).  
 

Treatment NIR/red ratio (Mean  SD) 
Non-excised, non-flattened   2.69  0.33 a* 
Non-excised, flattened 2.49  0.21 b 
Excised, flattened 2.40  0.15 b 

Table 1. Mean NIR/red ratio values derived from ratio images of excised and non-excised C. 
sativus leaves flattened or not flattened using the in situ image acquisition system. *Values 
followed by different letters are significantly different at P < 0.05 (Tukey's HSD). 
 

Treatment NIR/red ratio (Mean  SD) 
Low curvature, non-flattened   2.57  0.67 a* 
High curvature, non-flattened   2.18  0.55 bc 
Low curvature, flattened   2.31  0.26 ab 
High curvature, flattened 1.93  0.21 c 

Table 2. Mean NIR/red ratio values derived from ratio images of excised L. esculentum 
leaves exhibiting low or high Gaussian curvature flattened or non-flattened using the in situ 
image acquisition system. *Values followed by different letters are significantly different at 
P < 0.05 (Tukey's HSD). 
 

Treatment NIR/red ratio (Mean  SD) 
Healthy, non-flattened   2.59  0.14 a* 
-N, non-flattened 1.46  0.19 c 
Healthy, flattened 2.19  0.15 b 
-N, flattened 1.37  0.16 c 

Table 3. Mean NIR/red ratio values derived from ratio images of healthy or N deficient (-N) 
excised C. sativus leaves flattened or non-flattened using the in situ image acquisition 
system. *Values followed by different letters are significantly different at P < 0.05  
(Tukey's HSD). 
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Use of the in situ image acquisition system successfully aided the acquisition of color 
infrared imagery and spectroradiometric data from Citrus spp., Ficus religiosa, C. sativus, and 
L. esculentum exposed to biotic stressors, including fungi and insects. The in situ image 
acquisition system described in this chapter and utilized in Summy and Little (2008) and 
Summy et al. (2010) showed two important features that suggest a potential application to 
understanding the contributions that individual leaves make to a holistic remote sensing 
image. Leaves may be excised and data obtained without loss of spectral quality if data is 
obtained in a relatively brief period of time. Water potential in leaves is regulated by two 
mechanisms: (1) opening and closing of the stomata and (2) internal osmotic pressure 
differentials in the vasculature of the plant (and associated cells) (Gutschick, 1999). Leaf 
excision did not significantly reduce spectroradiometric values from either L. esculentum or 
C. sativus compared to non-excised leaves (Figure 5). Also, NIR/red ratio means did not 
differ when comparing non-excised and excised (Table 1). 
 

 
 

Fig. 5. False-colored near-infrared/red ratio images of non-excised Cucumis sativus leaves 
(A) non-flattened and (B) flattened using the in situ image acquisition system (see Fig. 4). 
Near-infrared/red ratio images of excised (left-side of panels) and non-excised (right-side of 
panels) Lycopersicon esculentum leaves before (C) and after (D) flattening, respectively. Near-
infrared/red ratio images of healthy C. sativus leaves (left-side of panels) and those 
exhibiting nitrogen deficiency (right-side of panels) before (E) and after flattening (F). 

There was a significant difference between spectroradiometric and NIR/red ratio values 
between leaves that were and were not flattened using the “template system” whether 
comparing differences in leaf curvature or plant stress (Figures 5 and 6; Tables 1, 2, and 3). 
However, it is difficult to visualize the differences when comparing NIR/red ratio images 
though changes in the uniformity of the images are observed. This increase in uniformity of 
the flattened leaves is demonstrated by the decrease in variability (eg. standard deviations) 
among quantitative data derived from the NIR/red ratio images (Tables 1, 2, and 3). 
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differ when comparing non-excised and excised (Table 1). 
 

 
 

Fig. 5. False-colored near-infrared/red ratio images of non-excised Cucumis sativus leaves 
(A) non-flattened and (B) flattened using the in situ image acquisition system (see Fig. 4). 
Near-infrared/red ratio images of excised (left-side of panels) and non-excised (right-side of 
panels) Lycopersicon esculentum leaves before (C) and after (D) flattening, respectively. Near-
infrared/red ratio images of healthy C. sativus leaves (left-side of panels) and those 
exhibiting nitrogen deficiency (right-side of panels) before (E) and after flattening (F). 

There was a significant difference between spectroradiometric and NIR/red ratio values 
between leaves that were and were not flattened using the “template system” whether 
comparing differences in leaf curvature or plant stress (Figures 5 and 6; Tables 1, 2, and 3). 
However, it is difficult to visualize the differences when comparing NIR/red ratio images 
though changes in the uniformity of the images are observed. This increase in uniformity of 
the flattened leaves is demonstrated by the decrease in variability (eg. standard deviations) 
among quantitative data derived from the NIR/red ratio images (Tables 1, 2, and 3). 
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Fig. 6. Examples of false-colored NIR/red waveband ratio images of excised leaves from 
healthy and stressed plants acquired using the in situ image acquisition template. (A) 
Healthy [i], insect honeydew-coated [ii], and sooty mold infested [iii] 'Valencia' orange 
[Citrus sinensis] leaves; (B) Healthy [i], honey-dew coated [ii], and sooty mold infested [iii] 
Ficus religiosa leaves; (C) 'Valencia' orange leaves non-infested [i, ii] and infested [iii, iv, v] 
with California red scale insect armor [Aonidiella aurantii]; (D) Healthy [i, ii], and sooty mold 
and citrus mealy bug [Planococcus citri] infested [iii-vii] trifoliate orange [Poncirus trifoliata] 
leaves. The leaflets in item v represent the highest level of infestation; (E) Healthy [i] and 
diseased [ii-iv; greasy spot, Mycosphaerella citri] grapefruit leaves. Severe chlorosis in item iv 
resulted in a NIR/red ratio coded as black in the false-colored image; (F) Healthy [i] and 
spider mite [Eutetranychus banksi] damaged [ii-iv] cucumber leaves [C. sativus] leaves. 
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5. Opportunities and constraints 
The common use of NIR/red ratio images to detect plant stress is based on the well known 
fact that stressed plants commonly exhibit both a decrease in NIR reflectance and an 
increase in reflectance of red wavelengths. Thus, NIR/red ratios tend to be relatively high 
within areas of imagery representing healthy plant foliage, and generally decrease within 
areas exhibiting physiological stress. The main exception to this is significant honeydew 
deposition on leaf surfaces. Ratio images compiled during the research described clearly 
demonstrate the potential usefulness of this image enhancement technique for identifying 
certain types of biotic plant stress. 

Damage caused by each of the representative pest species discussed herein was 
accompanied by distinct spectral changes that were readily distinguishable (from healthy 
foliage) in CIR and/or derivative imagery. By providing a capability to identify small and 
localized areas of foliar damage (e.g., feeding injury by spider mites) and/or the presence of 
characteristic pest products on plants (e.g., honeydew), CIR imagery appears to have 
considerable potential for the detection of incipient infestations of several major groups of 
glasshouse arthropod pests. Moreover, use of a suitable artificial lighting source (e.g., quartz 
halogen lamps) facilitates the acquisition of CIR imagery that is equivalent in quality and 
interpretability to imagery obtained under optimal natural lighting conditions, and thus 
mitigates a major problem (i.e., poor or unpredictable ambient lighting) that has long 
represented one of the principal constraints to use of remote sensing in conventional 
outdoor crops. 

Overall it appears that excising and flattening leaves do not severely affect 
spectroradiometric and CIR image quality. Thus, one of the principal advantages of this 
method is that it provides a means by which to experimentally compare reflectance values 
and image ratios (NIR/red) in “side-by-side” comparisons without the vagaries caused by 
leaf curvature or reflectance from adjacent or underlying leaves. Summy and Little (2008), 
Summy et al. (2010), and Yousef et al. (2011) discuss the use of this template system for the 
direct comparison of leaves exhibiting signs and symptoms of sooty mold and fungal 
pathogens, insect infestations, and nutrient deficiencies and toxicities. 

6. Future directions 
In order to effectively use a template system such as that described herein for obtaining 
accurate spectral measurements of excised leaves, the user must ensure that the excision 
process and handling methods for leaf samples do not adversely affect leaf tissues or cause a 
degree of desiccation sufficient to affect spectral reflectance (Foley et al., 2006). Although 
much emphasis has been placed on laboratory handling methods, the procedures used to 
store samples for transport to the laboratory are equally important. One recent study 
demonstrated that excised foliage of giant reed, Arundo donax, placed within paper bags and 
stored in a refrigerated ice chest desiccated rapidly and exhibited substantial changes in 
spectral properties within a period of 24 hours following collection.  In contrast, samples of 
A. donax foliage stored within clear plastic zip-lock bags exhibited little evidence of 
desiccation or significant changes in spectral properties for 72 to 96 hours after collection 
(Summy et al., in press) (Figure 7). The development of field collection and transport 
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5. Opportunities and constraints 
The common use of NIR/red ratio images to detect plant stress is based on the well known 
fact that stressed plants commonly exhibit both a decrease in NIR reflectance and an 
increase in reflectance of red wavelengths. Thus, NIR/red ratios tend to be relatively high 
within areas of imagery representing healthy plant foliage, and generally decrease within 
areas exhibiting physiological stress. The main exception to this is significant honeydew 
deposition on leaf surfaces. Ratio images compiled during the research described clearly 
demonstrate the potential usefulness of this image enhancement technique for identifying 
certain types of biotic plant stress. 

Damage caused by each of the representative pest species discussed herein was 
accompanied by distinct spectral changes that were readily distinguishable (from healthy 
foliage) in CIR and/or derivative imagery. By providing a capability to identify small and 
localized areas of foliar damage (e.g., feeding injury by spider mites) and/or the presence of 
characteristic pest products on plants (e.g., honeydew), CIR imagery appears to have 
considerable potential for the detection of incipient infestations of several major groups of 
glasshouse arthropod pests. Moreover, use of a suitable artificial lighting source (e.g., quartz 
halogen lamps) facilitates the acquisition of CIR imagery that is equivalent in quality and 
interpretability to imagery obtained under optimal natural lighting conditions, and thus 
mitigates a major problem (i.e., poor or unpredictable ambient lighting) that has long 
represented one of the principal constraints to use of remote sensing in conventional 
outdoor crops. 

Overall it appears that excising and flattening leaves do not severely affect 
spectroradiometric and CIR image quality. Thus, one of the principal advantages of this 
method is that it provides a means by which to experimentally compare reflectance values 
and image ratios (NIR/red) in “side-by-side” comparisons without the vagaries caused by 
leaf curvature or reflectance from adjacent or underlying leaves. Summy and Little (2008), 
Summy et al. (2010), and Yousef et al. (2011) discuss the use of this template system for the 
direct comparison of leaves exhibiting signs and symptoms of sooty mold and fungal 
pathogens, insect infestations, and nutrient deficiencies and toxicities. 

6. Future directions 
In order to effectively use a template system such as that described herein for obtaining 
accurate spectral measurements of excised leaves, the user must ensure that the excision 
process and handling methods for leaf samples do not adversely affect leaf tissues or cause a 
degree of desiccation sufficient to affect spectral reflectance (Foley et al., 2006). Although 
much emphasis has been placed on laboratory handling methods, the procedures used to 
store samples for transport to the laboratory are equally important. One recent study 
demonstrated that excised foliage of giant reed, Arundo donax, placed within paper bags and 
stored in a refrigerated ice chest desiccated rapidly and exhibited substantial changes in 
spectral properties within a period of 24 hours following collection.  In contrast, samples of 
A. donax foliage stored within clear plastic zip-lock bags exhibited little evidence of 
desiccation or significant changes in spectral properties for 72 to 96 hours after collection 
(Summy et al., in press) (Figure 7). The development of field collection and transport 
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methodology for plant foliage is critical to obtaining accurate spectral measurements in the 
laboratory and represents a fruitful area of future research.   

 
Fig. 7. Samples of Arundo donax leaves maintained in plastic zip-lock bags (left) and paper 
bags (right) following a 96-hour observation period (from Summy et al., in press). 
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1. Introduction

The present chapter illustrates the use of some recent alternative methods to deal with digital
image filtering and restoration. This collection of methods is inspired on the use of Markov
Random Fields (MRF), which introduces prior knowledge of information that will allow,
more efficiently, modeling the image acquisition process. The methods based on the MRF are
analyzed and proposed into a Bayesian framework and their principal objective is to eliminate
noise and some effects caused by excessive smoothness on the reconstruction process of
images which are rich in contours or edges. In order to preserve object edges into the image,
the use of certain convexity criteria into the MRF is proposed obtaining adequate weighting
of cost functions in cases where discontinuities are remarked and, even better, for cases where
such discontinuities are very smooth.

Some image analysis and processing tasks involve the filtering or image recovery x̂ (e.g.
restoration) after x passes by a degradation process giving the observed image y (see equation
(1)). Such degradation covers the noise perturbations, blurring effects due to focus of the
acquisition system lenses or to the bandwidth capacity, and other artifacts that may be added
to the correct data. The use of Bayesian methods proposed in the seventies (Besag, 1974; 1986;
Geman and Geman, 1984), are nowadays essential at least in the cases of image segmentation
and image restoration (Andrews and Hunt, 1977). The basic idea of these methods is to
construct a Maximum a posteriori (MAP) estimate of the modes or so called estimator of
true images by using MRF into a Bayesian framework. The general approach is based on
a robust scheme which could be adapted to reject outliers, tackling situations where noise is
present in different forms during the acquisition process (Bertaux et al., 2004; Cai et al, 2008;
Chan et al., 2006; Durand and Nikolova, 2006a;b; Nikolova, 2006; 2005; Nikolova and Ng,
2005; Pan and Reeves, 2006).

The restoration or recuperation of an image to its original condition given a degraded image,
passes thus by reverting the effects caused by noise or / and a distortion function. In
fact, the degradation characteristic is a crucial source of information and its mathematical
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2 Image Acquisition

function must be known or estimated during the inversion procedure. Typically, this is a
point spread function (PSF) which can be linked with the probability distribution of the
noise contamination or likelihood function. In the case of MAP filters, usually the additive
Gaussian noise is considered, however in some applications this noise is non-Gaussian
(Bertaux et al., 2004; Cai et al, 2008) or unknown noise probability distribution function
(pdf), p(e) = p(y|x), with some partial knowledge. In the latter case, we propose to
use the data itself to obtain a non-parametric entropy estimate (EE) of the log-likelihood
pdf, p̂n,h(e) (De la Rosa and Fleury, 2002; De la Rosa et al., 2003; De la Rosa, 2004). Then the
log-likelihood will be optimized (e.g. minimized) together with a log-MRF to obtain the MAP
image estimation. A variety of applications in signal processing and instrumentation, are
based in statistical modeling analysis. One of the most used is the linear regression model
(simple or multi-variable in the case of images)

yi,j = x�i,jθi,j + ei,j, with e ∼ p(e), (1)

where y represents the response (observed data, acquired data or explained variables), to x
explicative variables for i = 1, . . . , N and j = 1, . . . , M, and a system response parameterized
by θ (being θ a linear operator which models the image degradation (or PSF)) which is
associated to data (y, x). In some applications θ are functional parameters which will be
estimated by an identification procedure if x are known, but if θ are known and x are
unknown, the estimation is made about x, or the estimation can be made for both cases
(e.g. blind deconvolution). The e variables are independent random processes identically
distributed accordingly to p(e). A natural extension of the linear regression model is the
non-linear regression model based on a parameterized function f (x, θ) (see equation (2)). This
function is nonlinear with respect to the parameters, and its use is also considered because
it has been shown in a large variety of signal processing and control applications that the
modeling could be more realistic when using nonlinear functions. The perturbations affecting
the analyzed system are also modeled as stochastic processes. Then, for this case:

yi,j = f (x, θ)i,j + ei,j, with e ∼ p(e). (2)

Another source of information which imposes a key rule in the image processing context, is the
contextual or spatial information that represents the correlation between the intensity values
of a neighborhood of pixels well specified. The modellig, when using MRF, takes into account
such spatial interaction and it was introduced and formalized in (Besag, 1974), and extended
in some pioneering works (Besag, 1986; Bouman and Sauer, 1993; Geman and Geman, 1984;
Sauer and Bouman, 1992). Combining both kinds of information into a statistical framework,
the restoration is led by an estimation procedure given the MAP of the true images when
the distortion functionals are known. The algorithms implemented in this chapter were
developed considering a degraded signal, where the resulting non-linear recursive filters
show excellent characteristics to preserve all the details contained in the image and, on
the other hand, they smooth the noise components. Some existent optimization methods
are commented, since the optimization (e.g. maximization or minimization) task is central
during the reconstruction and its performance depends on the structure of the cost functionals.
Finally, a comparison between some existent Bayesian schemes and new proposed for noise
filtering and image deblurring is presented. Particularly, five MAP estimation schemes are
implemented where the first two schemes use two MRF; the semi-Huber (SH) potential
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function which is proposed as an extension of some previous works (De la Rosa and Fleury,
2006; De la Rosa et al., 2007), and the generalized Gaussian MRF (GGMRF) introduced in
(Bouman and Sauer, 1993) in both cases, Gaussian noise is assumed. The other three MAP
schemes correspond to new MAP entropy estimators (MAPEE) for image filtering, where
unknown noise pdf assumptions are made and the generalized Gaussian MRF is also used.

The rest of this chapter is organized as follows. Section 2 describes the general definition of
a MRF and the proposal of the MAP estimator. The potential functions must be proposed to
conduct adequately the inversion process, some functions are described in section 3 where the
convexity level is the key to formulate an adequate criterion to be maximized or equivalently
minimized. In sections 4 and 5 are deduced some MAP estimators and commented
some optimization techniques resulting from different MRF structures for Gaussian noise
assumptions, and MAPEE estimators for unknown noise pdf. Section 6 introduces the
Kernel structures used for MAPEE estimators, while in section 7 results for Gaussian and
non-Gaussian restoration are discussed. Finally, some conclusions and comments are given in
section 8.

2. MAP estimation and Markov random fields

The problem of image estimation (e.g. restoration) into a Bayesian framework deals with
the solution of an inverse problem, where the estimation process is carried out in a whole
stochastic environment. The most popular estimators used nowadays are:

Maximum Likelihood estimator (ML): A classical procedure to estimate x when θ is known
(from equations (1) and (2)), is based in a cost function or criterion J (x) which varies in
function ψ(·) of residuals or noise e(x), where:

ei,j(x) = yi,j − x�i,jθi,j or ei,j(x) = yi,j − f (x, θ)i,j, (3)

and so

J (x) =
N

∑
i=1

M

∑
j=1

ψ(ei,j(x)). (4)

This is, for example, the case of the maximum likelihood (ML) estimator:

�xML = arg max
x∈X

p(y|x) = arg min
x∈X

(− log p(y|x)) ,

= arg min
x∈X

⎛
⎝−

N

∑
i=1

M

∑
j=1

log p(ei,j(x))

⎞
⎠ .

(5)

The ML estimator is optimal when all information about the distribution p(e) is accessible,
which is the case for Gaussian noise. When the knowledge about p(e) is imprecise or
wrong, the estimator �xML is possibly suboptimal. Moreover, under certain circumstances,
in image processing restoration, it results in an ill-posed problem or produces excessive
noise and also causes smooth of edges. The regularization of the ML estimator gives
both a more effective approach to reduce noise and smoothness (in fact, it depends on
the mathematical structure of the regularization term). In a probabilistic framework, the
regularization of the ML estimator leads to the Bayesian approach, where it is important
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to exploit all known information or so called prior information about any process under
study, which gives a better statistical estimator called

Maximum A Posteriori (MAP) estimator:

x̂MAP = arg max
x∈X

p(x|y),
= arg max

x∈X
(log p(y|x) + log g(x)) ,

= arg min
x∈X

(− log p(y|x)− log g(x)) .
(6)

In this case, the estimator is regularized by using a MRF function g(x) which models all
prior information as a whole probability distribution, where X is the set of pixels x capable
to maximize p(x|y), and p(y|x) is the likelihood function from y given x.

The Markov random fields (MRF) can be represented in a generic way by using the following
equation:

g(x) =
1
Z

exp

(
− ∑

c∈C

Vc(x)

)
, (7)

where Z is a normalization constant, C is a set of “cliques” c or local neighborhood of
pixels, and Vc(x) is a weighting function given over the local neighborhood. Generally, the
“cliques” correspond to the possible set of neighborhoods of pixels. A theorem introduced
by Hammersley-Clifford (Besag, 1974; Geman and Geman, 1984) probes the equivalence
between the Gibbs distribution and the MRFs. The Markov random fields have the capacity
to represent various images sources. The main partial disadvantage using MRFs is that
the estimation procedure deals with local minimization schemes (generally it grows the
computation time), while the proposal of global minimization schemes has been recently
introduced by modifying the local structure of the MRFs in order to establish a better trade-off
between quality of reconstruction and computation time. There is a variety of MRF models
which depend on the cost functions also known as potential functions that can be used. Each
potential function characterizes the interactions between pixels in the same local group. As
an example, the following family represents convex functions:

ρ(Δ) = |Δ|p (8)

where Δ = λ[xs − xr ], λ is a constant parameter to be chosen, and p takes constant values
such as p ≥ 1 accordingly to the theorem 2 in (Bouman and Sauer, 1993).

3. MRFs and convexity of potential functions

In recent works (Champagnat and Idier, 2004; Ciuciu and Idier, 2002; Ciuciu et al., 2001;
Giovannelli et al., 2002; Idier, 2001; Rivera and Marroquin, 2003; 2004; Rivera, 2005) some
new potential functions were introduced. Such proposed functions are semi-quadratic
functionals or half-quadratic and they characterize certain convexity into the regularization
term (Geman and Reinolds, 1992; Geman and Yang, 1995)(eg. extension of penalization)
which permits to build efficient and robust estimators in the sense of data preservation which
is linked to the original or source image. Also, the necessary computation time decreases
with respect to other proposed schemes as shown in (Chan et al., 2006; Durand and Nikolova,
2006a;b; Nikolova, 2006; 2005; Nikolova and Ng, 2005; Nikolova and Chan, 2007) and
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(Labat and Idier, 2006; Labat, 2006) in the case of non-convex and convex potential functions.
On the other hand, in previous works from (Gibbs, 2000) it has been proposed a way to
obtain the posterior distribution of the images; in this case, it is necessary to use sophisticated
stochastic simulation techniques based on the Markov Chain Monte Carlo (MCMC) methods
(Neal, 1993; Robert and Casella, 2004). If it is possible to obtain the posterior distribution of
any image, thus, it is also possible to sample from such posterior distribution and obtain the
MAP estimator, or other estimators such as the median estimator which is sensible to be as
well as the MAP estimator under certain circumstances imposed by the noise structure, the
MAP and the median estimators search the principal mode of the posterior distribution.

In the present chapter two already reported potential functions are revised and their
performance is compared. The generalized Guassian MRF introduced in (Bouman and Sauer,
1993; Sauer and Bouman, 1992) is compared with respect to semi-Huber functional used in
problems of one dimensional estimation in (De la Rosa and Fleury, 2006).

3.1 Generalized Gaussian MRF (GGMRF)

If one considers to generalize the Gaussian MRF (when p = q = 2 one has a GMRF, see
equation (15)) as proposed by Bouman, where the generalized potential functions correspond
to

ρ1(Δ) = |Δ|p , 1 < p < 2 (9)

obtaining the GGMRF

log g(x) = −λp

⎛
⎝∑

s∈S

asxp
s + ∑

{s,r}∈C

bsr|xs − xr |p
⎞
⎠+ ct, (10)

where ct is a constant term, and theoretically as > 0 and bsr > 0, s is the site or pixel of
interest and S is the set of sites into the whole MRF, and r corresponds to the local neighbors.
In practice and for Gaussian noise assumptions, it is recommended to take as = 0, assuring
the unicity of �xMAP, thus the GGMRF can be written as

log g(x) = −λp

⎛
⎝ ∑

{s,r}∈C

bsr|xs − xr|p
⎞
⎠+ ct, (11)

and from equation (2), log p(y|x) is strictly convex and so �xMAP is continuous in y, and in p.
On the other hand, the MAPEE approach proposed here takes into account that the noise pdf
is unknown or non-Gaussian. For this particular case, it is recommended to take as = 1, since
the likelihood term is not given in terms of quadratic q = 2 functional, and in order to relax
the possible non-convexity problem it has been used

log g(x) = −λp

⎛
⎝∑

s∈S

asx2
s + ∑

{s,r}∈C

bsr|xs − xr |p
⎞
⎠+ ct, (12)

147
A Comparative Study of Some Markov Random Fields 
and Different Criteria Optimization in Image Restoration



4 Image Acquisition
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(6)
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− ∑
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)
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computation time), while the proposal of global minimization schemes has been recently
introduced by modifying the local structure of the MRFs in order to establish a better trade-off
between quality of reconstruction and computation time. There is a variety of MRF models
which depend on the cost functions also known as potential functions that can be used. Each
potential function characterizes the interactions between pixels in the same local group. As
an example, the following family represents convex functions:

ρ(Δ) = |Δ|p (8)

where Δ = λ[xs − xr ], λ is a constant parameter to be chosen, and p takes constant values
such as p ≥ 1 accordingly to the theorem 2 in (Bouman and Sauer, 1993).
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In recent works (Champagnat and Idier, 2004; Ciuciu and Idier, 2002; Ciuciu et al., 2001;
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new potential functions were introduced. Such proposed functions are semi-quadratic
functionals or half-quadratic and they characterize certain convexity into the regularization
term (Geman and Reinolds, 1992; Geman and Yang, 1995)(eg. extension of penalization)
which permits to build efficient and robust estimators in the sense of data preservation which
is linked to the original or source image. Also, the necessary computation time decreases
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stochastic simulation techniques based on the Markov Chain Monte Carlo (MCMC) methods
(Neal, 1993; Robert and Casella, 2004). If it is possible to obtain the posterior distribution of
any image, thus, it is also possible to sample from such posterior distribution and obtain the
MAP estimator, or other estimators such as the median estimator which is sensible to be as
well as the MAP estimator under certain circumstances imposed by the noise structure, the
MAP and the median estimators search the principal mode of the posterior distribution.

In the present chapter two already reported potential functions are revised and their
performance is compared. The generalized Guassian MRF introduced in (Bouman and Sauer,
1993; Sauer and Bouman, 1992) is compared with respect to semi-Huber functional used in
problems of one dimensional estimation in (De la Rosa and Fleury, 2006).

3.1 Generalized Gaussian MRF (GGMRF)

If one considers to generalize the Gaussian MRF (when p = q = 2 one has a GMRF, see
equation (15)) as proposed by Bouman, where the generalized potential functions correspond
to

ρ1(Δ) = |Δ|p , 1 < p < 2 (9)

obtaining the GGMRF

log g(x) = −λp

⎛
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s∈S
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s + ∑

{s,r}∈C

bsr|xs − xr |p
⎞
⎠+ ct, (10)

where ct is a constant term, and theoretically as > 0 and bsr > 0, s is the site or pixel of
interest and S is the set of sites into the whole MRF, and r corresponds to the local neighbors.
In practice and for Gaussian noise assumptions, it is recommended to take as = 0, assuring
the unicity of �xMAP, thus the GGMRF can be written as

log g(x) = −λp

⎛
⎝ ∑

{s,r}∈C

bsr|xs − xr|p
⎞
⎠+ ct, (11)

and from equation (2), log p(y|x) is strictly convex and so �xMAP is continuous in y, and in p.
On the other hand, the MAPEE approach proposed here takes into account that the noise pdf
is unknown or non-Gaussian. For this particular case, it is recommended to take as = 1, since
the likelihood term is not given in terms of quadratic q = 2 functional, and in order to relax
the possible non-convexity problem it has been used

log g(x) = −λp

⎛
⎝∑

s∈S

asx2
s + ∑
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bsr|xs − xr |p
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also ensuring that log p(y|x) is convex and so �xMAPEE is continuous in y, and in p. The choice
of p is capital, since it constrains the convergence speed of the local or global estimator, and
the quality of the restored image.

3.2 Semi-Huber potential function

In order to assure completely the robustness into the edge preserving image filtering,
diminishing at the same time the convergence speed, the Huber–like norm or semi–Huber
(SH) potential function is proposed as a half-quadratic (HQ) function. Such functional has
been used in one dimensional robust estimation as described in (De la Rosa and Fleury, 2006)
for the case of non-linear regression. This function is adjusted in two dimensions according to
the following equation:

log g(x) = −λ

⎛
⎝ ∑

{s,r}∈C

bsrρ2(x)

⎞
⎠+ ct, (13)

where

ρ2(x) =
Δ2

0
2

��
1 +

4ϕ1(x)
Δ2

0
− 1

�
,

and where Δ0 > 0 is a constant value, bsr is a constant that depends on the distance between
the r and s pixels, and ϕ1(x) = e2 where e = (xs − xr). The potential function ρ2(x) fulfills the
following conditions

ρ2(x) ≥ 0, ∀x with ρ2(0) = 0,
ψ(x) ≡ ∂ρ2(x)/∂x, exists,

ρ2(x) = ρ2(−x), is symmetric,
w(x) ≡ ψ(x)

2x , exists,
limx→+∞ w(x) = μ, 0 ≤ μ < +∞,
limx→+0 w(x) = M, 0 < M < +∞.

(14)

4. MAP estimators for Gaussian noise and optimization

In this section some estimators are deduced. The single problem of filtering noise to restore
an observed signal y leads to establish the estimators.

4.1 Image filtering and optimization

The observation equation could be

y = x + e, where e ∼ N (0, Iσ2
n),

where I is the identity matrix. For this particular problem when using the GGMRF and under
hypothesis of Gaussian noise with variance σ2

n , the MAP estimator is given by,

�xMAP1 = arg min
x∈X

⎧⎨
⎩∑

s∈S

|ys − xs|q + σqλp ∑
{s,r}∈C

bs−r|xs − xr |p
⎫⎬
⎭ , (15)
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the minimization in equation (15) or optimization problem leads to consider various
methods (Allain et al., 2006; Chan et al., 2006; Nikolova, 2006; 2005; Nikolova and Ng, 2005;
Nikolova and Chan, 2007):

• global iterative techniques such as: the descendent gradient (Nikolova and Chan, 2007),
conjugate gradient (Rivera and Marroquin, 2003) (for recent propositions one can consult
the work (Labat and Idier, 2006; Labat, 2006)), Gauss-Seidel, Over-relaxed methods, etc.

• local minimization techniques: minimization at each pixel xs (which generally needs more
time, but from our point of view are more precise), where also some of the above methods
can be used.

In this work the local techniques were used, the expectation maximization (EM) was not
implemented, nor complete half-quadratic scheme as proposed in (Geman and Reinolds,
1992) and in (Geman and Yang, 1995), since all hyper-parameters included into the potential
functions were chosen heuristically or according to values proposed in references. Only, the
step of minimization with respect to x was implemented to probe convergence of estimators.
For example, the local MAP estimator for the GGMRF is given by

x̂s1 = arg min
x∈X

{
|ys − xs|q + σqλp ∑

r∈∂s
br−s|xs − xr |p

}
, (16)

where, according to the value of parameters p and q, the performance of such estimator varies.
For example, if p = q = 2, one has the Gaussian condition of the potential function where the
obtained estimator is similar to the least-squares one (L2 norm) since the likelihood function
is quadratic, with an additional quadratic term of penalization which degrades the estimated
image

x̂s =
ys + (σλ)2 ∑r∈∂s br−sxr

1 + (σλ)2 ∑r∈∂s br−s
. (17)

On the other hand, in the case of p = q = 1, the criterion is absolute (L1 norm), and the
estimator converges to the median estimator, which in practice, is difficult to implement in a
precise way

x̂s = median (ys, xr1 , . . . , xrI ) . (18)

This criterion is not differentiable at zero and this fact causes instability in the minimization
procedure. For intermediate values of p and q these estimators become sub-optimal, and the
iterated methods can be used to minimize the obtained criterions. Such iterative methods are
the sub–gradient, or the Levenberg–Marquardt method of MATLAB 7, the last method was
used as optimization technique in this work. For cases where q �= p, for example q = 2
and 1 < p < 2, some studies and different propositions of a priori functions have been
proposed in (Durand and Nikolova, 2006a;b; Nikolova, 2006; 2005; Nikolova and Ng, 2005;
Nikolova and Chan, 2007), particulary in (Durand and Nikolova, 2006a;b; Nikolova, 2006;
Nikolova and Ng, 2005) where non-convex regularized least-squares schemes are deduced
and its convergence is analyzed.

The local or global condition of the estimator depends thus on

1) if one has values of 1 < p < 2: the estimator x̂min.loc → x̂min.glob, which means that a local
minimum would coincide with a global minimum,
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also ensuring that log p(y|x) is convex and so �xMAPEE is continuous in y, and in p. The choice
of p is capital, since it constrains the convergence speed of the local or global estimator, and
the quality of the restored image.

3.2 Semi-Huber potential function

In order to assure completely the robustness into the edge preserving image filtering,
diminishing at the same time the convergence speed, the Huber–like norm or semi–Huber
(SH) potential function is proposed as a half-quadratic (HQ) function. Such functional has
been used in one dimensional robust estimation as described in (De la Rosa and Fleury, 2006)
for the case of non-linear regression. This function is adjusted in two dimensions according to
the following equation:

log g(x) = −λ
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where
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��
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− 1

�
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and where Δ0 > 0 is a constant value, bsr is a constant that depends on the distance between
the r and s pixels, and ϕ1(x) = e2 where e = (xs − xr). The potential function ρ2(x) fulfills the
following conditions

ρ2(x) ≥ 0, ∀x with ρ2(0) = 0,
ψ(x) ≡ ∂ρ2(x)/∂x, exists,

ρ2(x) = ρ2(−x), is symmetric,
w(x) ≡ ψ(x)

2x , exists,
limx→+∞ w(x) = μ, 0 ≤ μ < +∞,
limx→+0 w(x) = M, 0 < M < +∞.

(14)

4. MAP estimators for Gaussian noise and optimization

In this section some estimators are deduced. The single problem of filtering noise to restore
an observed signal y leads to establish the estimators.

4.1 Image filtering and optimization

The observation equation could be

y = x + e, where e ∼ N (0, Iσ2
n),

where I is the identity matrix. For this particular problem when using the GGMRF and under
hypothesis of Gaussian noise with variance σ2

n , the MAP estimator is given by,

�xMAP1 = arg min
x∈X

⎧⎨
⎩∑

s∈S

|ys − xs|q + σqλp ∑
{s,r}∈C

bs−r|xs − xr |p
⎫⎬
⎭ , (15)
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the minimization in equation (15) or optimization problem leads to consider various
methods (Allain et al., 2006; Chan et al., 2006; Nikolova, 2006; 2005; Nikolova and Ng, 2005;
Nikolova and Chan, 2007):

• global iterative techniques such as: the descendent gradient (Nikolova and Chan, 2007),
conjugate gradient (Rivera and Marroquin, 2003) (for recent propositions one can consult
the work (Labat and Idier, 2006; Labat, 2006)), Gauss-Seidel, Over-relaxed methods, etc.

• local minimization techniques: minimization at each pixel xs (which generally needs more
time, but from our point of view are more precise), where also some of the above methods
can be used.

In this work the local techniques were used, the expectation maximization (EM) was not
implemented, nor complete half-quadratic scheme as proposed in (Geman and Reinolds,
1992) and in (Geman and Yang, 1995), since all hyper-parameters included into the potential
functions were chosen heuristically or according to values proposed in references. Only, the
step of minimization with respect to x was implemented to probe convergence of estimators.
For example, the local MAP estimator for the GGMRF is given by

x̂s1 = arg min
x∈X

{
|ys − xs|q + σqλp ∑

r∈∂s
br−s|xs − xr |p

}
, (16)

where, according to the value of parameters p and q, the performance of such estimator varies.
For example, if p = q = 2, one has the Gaussian condition of the potential function where the
obtained estimator is similar to the least-squares one (L2 norm) since the likelihood function
is quadratic, with an additional quadratic term of penalization which degrades the estimated
image

x̂s =
ys + (σλ)2 ∑r∈∂s br−sxr

1 + (σλ)2 ∑r∈∂s br−s
. (17)

On the other hand, in the case of p = q = 1, the criterion is absolute (L1 norm), and the
estimator converges to the median estimator, which in practice, is difficult to implement in a
precise way

x̂s = median (ys, xr1 , . . . , xrI ) . (18)

This criterion is not differentiable at zero and this fact causes instability in the minimization
procedure. For intermediate values of p and q these estimators become sub-optimal, and the
iterated methods can be used to minimize the obtained criterions. Such iterative methods are
the sub–gradient, or the Levenberg–Marquardt method of MATLAB 7, the last method was
used as optimization technique in this work. For cases where q �= p, for example q = 2
and 1 < p < 2, some studies and different propositions of a priori functions have been
proposed in (Durand and Nikolova, 2006a;b; Nikolova, 2006; 2005; Nikolova and Ng, 2005;
Nikolova and Chan, 2007), particulary in (Durand and Nikolova, 2006a;b; Nikolova, 2006;
Nikolova and Ng, 2005) where non-convex regularized least-squares schemes are deduced
and its convergence is analyzed.

The local or global condition of the estimator depends thus on

1) if one has values of 1 < p < 2: the estimator x̂min.loc → x̂min.glob, which means that a local
minimum would coincide with a global minimum,
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2) moreover, if p �= q, the criterion is not homogeneous, but: �x(αy, λ) = α�x(y, α1−q/pλ) is
convex, assuring the convergence and existence of the estimator which is continuous with
respect to p.

Moreover, when the noise is Gaussian, the value of q = 2 is a good choice, but if the
noise is non-Gaussian, and if the structure of noise is known, thus the likelihood term
changes giving a particular estimator such as that proposed in (Bertaux et al., 2004), or in
(Cai et al, 2008), giving some properties of robustness to the minimization procedure. If the
structure of noise is supposed unknown, still one could reconsider the GGMRF with values
for q ∈ (1, 2], or consider also another type of MRFs as those described in some works of Idier
(Champagnat and Idier, 2004; Ciuciu and Idier, 2002; Ciuciu et al., 2001; Giovannelli et al.,
2002) and Nikolova (Nikolova, 2006; 2005; Nikolova and Ng, 2005; Nikolova and Chan, 2007).

A second MAP estimator can be obtained when using the SH potential function, the global
estimator can be described by the equation

�xMAP2 = arg min
x∈X

⎧⎨
⎩∑

s∈S

|ys − xs|2 + λ

⎛
⎝ ∑

{s,r}∈C

bs−rρ2(x)

⎞
⎠
⎫⎬
⎭ . (19)

As in the previous MAP estimator, it has been proposed to implement the local estimator
which leads to a similar expression for the first local MAP estimator (see equation (16)), that
is

�xs2 = arg min
x∈X

�
|ys − xs|2 + λ

�
∑

r∈∂s
bs−rρ2(x)

��
. (20)

The use of a prior distribution function based on the logarithm, with any degree of convexity
and quasi-homogeneous, permits to consider a variety of possible choices of potential
functions. Maybe, the most important challenges that must be well solved are: the adequate
selection of hyper-parameters from potential functions, where different versions of the EM
algorithms try to tackle this problem (Champagnat and Idier, 2004; Giovannelli et al., 2002;
Idier, 2001; Nikolova and Ng, 2005), another is the minimization procedure which in any sense
will regulate the convergence speed as proposed in (Allain et al., 2006; Geman and Reinolds,
1992; Geman and Yang, 1995; Labat and Idier, 2006; Labat, 2006; Nikolova, 2006; 2005;
Rivera and Marroquin, 2003), etc.

4.2 Image deconvolution

On the other hand, for the problem of image deblurring to restore an observed signal y, the
observation equation used is given by

y = Θx + e, with e ∼ N (0, Iσ2
n). (21)

Now, for the two previous MAP estimators the likelihood term changes, such that,

�xMAPk = arg min
x∈X

�
∑
s∈S

|ys − Θxs|2 − log g(x)

�
, (22)
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where the matrix Θ is known and given by the following truncated Gaussian blurring
function,

θ(i, j) = exp

(
−i2 − j2

2σ2
b

)
, for − 3 ≤ i, j ≤ 3, (23)

as used also in (Nikolova et al., 2010), with σb = 1.5. And k = 1, 2 according to the GGMRF,
and the SH potential functions. Here, the results were improved combining ideas introduced
in a similar Bayesian way by Levin (Levin et al., 2007a;b) adding a Sparse prior (SP) for
filtering and then reconstructing the image.

5. MAP entropy estimators (EE) for unknown noise pdf

Our proposition for a new MAP scheme is to use a generalized Gaussian MRF introduced
in section 3.1, together with three kernel estimators used in (De la Rosa and Fleury, 2002;
De la Rosa et al., 2003; De la Rosa, 2004) to obtain cost functionals or criterions based on the
entropy of the approximated likelihood function (first term of equation (6)) p̂n,h(e). Thus,
− log p(y|x) is built on the basis of the entropy of an estimate (EE) version p̂n,h(e) of the
distribution p(e). A first proposition is due to Pronzato and Thierry (Pronzato and Thierry,
2000a;b; 2001). The approximation is obtained using the classical kernel estimators which uses
the empirical distribution of the random vector e1(x), . . . , en(x). The next expression denote
such estimators:

p̂n,h(e) = p̂n,h(e|e1(x), . . . , en(x)) =
1
n

n

∑
i=1

Kh (e − ei) . (24)

This expression assumes the hypothesis that p(e) is symmetric, two times differentiable
and positive, indeed, it is assumed that K(z) is a kernel weighted function which
satisfies some imposed conditions treated in (Masry, 1983) and subsequently taken back
by Devroye (Devroye, 1992; 1989; Devroye and Krzyzȧk, 1999; Devroye, 1997), Berlinet
(Berlinet and Devroye, 1994), and Loader (Loader, 1999) in some of their research work. The
bandwidth h = hn is given in function of the sample size n. This parameter could be
considered as a sequence of positive numbers that must satisfy: hn → 0 and nhn → ∞ when
n → ∞. The strong uniform consistency of p̂n,h(e) and its convergence toward p(e), depend
on a convenable procedure of bandwidth selection. A simple and faster procedure which
has been retained in this work is the technique proposed and developed by Terrell (Terrell,
1990; Terrell and Scott, 1985). In the two dimensional kernel cases, the previous idea has been
extended in this work accordingly to the equation:

p̂n,h(e) = p̂n,h(e|e1,1(x), . . . , en,n(x))

=
1

n2

n

∑
k=1

n

∑
l=1

Kh
(
e − ek,l

)
. (25)

If the convergence and consistence of p̂n,h(e) are assumed, such that p̂n,h(e) → p(e), then the
entropy criterion over p̂n,h(e) can be approximated to − log p(y|x). The fact that the entropy
of any probability density function is invariant by translation, leads to consider one practical
artifact to build a suitable criterion. An extended criterion p̂n,h(eE) is based on the residuals
or noise extended vector which is given by: eE = {e1,1(x), . . . , en,n(x),−e1,1(x), . . . , en,n(x)}
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2) moreover, if p �= q, the criterion is not homogeneous, but: �x(αy, λ) = α�x(y, α1−q/pλ) is
convex, assuring the convergence and existence of the estimator which is continuous with
respect to p.

Moreover, when the noise is Gaussian, the value of q = 2 is a good choice, but if the
noise is non-Gaussian, and if the structure of noise is known, thus the likelihood term
changes giving a particular estimator such as that proposed in (Bertaux et al., 2004), or in
(Cai et al, 2008), giving some properties of robustness to the minimization procedure. If the
structure of noise is supposed unknown, still one could reconsider the GGMRF with values
for q ∈ (1, 2], or consider also another type of MRFs as those described in some works of Idier
(Champagnat and Idier, 2004; Ciuciu and Idier, 2002; Ciuciu et al., 2001; Giovannelli et al.,
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A second MAP estimator can be obtained when using the SH potential function, the global
estimator can be described by the equation

�xMAP2 = arg min
x∈X

⎧⎨
⎩∑

s∈S

|ys − xs|2 + λ

⎛
⎝ ∑

{s,r}∈C

bs−rρ2(x)

⎞
⎠
⎫⎬
⎭ . (19)

As in the previous MAP estimator, it has been proposed to implement the local estimator
which leads to a similar expression for the first local MAP estimator (see equation (16)), that
is

�xs2 = arg min
x∈X

�
|ys − xs|2 + λ

�
∑

r∈∂s
bs−rρ2(x)

��
. (20)

The use of a prior distribution function based on the logarithm, with any degree of convexity
and quasi-homogeneous, permits to consider a variety of possible choices of potential
functions. Maybe, the most important challenges that must be well solved are: the adequate
selection of hyper-parameters from potential functions, where different versions of the EM
algorithms try to tackle this problem (Champagnat and Idier, 2004; Giovannelli et al., 2002;
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y = Θx + e, with e ∼ N (0, Iσ2
n). (21)

Now, for the two previous MAP estimators the likelihood term changes, such that,

�xMAPk = arg min
x∈X

�
∑
s∈S

|ys − Θxs|2 − log g(x)

�
, (22)
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where the matrix Θ is known and given by the following truncated Gaussian blurring
function,

θ(i, j) = exp

(
−i2 − j2

2σ2
b

)
, for − 3 ≤ i, j ≤ 3, (23)

as used also in (Nikolova et al., 2010), with σb = 1.5. And k = 1, 2 according to the GGMRF,
and the SH potential functions. Here, the results were improved combining ideas introduced
in a similar Bayesian way by Levin (Levin et al., 2007a;b) adding a Sparse prior (SP) for
filtering and then reconstructing the image.

5. MAP entropy estimators (EE) for unknown noise pdf

Our proposition for a new MAP scheme is to use a generalized Gaussian MRF introduced
in section 3.1, together with three kernel estimators used in (De la Rosa and Fleury, 2002;
De la Rosa et al., 2003; De la Rosa, 2004) to obtain cost functionals or criterions based on the
entropy of the approximated likelihood function (first term of equation (6)) p̂n,h(e). Thus,
− log p(y|x) is built on the basis of the entropy of an estimate (EE) version p̂n,h(e) of the
distribution p(e). A first proposition is due to Pronzato and Thierry (Pronzato and Thierry,
2000a;b; 2001). The approximation is obtained using the classical kernel estimators which uses
the empirical distribution of the random vector e1(x), . . . , en(x). The next expression denote
such estimators:

p̂n,h(e) = p̂n,h(e|e1(x), . . . , en(x)) =
1
n

n

∑
i=1

Kh (e − ei) . (24)

This expression assumes the hypothesis that p(e) is symmetric, two times differentiable
and positive, indeed, it is assumed that K(z) is a kernel weighted function which
satisfies some imposed conditions treated in (Masry, 1983) and subsequently taken back
by Devroye (Devroye, 1992; 1989; Devroye and Krzyzȧk, 1999; Devroye, 1997), Berlinet
(Berlinet and Devroye, 1994), and Loader (Loader, 1999) in some of their research work. The
bandwidth h = hn is given in function of the sample size n. This parameter could be
considered as a sequence of positive numbers that must satisfy: hn → 0 and nhn → ∞ when
n → ∞. The strong uniform consistency of p̂n,h(e) and its convergence toward p(e), depend
on a convenable procedure of bandwidth selection. A simple and faster procedure which
has been retained in this work is the technique proposed and developed by Terrell (Terrell,
1990; Terrell and Scott, 1985). In the two dimensional kernel cases, the previous idea has been
extended in this work accordingly to the equation:

p̂n,h(e) = p̂n,h(e|e1,1(x), . . . , en,n(x))

=
1

n2

n

∑
k=1

n

∑
l=1

Kh
(
e − ek,l

)
. (25)

If the convergence and consistence of p̂n,h(e) are assumed, such that p̂n,h(e) → p(e), then the
entropy criterion over p̂n,h(e) can be approximated to − log p(y|x). The fact that the entropy
of any probability density function is invariant by translation, leads to consider one practical
artifact to build a suitable criterion. An extended criterion p̂n,h(eE) is based on the residuals
or noise extended vector which is given by: eE = {e1,1(x), . . . , en,n(x),−e1,1(x), . . . , en,n(x)}
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and on a suitable choice of h:

Je(x) = HA
��pn,h(eE)

� ≈ − log p(y|x), (26)

where HA( f ) = −
� An

−An

f (x) log f (x)dx. Finally, if we assume that the EE is a version of the

log-likelihood function into the MAP estimator, then a general version of the MAP-entropy
estimator (MAPEE) which assumes unknown noise pdf can be constructed from the fact
that − log p(y|x) can be approximated by the entropy of an estimate version �pn,h(e) of the
distribution p(e), that is HA

��pn,h(eE)
�
, thus:

�xMAPEE = arg min
x∈X

�
HA

��pn,h(eE)
�− log g(x)

�
. (27)

Now, substituting a particular log g(x) such as the GGMRF into the equation (27) one could
obtain at least three MAPEE estimators given by

�xMAPEEm = arg min
x∈X

⎧⎨
⎩HA

��pn,h(eE)
�− λp

⎛
⎝∑

s∈S

asx2
s + ∑

{s,r}∈C

bsr|xs − xr |p
⎞
⎠
⎫⎬
⎭ , (28)

for m = 1, 2, 3 according to the three following kernels: Normal, cosine and Hilbert.

6. Kernel structures

A function of the form K(z) is assumed as a fixed kernel Kh(z) = 1/(hd)K(z/h), where
h is called the kernel bandwidth and h > 0. The fundamental problem in kernel density
estimation lies in both the selection of an appropriate value for h and the selection of the
kernel structure. The choice of K(z) could depend on the smoothness of p(e). Three different
kernels or nonparametric schemes are reviewed in this section to approximate �pn,h(eE). The
gaussian kernel, which has proved to give good performance when h is selected by using
the over-smoothed principle introduced by Terrell (Terrell, 1990; Terrell and Scott, 1985) when
the errors vector is generally of finite length n. Second kernel is the cosine based weights
functions, where h is viewed in a different way. Finally, the third kernel is obtained from
a recent class of Hilbert kernels (Devroye and Krzyzȧk, 1999). It avoids the bandwidth h
selection and its performance depends on other parameters, whose selection is very easy
(parameters d and k are defined in section 6.3).

6.1 Normal or gaussian kernel

Among the different classical kernels (Berlinet and Devroye, 1994), the gaussian kernel has
been chosen since it is one of the most popular and easy to implement estimator. The following
expression resumes this estimator by a sum of exponentials:

�pn,h(z) =
1

n2h
√

2π

n

∑
k=1

n

∑
l=1

exp

�
− (z − zk,l)

2

2h2

�
. (29)
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In such a case, and considering that a fixed kernel structure has been chosen, Terrell (Terrell,
1990) proposes to use an over-smoothed bandwidth h that corresponds to:

h = 3
(

1
2
√

π(35)

) 1
5

σn− 1
5 ,

this bandwidth value guarantees the minimization of the Mean Integrated Squared Error
(MISE), σ is the standard deviation of the sample z, and

∫
K(z)2dz = 1

(2
√

π)
. Under mild

conditions, the kernel density estimates based on the over-smoothing principle are consistent
and for sufficiently large sample sizes, they will display all information present in the
underlying errors density p(e), we chose n × n array of samples zk,l near z.

6.2 Cosine based weights functions

A sequence of special weight cosine functions

cq(z) = 1/(Aq) cos2q(z/2)

requires only O(q2n) arithmetic operations, where q is a slowly growing function that
increases without bound together with n (i.e. q(n) < n or q(n) > n). This estimator is similar
to the kernel classical estimators and evaluates a series expansion in a more efficient way. The
role of h is replaced by q (cq(z) ≡ Kh(z)) and the efficiency is attained (according to the time
of calculus), since the selection of q is generally more simple than h. Thus (25) is equivalent to

p̂n,q(z) =
1

n2 Aq

n

∑
k=1

n

∑
l=1

(
1 + cos(z − zk,l)

2

)q

, (30)

where the Aq value could be approximated by

Aq ≈ 2
√

π√
q

.

Sufficient consistency and convergence conditions are given in (Eğecioğlu and Srinivasan,
2000) for the one dimensional case.

6.3 The Hilbert kernel

Finally, other kernel density estimates called the Hilbert kernel estimate is used. The equation
Kh(z) = 1/(hd)K(z/h) is considered equivalent to K(u) = 1/�u�d, where the smoothing
factor h is canceled obtaining:

p̂n(z) =
1

n2

n

∑
k=1

n

∑
l=1

1
�z − zk,l�d . (31)

The Hilbert estimates are viewed as a universally consistent density estimate whose expected
performance (L1, L∞, pointwise) is monotone in n (at least in theory) for all densities. The
consistency of this class of estimators is proved in Devroye and Krzyzȧk (1999)(see theorem
2). The Hilbert density estimate of order k (k > 0) is a redefined subclass that avoids the
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infinite peaks produced during estimation, in one dimensional case and using the value of
k = 2 the kernel estimate is given by:

p̂n(z) =

√
4

V2
d πn(n − 1) log n ∑

1≤i<j≤n

1
Deni,j

, (32)

where Deni,j = �z − zi�2d + �z − zj�2d and Vd is the volume of the unit ball in Rb. This
last expression is also called Cauchy density estimate, due to its similarity to the multivariate
Cauchy density, � · � denotes the L2 metric on Rd. Finally, it is assumed that p̂n(z) → p(z)
at least in probability for almost all z. For a suitable choice of An and alternatively of hn ,
q, or d and k, these estimators could be “blind asymptotically efficient”. The asymptotic
properties and the strong consistency of the truncated entropy estimators were analyzed
in (Pronzato and Thierry, 2000a;b; 2001). More over, in some other papers, the power of
these nonparametric tools have been largely used for different signal processing problems
(Pronzato et al., 2004), (Wolsztynski et al., 2004a) – (Wolsztynski et al., 2005c).

7. Denoising and deblurring experiments

Results presented in this section were obtained experimenting extensively with four images:
synthetic, Lena, Cameraman, and Boat (shown in Figure 1), to probe the performance of the
presented estimators.

7.1 Image filtering for Gaussian noise

Some estimation results are presented when images are contaminated by Gaussian noise, and
there are no other type of distortions (all θi,j = 1). The first experiment was made considering
that σn = 5, 10, 15. In the work (De la Rosa et al., 2003) some results were previously presented
based on the analysis of a synthetic image and the standard image of “Lena”, different levels
of noise were added to the images: e ∼ N (0, Iσ2

n), the values of σn are given such that the
obtained degradation is perceptible and difficult to eliminate. The obtained results were
compared using different values for p and λ preserving q = 2 (MAP1), and different values
for Δ0 and with λ = 1 (MAP2). Generally, with the two MAP estimators the filtering task
gives good visual results preserving contours and smoothing noise (see Figures 2 and 3), but
the computation time is different between them, the fastest estimator in general is the MAP2
(see image 2(d)), while the slowest is the MAP1 with p = 1.2. Table 1 shows the performance
of the MAP estimators for the problem of filtering Gaussian noise for different images, where
an objective evaluation is obtained accordingly to the peak signal to noise ratio (PSNR). Also
the computation times in MATLAB are shown in Table 1. Such comparative evaluation shows
that our proposed approach MAP2, gives better or similar performance with respect to MAP1.
Some interesting applications of robust estimation are particulary focused in phase recovery
from fringe patterns as presented in the work Villa et al. (2005), phase unwrapping, and
some other problems in optical instrumentation. In this sense, some filtering results were
thus obtained using the presented MAP estimators with similar results to those reported
here. On the other hand, the use of half-quadratic potential functions permits flexibility
for the computation time (Durand and Nikolova, 2006a;b; Nikolova and Ng, 2005). But still is
a challenge to tune correctly the hyper-parameters to obtain a better performance in the sense
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(a)

 

(b)

(c)

 

(d)

Fig. 1. The figure shows: (a) synthetical probe image; (b) the classical Lena image; (c) the
classical Cameraman image; (d) the classical Boat image.

� σn = 15 MAP1 MAP2

synthetic PSNR noise 24.6 24.7
35 × 35 PSNR filt. 27.6 28.8

Time (sec) 7.6 5.9
Lena PSNR noise 24.5 24.5

120 × 120 PSNR filt. 28.9 29.1
Time (sec) 80.6 75.3

Cameraman PSNR noise 24.7 24.6
256 × 256 PSNR filt. 28.8 28.9

Time (sec) 355.9 341.7
Boat PSNR noise 24.6 24.6

512 × 512 PSNR filt. 29.5 29.4
Time (sec) 1,545.5 1,243.3

Table 1. Results obtained when evaluating the filtering capacity of the two MAP estimators.

of restoration quality, the most simple potential function to tune is the semi-Huber (MAP2).
Also, making the correct hypothesis over the noise could help to improve the performance
of the estimator. This could be directly reflected by proposing a more adapted likelihood
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Lena Original

(a)

Lena, Gaussian noise σ = 15

(b)

MRF GG estimation, 29 dB

(c)

MRF SH estimation, 29.1 dB

(d)

Fig. 2. Results for Lena standard image: (a) describes the original Lena image; (b) describes
the noisy image using Gaussian noise with σn = 15; (c) filtered image using MAP1 (with
λ = 30, p = 1.2); (d) filtered image using MAP2 (with Δ0 = 20).

function, as proposed in section 5 for cases of non-Gaussian noise or unknown pdf. More
over, also the problem could be solved by using variational and partial differential equations
as illustrated in the famous work of Perona and Malik (Perona and Malik, 1990), and some
recent related works.

7.2 Image deconvolution

Now, for the problem of image deconvolution some estimation results are presented when
images are contaminated by Gaussian noise, and Gaussian distortion (with σb = 1.5) blurring
the image. This second experiment was carried out considering that σn = 3, 5, 7. The results
were also compared using different values for Δ0 and with λ = 1 (MAP2), different values for
p and λ preserving q = 2 (MAP1). Figure 4 shows a comparison of results obtained for the
Cameraman image accordingly to the two MAP estimators. One can notice that preserving
values of hyper-parameters near those for the filtering case, the estimators smooth the noise
but does not made a good recuperation of edges into the image. One must change the
hyper-parameters values searching a trade of between the granularity of the noise and the
sharpness of the image. Figure 5 shows the results obtained on the Cameraman image when
using a combination of proposed estimators together with a Sparse prior (SP) deconvolution
technique introduced in (Levin et al., 2007a;b), the improvement in restoration is visible. In
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Cameraman Original

(a)

Cameraman, Gaussian noise σ = 15

(b)

MRF GG estimation, 28.8 dB

(c)

MRF SH estimation, 28.9 dB

(d)

Fig. 3. Results for Cameraman standard image: (a) describes the original Cameraman image;
(b) describes the noisy image using Gaussian noise with σn = 15; (c) filtered image using
MAP1 (with λ = 30, p = 1.2); (d) filtered image using MAP2 (with Δ0 = 20).

the first stage only the SP deconvolution is obtained (see image 5(b)), where some ringing
and granularity artifacts occur due to noise and they cannot be correctly smoothed. Then,
applying first the filtering of noise and then the SP deconvolution, the images 5(c) and 5(d)
are obtained. In Table 2 it is shown the performance of the MAP estimators together with
the SP deconvolution for three images giving similar results. An objective evaluation is made
using the PSNR measure and also computation times in MATLAB are shown.

7.3 Image filtering for non-Gaussian noise

Now, for the problem of filtering non-Gaussian noise, some estimation results were obtained
when images are contaminated by Gamma, Beta, Uniform and impulsive noise. Here, it is
assumed that there are not other type of distortions (all θi,j = 1). The observation equation
then could be

y = x + e, where e ∼ G(α, β), e ∼ B(α, β), . . .

A third experiment was made considering Gamma noise where α = 1.5, 3.5, 7 and β = 1, 2, 3,
and also two factors of amplification of noise were used σa = 5, 10 (σaG(α, β)). The values of
α and β are given in such a way that the obtained degradation is perceptible and difficult to
eliminate.
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Lena Original

(a)

Lena, Gaussian noise σ = 15

(b)

MRF GG estimation, 29 dB

(c)

MRF SH estimation, 29.1 dB

(d)

Fig. 2. Results for Lena standard image: (a) describes the original Lena image; (b) describes
the noisy image using Gaussian noise with σn = 15; (c) filtered image using MAP1 (with
λ = 30, p = 1.2); (d) filtered image using MAP2 (with Δ0 = 20).

function, as proposed in section 5 for cases of non-Gaussian noise or unknown pdf. More
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Fig. 3. Results for Cameraman standard image: (a) describes the original Cameraman image;
(b) describes the noisy image using Gaussian noise with σn = 15; (c) filtered image using
MAP1 (with λ = 30, p = 1.2); (d) filtered image using MAP2 (with Δ0 = 20).
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Cameraman Original

(a)

Observed image, Gaussian distortion + Gaussian noise

(b)

MRF GG restored

(c)

MRF SH restored

(d)

Fig. 4. Results for Cameraman standard image: (a) describes the original Cameraman image;
(b) describes the distorted image using Gaussian noise with σn = 3; (c) partially restored
image using MAP1 (λ = 30, p = 1.2); (d) partially restored image using MAP2 (Δ0 = 20).

� σn = 3 MAP1 MAP2

Lena PSNR distorted 17.4 17.4
120 × 120 PSNR rest. 17.6 17.5

PSNR rest. SP 20.8 20.8
Time (sec) 91.3 58.9

Cameraman PSNR distorted 19.3 19.3
256 × 256 PSNR rest. 19.4 19.4

PSNR rest. SP 22.3 22.5
Time (sec) 408.0 257.7

Boat PSNR distorted 20.4 20.4
512 × 512 PSNR rest. 20.5 20.5

PSNR rest. SP 25.8 25.6
Time (sec) 1,606.5 1,014.9

Table 2. Results obtained when evaluating the deconvolution capacity of the two MAP
estimators.
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Cameraman Original

(a)

Only SP restored

(b)

MRF GG restored, using also SP

(c)

MRF SH restored, using also SP

(d)

Fig. 5. Results for Cameraman standard image: (a) describes the original Cameraman image;
(b) describes restored image using only a Sparse prior (SP) deconvolution technique
Levin et al. (2007a); (c) restored image using MAP1 and SP (λ = 0.15, p = 1.2); (d) restored
image using MAP2 and SP (Δ0 = 20).

Figure 6 shows the filtering of the synthetical image using the three MAPEE estimators
introduced in section 5 for parameters λ = 10, p = 1.2 of the GGMRF. Generally, with the
three estimators the filtering task gives good performing results (see also Figure 7 where a
three dimensional-3D view is shown), but the computation times are different between them,
the fastest estimator was MAPEE3 (image 6(d)). Some objective measurements were obtained
for all probe images, such as the PSNR depicted in Table 3 which agree with the visual results.
Also all times of computation are shown in Table 3. On the other hand, in the filtering case
of the Cameraman and the Boat images the results coincide with those obtained for synthetic
and Lena images. Visually one can see in Figures 8 and 9 the robustness performance of
MAPEE estimators. Some other experiments were conducted for Beta and impulsive noise.
For the case of Beta noise generation we choose α = 1.5, 2.5, 5, 7.5 and β = 1, and also two
factors of amplification of noise were used σa = 10, 20 (σaB(α, β)). The filtering results are
promising for non-Gaussian noise, the obtained results for the Beta noise filtering also confirm
the robustness of the proposed approach. Moreover, as one can see for impulsive noise with a
15% of outliers in Figures 10 and 11, the robustness is assured when using the three MAPEE
estimators, where for instance, in the synthetic image case the PSNR was improved from 11.45
dB to 17.1 dB.
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(a) (b)

(c) (d)

Fig. 6. Results for synthetical probe image: (a) describes the noisy synthetical image, for
Gamma noise with α = 1.5 and β = 2, and σa = 5; (b) filtered image using MAPEE1 (with
Normal kernel); (c) filtered image using MAPEE2 (with cosine kernel); and, (d) filtered image
using MAPEE3 (with Hilbert kernel).

� α = 1.5, β = 2 MAPEE1 MAPEE2 MAPEE3

synthetic PSNR noise 22.2 22.4 22.6
35 × 35 PSNR filtered 24.1 24.1 24.4

Time (sec) 10.6 12.1 9.3
Lena PSNR noise 16.3 16.2 16.3

120 × 120 PSNR filtered 17.9 17.9 18
Time (sec) 123.6 141.6 109.8

Cameraman PSNR noise 16.4 16.4 16.4
256 × 256 PSNR filtered 18.5 18.5 18.5

Time (sec) 563.2 644.8 499.9
Boat PSNR noise 16.3 16.4 16.4

512 × 512 PSNR filtered 18.7 18.7 18.8
Time (sec) 2,340.1 2,569.8 2,063.5

Table 3. Results obtained in evaluating the filtering capacity of the three MAPEE estimators
for Gamma G(α, β) noise, with σa = 10.
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Fig. 7. Results for synthetical image (3-D view): (a) describes the noisy synthetical image, for
Gamma noise; (b) filtered image using MAPEE1 (with Normal kernel); (c) filtered image
using MAPEE2 (with cosine kernel); and, (d) filtered image using MAPEE3 (with Hilbert
kernel).
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Fig. 7. Results for synthetical image (3-D view): (a) describes the noisy synthetical image, for
Gamma noise; (b) filtered image using MAPEE1 (with Normal kernel); (c) filtered image
using MAPEE2 (with cosine kernel); and, (d) filtered image using MAPEE3 (with Hilbert
kernel).
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(a) (b)

(c) (d)

Fig. 8. Results for Cameraman image: (a) describes the noisy Cameraman image, for Gamma
noise with α = 3.5 and β = 2, and σa = 10; (b) filtered image using MAPEE1 (with Normal
kernel); (c) filtered image using MAPEE2 (with cosine kernel); and, (d) filtered image using
MAPEE3 (with Hilbert kernel).
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(a) (b)

(c) (d)

Fig. 9. Results for Boat image: (a) describes the noisy Boat image, for Gamma noise; (b)
filtered image using MAPEE1 (with Normal kernel); (c) filtered image using MAPEE2 (with
cosine kernel); and, (d) filtered image using MAPEE3 (with Hilbert kernel).

163
A Comparative Study of Some Markov Random Fields 
and Different Criteria Optimization in Image Restoration



20 Image Acquisition

(a) (b)

(c) (d)

Fig. 8. Results for Cameraman image: (a) describes the noisy Cameraman image, for Gamma
noise with α = 3.5 and β = 2, and σa = 10; (b) filtered image using MAPEE1 (with Normal
kernel); (c) filtered image using MAPEE2 (with cosine kernel); and, (d) filtered image using
MAPEE3 (with Hilbert kernel).
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Fig. 9. Results for Boat image: (a) describes the noisy Boat image, for Gamma noise; (b)
filtered image using MAPEE1 (with Normal kernel); (c) filtered image using MAPEE2 (with
cosine kernel); and, (d) filtered image using MAPEE3 (with Hilbert kernel).
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(a) (b)

(c) (d)

Fig. 10. Results for Lena image: (a) describes the noisy Lena image, for impulsive noise; (b)
filtered image using MAPEE1 (with Normal kernel); (c) filtered image using MAPEE2 (with
cosine kernel); and, (d) filtered image using MAPEE3 (with Hilbert kernel).
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(a) (b)

(c) (d)

Fig. 11. Results for Cameraman image: (a) describes the noisy Cameraman image, for
impulsive noise; (b) filtered image using MAPEE1 (with Normal kernel); (c) filtered image
using MAPEE2 (with cosine kernel); and, (d) filtered image using MAPEE3 (with Hilbert
kernel).
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filtered image using MAPEE1 (with Normal kernel); (c) filtered image using MAPEE2 (with
cosine kernel); and, (d) filtered image using MAPEE3 (with Hilbert kernel).
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8. Conclusions and comments

Some advantages on the use of GGMRF as prior information into the Bayesian estimation
(MAP1) are: the continuity of the estimator is assured as a function of the data values when
1 < p ≤ 2 even for Gaussian and non-Gaussian noise assumptions. The edge preserving
is also assured, over all when p → 1 and obviously it depends on the choice between the
interval 1 < p < 2. The use of other semi-quadratic or half-quadratic potential functions
such as SH (MAP2) also presents some advantages: the convexity of these functions is relaxed
with respect to the GGMRF. This fact gives as a result the decrement of the computation time,
which is a good advantage over the GGMRF, since the tuning of hyper-parameters in the
GGMRF is more complicated, one has more degrees of freedom. However, this problem can be
solved as argued by Idier (Champagnat and Idier, 2004) and Rivera (Rivera and Marroquin,
2003) by implementing more sophisticated algorithms. The robustness in both cases is
assured. Moreover, the advantages presented by those estimators could overcome the
disadvantages, by experimenting largely with them, and establishing the aim to implement
more sophisticated algorithms with the compromise to reduce computation time and better
quality in restoration as recently exposed by Ruimin Pan (Pan and Reeves, 2006).

On the other hand, the performance and improvement of the MAPEE estimators for
non-Gaussian noise filtering, could be classified in terms of simplicity and in terms of filtering
quality. The obtained results for the three proposed estimators are favorable in general in the
sense of robustness, and the fastest convergence is obtained for the MAPEE1 and MAPEE3
estimators (in the case of the MAPEE2 estimator q = 40, and for MAPEE3, k = 2, d = 1, and
Vd = 0.7071. The value of q was changed alternatively in the range of 30 ≤ q ≤ 90, and some
performance improvement has been noticed). A general scheme for MAPEE estimators has
been introduced and it works in real frameworks, where the nonlinearity conditions of some
systems could be present. For future works it exists the interest to implement procedures of
Bayesian estimation into high level programming that will be characterized into algorithms
to be used in DSP cards, and tasks such as image reconstruction and segmentation. Also, one
can probe to use MAPEE to processing real signals issued from real instrumentation or signal
processing problems. The final objective of this work has been to contribute with a series of
software tools for image analysis, focused for instance, in optical instrumentation tasks such as
those treated in the works (Villa et al., 2005)–(Villa et al., 2010b) and (Rivera and Marroquin,
2004; Rivera, 2005) obtaining competitive results in filtering and reconstruction.
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