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Abstract Multispectral imaging has been applied to the field of art con-
servation and art history since the early 1990s. It is attractive as a non-
invasive imaging technique because it is fast and hence capable of imaging
large areas of an object giving both spatial and spectral information. This
paper gives an overview of the different instrumental designs, image process-
ing techniques and various applications of multispectral and hyperspectral
imaging to art conservation, art history and archaeology. Recent advances
in the development of remote and versatile multispectral and hyperspectral
imaging as well as techniques in pigment identification will be presented.
Future prospects including combination of spectral imaging with other non-
invasive imaging and analytical techniques will be discussed.
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1 Introduction

Multispectral and hyperspectral imaging collect images of an object in a se-
ries of spectral windows. They are efficient methods for collecting millions of
spectra since a spectrum is measured for each spatial pixel (Fig. 1). The dis-
tinction between multispectral and hyperspectral imaging is rather blurred
and very much discipline dependent. In general, hyperspectral imaging con-
sists of more finely divided spectral channels than multispectral imaging.
Multispectral imaging can sometimes refer to a set of images taken at vastly
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Fig. 1 A schematic diagram illustrating a spectral cube obtained from multispec-
tral imaging, the colour image derived from the spectral cube and a spectrum for
a point on the blue colour which can be identified with the pigment azurite.

different parts of the electromagnetic spectrum, e.g. three visible images in
red, blue and green, an infrared image and an X-ray image of an object
[1] [2]. We will not use this definite of multispectral imaging here. For the
rest of the paper, we will refer to multispectral and hyperspectral imaging
together as spectral imaging or imaging spectroscopy.

Multispectral and hyperspectral imaging were first developed for remote
sensing, which can include planetary science and astronomy [3]. More re-
cently, spectral imaging has found applications in terrestrial laboratories for
applications in biology, medicine, chemistry, industrial sorting, quality con-
trol and surveillance [4] [5]. Multispectral imaging has been applied to the
field of cultural heritage since the early 1990s. As a non-invasive imaging
technique, it has the advantage over invasive techniques in that investiga-
tions can be carried out on any object (even on intact and fragile ones where
samples cannot be taken) and anywhere on an object. It was first applied for
qualitative band to band comparison in order to identify areas of different
material composition, natural degradation of material, past conservation in-
tervention, preparatory sketches, and quantitatively for improved precision
in colour measurement. Later, with increased number of bands and speed
of acquisition, it was used to extract spectral reflectance information for
pigment identification. It can operate in the UV, visible, the near infrared
and in UV-fluorescence mode.

Multispectral and hyperspectral imaging are in increasing demand in the
field of art conservation, art history and archaeology judging by the number
of recent reviews on the subject from the conservation and archaeology
community [6] [7].

Spectral imaging has mostly been applied to paintings and manuscripts.
In the case of paintings, multispectral imaging was first developed to in-
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crease the colour fidelity of the images. In the past 20 years, a number of
EU projects has been dedicated to the design and implementation of high
colour fidelity, high resolution scanning systems for the recording of museum
paintings and other objects of art (e.g. [8] [9] [10] [11] [12] [13] [56]).

2 Instrument Design Considerations

A spectral imaging system needs the following essential components: light-
ing, focusing optics, detector and most importantly a means of wavelength
selection. There is a diverse range of methods for wavelength selection which
determines the design of the illumination system and the spatial and spec-
tral scanning strategy.

2.1 Illumination requirements

One of the special requirements for imaging of heritage objects is minimum
light exposure to ensure that light-induced ageing of the objects is kept
at a minimum. There is a vast body of work done on light-induced ageing
which has informed display strategies in museums (e.g. [14]). In general, UV
and thermal radiation are eliminated from a white light source before it is
used to illuminate objects in museums. For example, for oil paintings the
recommended level is ∼200 lux and for manuscripts and other paper-based
artworks the lighting level is kept at ∼50 lux. It is generally assumed that
the reciprocity principle holds, which basically says that light-induced dam-
age is determined by the accumulated total energy incident on a material
rather than the intensity of the incident light. The reciprocity principle has
been widely used to justify high intensity illumination for fast imaging (e.g.
[11]). To achieve the same signal-to-noise ratio in an image, one can either
illuminate the object with a low intensity light for longer or a high intensity
light for a shorter period of time. Since it is the total energy incident on
an object that determines the damage, it appears sensible to use a higher
intensity light to increase the imaging efficiency without causing extra dam-
age. However, extra caution must be exercised at high intensity levels since
the reciprocity principle must break down at some level. Saunders et al. [15]
conducted a survey of 21 light sensitive pigments and found that they all
follow the reciprocity principle up to 8× 103 lux. Our recent studies using a
microfading spectrometer [16] have found that some light sensitive pigments
such as orpiment, where the light induced degradation is due to competing
reactions, reciprocity does not hold [17]. It was found that for these very
sensitive pigments illuminated with 2 × 106 lux of incident light, it takes
∼30 seconds illumination for any measurable damage to occur and minutes
for any damage that is noticeable by the naked eye. The rate of degrada-
tion is always greatest within the first ∼30 seconds. Therefore, care must
be taken to choose the right illumination level. It might be sensible to do
spot tests for light sensitive material using microfading spectrometry prior
to high intensity illumination.
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2.2 Wavelength Selection

Wavelength selection can be achieved either on the illumination light path
such that only a selected wavelength range of light is incident on the object
at a time, or on the reflected light path before the detector such that the
light reflected from the object can be separated spectrally.

2.2.1 Wavelength selection through illumination The first multispectral
imaging system designed for paintings was through filtering the illumina-
tion and using a monochrome digital camera to collect the reflected light [9].
Interference filters were placed in front of a halogen-tungsten light source.
The advantage of such a system is economic light exposure since only a
narrow wavelength range is incident on the object at a time. This is very
important for light sensitive materials especially paper-based works of art
or manuscripts. The requirements for the filtering system are high through-
put and low out-of-band response within the detector sensitive wavelength
range, and good thermal stability as they are placed close to the light source.
The other advantage is that any off-the-shelf monochrome camera and lens
system can be used without modification. However, in practical terms an
average camera lens has significant chromatic aberration such that images
collected at widely different wavelengths will have different focal length re-
sulting in significant difference in magnification [18] which will then need
to be corrected in a post-processing software. While such a system is com-
patible with a wide range of cameras, it can be less flexible and portable in
terms of the lighting component of the system. The contribution from back-
ground light can be significant when there is no spectral filtering in front of
the camera, which restricts the use of such systems outside studios. With
the development of luminous LEDs, this option is becoming more attrac-
tive since LEDs are energy efficient [19]. One of the potential disadvantages
of such a system is that they cannot be used for UV-fluorescence imaging
because there is no spectral filtering in front of the detector.

2.2.2 Wavelength selection in the reflected light Alternatively, wavelength
selection can be achieved through either filtering or dispersing the reflected
light. In the snapshot mode, the entire spectrum is collected simultaneously
per spatial point and a spatial area is collected through scanning in a time
sequence. In the sequential mode, the spatial field of view is imaged through
one wavelength channel simultaneously and the full spectral cube is collected
through sequential spectral filtering. The snapshot mode has its advantage
when imaging objects that are time varying over a time scale shorter than
the imaging time. These can be of concern in remote sensing, astronomy or
biomedical imaging where there are time dependent signals. In imaging of
cultural artefacts, this is rarely a problem which is why only recently that
imaging in the snapshot mode has been adopted.

2.2.3 Sequential spectral filtering Sequential spectral filtering usually in-
volves placing the filtering system between the lens and the detector, which
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means that specialised lens may have to be used to adapt to the increased
distance between the lens and the detector. Placing the filtering system in
front of the lens is practically difficult because of the large aperture of the
filtering system required to avoid vignetting. Filtering systems with such a
large aperture is either costly or not available.

The simplest method for wavelength selection is to place bandpass in-
terference filters between the lens and the detector [20] [12] [13] [21] [47].
Filter selection can be computer controlled through a motorised filter wheel.
Custom designed filter sets for imaging purposes that have the same opti-
cal thickness will ensure that the image scale stay the same for different
wavelengths. Such a filter set combined with a high quality lens designed
for minimum chromatic aberration ensures that no image scaling is nec-
essary between channels [13]. However, a tilt of the position of the filter
by a fraction of a degree can result in noticeable shifts in the image. As
will be discussed in Sec. 4, image shifting and re-scaling can easily be dealt
with automatically in post-processing. The advantage of interference filters
is large aperture, large field of view, good optical quality and low cost. The
disadvantage is the fixed number of filters and slow speed in filter change
since it takes time for the filter wheel to move and settle into a new position.
Linear/circular variable interference filters can also be used to mechanically
move through the wavelength channels.

Tunable filters such as Liquid Crystal Tunable Filters (LCTF) and Acousto-
Optical Tunable Filters (AOTF) offer rapid tuning between wavelength
channels and have no moving parts. Both offer random access for wavelength
selection. By taking care in the optical design, it is possible to produce high
quality images that are not shifted between wavelength channels.

LCTF can be tuned by changing the voltage applied to a birefringent
liquid crystal. It is essentially an electrically tuned Lyot filter. The tuning
speed is given by the relaxation time of the crystal and is typically of the
order of tens to hundreds of milliseconds. The bandwidths of the filters are
fixed and increases with central wavelength. The transmission efficiency de-
creases with decreasing wavelength resulting in relatively low blue response
[22]. LCTFs are polarisation sensitive which means that the maximum over-
all throughput is less than 50%. Hyperspectral imaging using LCTF has
been explored for heritage applications in the 400 nm-700 nm range [23] [24]
and the 650 nm-1040 nm range [25]. Since the reflectance spectra of pigments
in the 400 nm to 1000 nm range is fairly smooth, the increased spectral reso-
lution of a hyperspectral system (at the expense of decreased signal-to-noise
ratio) did not provide much additional information.

AOTF is tuned by changing the frequency of acoustic or Radio Fre-
quency (RF) waves applied to a birefringent crystal, typically TeO2 for
wavelength range between 350 nm and 5000 nm. The RF waves travelling
across the crystal essentially set up a volume diffraction grating by produc-
ing a periodic modulation of the refractive index within the crystal through
the photo-elastic effect [26]. AOTF is polarisation sensitive. The output
from an AOTF consists of the undiffracted ray and the two orthogonally
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polarised diffracted beams angularly separated. There is a one-to-one cor-
respondence between the RF frequency injected and the central wavelength
of transmission. The bandwidth can also be tunable through injection of
multiple RF frequencies [27]. The minimum achievable bandwidth also in-
creases with wavelength. The speed of tuning is given by the travel time
of the acoustic wave in the crystal and is typically of order of hundred mi-
croseconds [28]. While it is possible to recombine the orthogonally polarised
diffracted beams to increase overall throughput, in practice it is difficult to
maintain high optical quality through such combination.

Both LCTF and AOTF can tune up to an octave. AOTFs in general
have higher throughput compared with LCTF and do not have a decreasing
throughput with decreasing wavelength. On the other hand, LCTF have
larger aperture and angular field of view. While AOTFs have faster tuning
speed than LCTF, the tuning time in either case is insignificant compared
with typical integration times and readout speed of an average 1000× 1000
pixels CCD detector.

Other tunable devices include the Fabry-Pérot etalon and the Fourier
transform Michelson interferometer. In the case of the Fabry-Pérot elaton,
wavelength tuning is achieved through mechanically changing the distance
between the mirrors using piezo-electric transducers [29] [30]. These devices
have large aperture but small angular field of view. The Fourier transform
Michelson imaging interferometer can also be used through scanning one
of the two mirrors and collecting the two-dimensional interferogram on the
detector. The Fast Fourier Transform (FFT) of the interference pattern of
a pixel gives the reflectance spectrum. This is essentially performing FTIR
spectroscopy for a number of spatial pixels simultaneously.

2.2.4 Simultaneous spectral collection One of the most common methods of
spectral collection in remote sensing is to use a slit combined with a diffrac-
tion grating to disperse the light. A two-dimensional detector can collect a
series of spectra corresponding to spatial points aligned with the slit simul-
taneously. A full 3D spectral cube can be collected by scanning spatially in
the direction perpendicular to the slit [31] [32] [33]. Such devices can offer
much higher spectral resolution than the tunable filters described above but
with reduced flexibility. The full spectral range with a fixed spectral reso-
lution is always collected. However, high spectral resolutions of less than
10nm are generally not needed since spectral reflectance of pigments have
fairly smooth spectral shape. Similarly, in remote sensing applications, it is
well recognised that the maximum spectral resolution necessary is between
5nm and 20nm [34].

Since the full spectral range is collected at once, it places high demands
on the chromatic aberration tolerance of the lens. In the sequential filtering
designs discussed previously, there is more flexibility in adjusting the focus
and integration time for each individual spectral channel for best focus and
optimum signal-to-noise ratio.
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Sagnac imaging interferometer is also used for the simultaneous spectral
collection in a line of spatial pixels similar to the grating spectral imager,
except a FFT is needed to recover the spectrum per pixel. Such a device
has been used by Casini et al. [35] for UV-fluorescence imaging.

An alternative method of simultaneous wavelength collection has been
used for multispectral imaging of paintings [36] [37] [38] where the reflected
light from a single point is collected and distributed using a fibre bundle to
a series of detectors with different interference filters. Such a device has the
potential to reduce light scattering if only a small region around the point
being measured is illuminated (similar to a fibre optic spectrometer setup).
The drawback is the limited speed of capture.

Finally, another simple method of simultaneous spectra collection can
be achieved by sacrificing spatial resolution of a CCD camera by having
different filters placed in front of individual pixels similar to the concept
of a RGB colour camera except more than 3 filters are involved (e.g. [39]).
Such an instrument involves modifying the CCD sensor design which could
be expensive. It is possible to recover the full spatial resolution by dithering
the camera and taking multiple shots. The spectra measured simultaneously
are not from exactly the same spot unlike previous methods. A hybrid de-
sign where a small number of interference filters are placed in front of a
RGB colour camera rather than a monochrome camera has been applied to
imaging paintings [40]. In this case there is no need for a special detector
and a simple RGB camera can be used. The various combination of filters in
front of the detector and on the detector pixels provides extra spectral res-
olution. However, the disadvantage is the attenuation of collected photons
by going through two sets of filters as well as loss of spatial resolution.

2.3 Detectors

In the wavelength range between 300 nm-1000 nm, silicon CCD detectors are
used. For low noise detection, peltier cooled systems are preferred. In the
Short Wave Infrared (SWIR) range between 900 nm-1700 nm, mechanically
cooled InGaAs detector arrays are the most commonly used due to their
high sensitivity and low cost. While extended InGaAs can reach beyond
2µm, they cannot compete with HgCdTe in sensitivity. HgCdTe detectors
are sensitive to a broad wavelength range from ∼1µm to ∼10µm. Currently,
spectral imaging have mostly been conducted in the range between 400 nm
and 1700 nm, mainly because of the huge jump in cost for detector arrays
that are sensitive beyond 1.7µm. Some early works have pushed this up
to 2.2µm using low sensitivity analogue detectors such as the PbO-PbS
vidicon. The only recent device used in art applications that managed to
reach 2.3µm is the one that uses single element InGaAs detectors [38].
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3 Calibration and sources of error

The method of calibrating multispectral or hyperspectral imaging involves
the normal procedure of calibrating CCD images (e.g. [41]) as well as the
calibration of the spectral response of the imaging system.

Thermal noise associated with CCD detectors include dark noise and
readout noise [41]. The dark current and the noise associated with it can be
reduced by using a cooled detector. The readout noise is also determined
by the speed of the readout. The shot noise or photon noise is determined
by the Poisson statistics of the quantum arrival of photons and is given by
the square root of the number of photo-electrons detected.

Calibration of spectral images involves taking the following calibration
images:

– dark images of the same integration time as the object frames but with
the lens cap on (or illumination off) to correct for the accumulated ther-
mal dark current;

– flatfield images per channel of a uniform white target to correct for the
spatial inhomogeneity of illumination and pixel-to-pixel gain variation
of the CCD;

– images of a spectral standard through each wavelength channel to correct
for the spectral response of the imaging system.

The reflectance at a pixel (the ith pixel) captured with a spectral channel
of central wavelength λ is given by

Ri(λ) = RW (λ)g
(Ii(λ) − Di(λ))fi(λ)

Σn[(Wi(λ) − DWi(λ))fi(λ)]/n
(1)

where RW is the true spectral reflectance of a spectral standard, Ii is the
counts for the light reflected from the object, Di is the dark counts for the
same integration time as the object frame, fi is the flatfield correction factor
for that pixel, Wi is the counts for the spectral standard and DWi is the
corresponding dark counts for the same integration time as the standard, g
is the scale factor to adjust the integration time of the object to that of the
spectral standard and n is the number of pixel over which to average the
response of the spectral standard.

While CCD detectors are highly linear, non-linearity is still observed
close to saturation and at very low exposure times. Optimum exposure time
for maximum signal-to-noise is determined by the maximum counts over
which the CCD is linear. For best quality images and spectral reflectance
measurements, exposure times should be adjusted per channel for maximum
signal-to-noise ratio images.

It is best to capture images after the light has been switched on for
10-20 minutes for a stable intensity of illumination and to avoid tempera-
ture gradients along the imaging pathlength which can degrade the spatial
resolution of the system (similar to the ’seeing’ effect in astronomy).
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The measured spectral reflectance of an object depends on the geometry
of the illumination/collection setup which determines the relative amount
of surface reflection to that of the diffuse reflection. For comparison between
materials, it is best to image the objects in the same setup as the reference
material. This is particularly important for systems with moderate spectral
resolution.

Finally, the cross-talk due to scattered light (similar to the adjacency
effect in remote sensing) can result in inaccuracy in the measured spectral
reflectance. A dark area surrounded by bright regions would appear to be
brighter than if it had been surrounded by dark regions, because of light
scattered from the surrounding regions. Martinez et al. [57] showed that
this scattering can be modelled as a linear function

Im(i) = It(i) + αI (2)

where Im is the measured intensity of a pixel, It is the true intensity, I is
the mean intensity of the image and α is the cross-talk scattering coefficient
which can be measured by imaging a set of calibration targets with a neutral
grey surrounded by white, grey and black backgrounds.

4 Image alignment and mosaicing

As mentioned above, for some instrument designs it is expected that the
images from different spectral channels need to be shifted or even spatially
re-scaled in order to have an aligned image cube. There are various algo-
rithms associated with image registration (e.g. [42]). Image registrations
involving only linear shifts are relatively simple and can be found by per-
forming cross-correlation. Spatial image scaling involving re-sampling could
result in some loss of information, therefore it is best to design the optics
of the system to avoid scaling of the images.

High resolution imaging of large objects inevitably involves mosaicing
of images. Adjacent images need to be taken with sufficient overlap to al-
low automatic image registration. Since the shifts are linear, simple cross-
correlation algorithm can be used for image registration [43] [44] [45].

5 Applications

5.1 Qualitative inter-band comparisons for revealing hidden information

Applications of spectral imaging in art conservation include the detection
of damages and past intervention through inter-band comparisons. Figure 2
shows that the infrared spectral bands reveal areas of damage (black spots
and a crack) that had been repaired and retouched such that they are in-
visible in the colour image and in many of the other visible spectral bands.
Near infrared bands are particularly useful for this purpose and for revealing
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Fig. 2 Multispectral images (400-1100 nm) taken with an upgraded VASARI
system using the CRISATEL set of interference filters placed between the lens
and the detector [13], and the derived colour image (see Sec. 5.2) rendered under
the D65 illuminant of a region of a painting by Carlo Crivelli, Saint Catherine of
Alexandria (NG 907.2) from the National Gallery, London collection.

the underdrawings (preparatory sketch) beneath the paint layers. Figure 3
shows that the 880nm image reveals clearly the preparatory sketches be-
neath the paint layer. The sketches were drawn with a solid material and
some of it were made by pouncing. Such information is invaluable to art
historians in studying the techniques of painting and for attribution and
authentication. Ever since the pioneering work of van Asperen de Boer in
the 1960s [46] in developing a vidicon infrared camera for imaging under-
drawings, it has been known that pigments are most transparent to in-
frared radiation in the 1µm to 2µm range. Earlier near infrared multispec-
tral/hyperspectral imaging systems for the 1µm to 1.5µm were developed
using infrared to optical converters or vidicon tube technology which is not
linear and has low sensitivity [20] [47]. Nowadays InGaAs detectors are much
more affordable and there are a number of SWIR spectral imaging systems
developed for heritage applications [93][38][32].

Traditionally, UV-fluorescence imaging is considered to be the standard
method for revealing erased or faded writing on manuscripts. However, it
appears that other non-visible bands such as reflected light from the UV
(rather than fluorescence) [50] and infrared bands [48] can also be effective
at revealing ’hidden’ writings. Figure 4 shows that a page of a prayer book
that looked blank in the visible is revealed in the 880 nm channel to have
a signature written on the top part of the page [48]. Multispectral imaging
has been successfully used to separate the erased writing of Archimedes
palimpsest from the later over-written text [49] and hyperspectral imaging
has been shown to be effective in visual enhancement of old documents
corrupted by ink bleed and ink corrosion [51].
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Fig. 3 Colour photo of a painting, The Virgin and Child with an Angel (NG
3927) after Francesco Francia (image copyright The National Gallery, London)
and the 880 nm image of a region around the eye of the angel taken with PRISMS
(see Sec. 6) [91]) at a distance of 6 m showing the preparatory drawings under the
paint layer.

Fig. 4 (a) A colour photo of folio 202r of MS Lat. Liturg. g.1. from the Bodleian
Library collection (courtesy of the Bodleian Libraries, University of Oxford); (b)
near infrared image at 880 nm taken with a modified PRISMS (see Sec. 6) [91] of
the top region of the page showing a clear signature [48].
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5.2 Colour rendering

Multispectral imaging enables rendering of colour accurate images of paint-
ings under any lighting conditions, unlike a normal tri-colour image which
can only capture an accurate colour image under the specific illumination
used at the time. The tri-stimulus values, X, Y and Z can be derived from
the spectral reflectance through

X = k

∫
∞

0

R(λ)S(λ)x(λ)dλ

Y = k

∫
∞

0

R(λ)S(λ)y(λ)dλ

Z = k

∫
∞

0

R(λ)S(λ)z(λ)dλ

k =
100∫

∞

0
S(λ)y(λ)dλ

(3)

(4)

where R is the spectral reflectance of the material, S is the spectrum of the
illumination normalised to 100 at 560nm and x, y, z are the colour matching
functions for the standard 2o observer [52]. Once the spectral reflectance of a
material has been determined, the colour of the material under illumination
of any spectral density distribution can then be uniquely derived (Fig. 5).
The tri-stimulus values are often converted to the CIE standard colour coor-
dinates L,a,b for a uniform colour-space [53] [52]. Discussions on the various
CIE colour difference formula are given in [55] [54]. The colour difference
∆E is used to describe small colour differences and in conservation they are
used to describe the fading of coloured material.

5.3 Conservation monitoring

Accurate recording of the spectral and therefore colour of paintings has been
used for monitoring the change due to natural degradation, before and af-
ter transport, exhibition and conservation treatment as detailed in a review
given by Martinez et al. [57]. In addition, due to the increased use of laser
cleaning, multispectral imaging has been used for the on-line monitoring
of laser cleaning of marbles [58][59], paper and parchment [60]. Both UV
reflectance and UV-fluorescence images were found to be particularly use-
ful in monitoring the cleaning process and investigating potential damages
caused by laser cleaning.

One of the greatest problems with conservation of wall paintings and
walls of historical structures is moisture. The water absorption bands around
1.4µm and 1.9µm can be used to monitor moisture content. Our group
has used the PRISMS SWIR hyperspectral imager (see Sec. 6) to monitor
moisture in walls using the 1.4µm band.
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Fig. 5 Colour images derived from multispectral images taken with the upgraded
VASARI system using CRISATEL set of interference filters [56][13] of Heads of
Angels (NG 1842), an Italian fresco in the National Gallery, London: a) rendered
in daylight (D65) and b) rendered in candle light (illuminant A) [56].

For monitoring purposes, good absolute calibration is necessary espe-
cially because the changes are likely to be very small. The earlier these
changes can be detected, the more valuable the monitoring exercise is.

5.4 Pigment identification

Pigment identification using spectral reflectance has a long history (e.g.
[61]), however, non-invasive spectral pigment identification in the visible
and near infrared has not been met with a lot of enthusiasm in the conser-
vation community so far. This is partly because the technique is perceived
as not always yielding definitive identifications, especially where there is
a complicated pigment mixture or that if the paint has degraded. In ad-
dition, for oil paintings, tiny paint samples can be taken from paintings
provided that the sampling sites are near cracks and edges. Historically,
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this became possible when micro-chemical analysis became viable. Invasive
chemical analyses always yield more chemically specific information, and
often times multiple chemical analysis methods can be used on one sample.
For paintings where multispectral imaging was first applied to, there has not
been an overwhelming need for non-invasive pigment identification. This is,
however, not the case for manuscripts where sampling is not possible. In
particular, for illuminated manuscripts, non-invasive pigment identification
is particularly valuable both for assisting conservation decisions and for
historical studies [48].

One of the main obstacles with pigment identification using spectral re-
flectance is the lack of comprehensive databases of reference pigment and
paint. A number of groups have their own reference pigment sets but few
have a comprehensive set that has been systematically prepared and mea-
sured (e.g. [63] [62]). The only one that is publicly available is the CNR-
IFAC on-line database of spectral reflectance from 270nm-1700nm of various
pigments in common binding media found on Western European paintings
[63].

In the case of mixture of pigments, the identification of the pigments
involves the ’unmixing’ of the spectral components of the constituent pig-
ments. Spectral unmixing in this context is very different from those in
remote sensing [65][66]. In remote sensing, spectral unmixing is necessary
mainly because the spatial resolution is relatively low due to the great dis-
tances involved and hence the spectral response from a pixel is a combi-
nation of various material that are spatially separated. Linear unmixing is
therefore sufficient in such cases to separate out the spectra of the con-
stituent material. For paint mixtures, the small pigment particles are uni-
formly dispersed in the binding medium and the reflectance spectrum of
the paint mixture is not simply a linear mixture of the spectral reflectance
of the paints of single pigments. Light transport in a medium is described
by the radiative transfer (or transport) equations first developed in astro-
physics to describe the effect of stellar atmosphere and interstellar medium
on light propagation [71] [72]. Spectral unmixing for paint is best performed
by modelling the physics of light transport in a turbid medium.

The Kubelka-Munk (KM) theory [73] [74] involving just two diffuse
fluxes in the forward and backward direction which successfully describes
the spectral reflectance of paint layers is a simple approximation to the full
radiative transfer model. The main assumptions of the KM theory are 1)
the paint layers or any turbid medium is homogeneous in the sense that
the particle sizes are much smaller than the thickness of the layer; 2) the
transverse extent of the layer is much greater than the the thickness; 3)
the illumination is diffuse and the light propagation in both directions are
uniformly diffuse. Limitations of the simple two-flux KM theory and com-
parisons with simple improvements are described in many papers (e.g. [75]
[76]). The KM theory relates the diffuse reflectance (R) of the layer without
interfaces to the effective absorption (K) and effective scattering coefficients
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(S) through

R =
1 − Rg[a − b coth(bSh)]

a + b coth(bSh) − Rg

(5)

where a = (K + S)/S , b =
√

a2 − 1 , h is the layer thickness and Rg is the
reflectance of the substrate. In the limit of a paint layer with infinite optical
thickness, the ratio between the absorption and scattering coefficients is
related to the reflectance by

K

S
=

(1 − R∞)2

2R∞

(6)

where R∞ is the spectral reflectance of a layer with infinite optical thickness.
It should be noted that K and S do not always have a linear relation
to concentration. KM theory assumes diffuse illumination and collection,
however, in practise, measurements are often made with collimated normal
illumination [76]. Saundersons correction [77] is normally applied to correct
for the reflection at the air/paint and paint/air interfaces. The KM theory
is so simple and successful that it is still being used in the paint industry
to work out the mixing ratios of paints to match a given colour.

It is usually assumed that the effective absorption and scattering coef-
ficients (K and S) of a mixture is a linear combination of the constituent
coefficients weighted by their concentrations. In the case where the pigments
are all mixed with a highly scattering white paint, the final pigment mix
can be described as a linear combination of K/S since the white paint dom-
inates the scattering [78]. The advantage of this simplification is that only
one measurement of the spectral reflectance of a reference paint is neces-
sary. Without this simplification, it is then necessary to measure K(λ) and
S(λ) for each reference paint which usually involves either measurements of
a semi-transparent paint layer over white and black substrates or measure-
ments of the same paint with different thickness (always semi-transparent)
over the same substrate.

If a mixture of different paint components can be modelled as a linear
combination of K/S, then we can predict the reflectance of the paint mix-
ture. This is sometimes referred to as the single constant KM theory. Since
the aim here is to identify the pigments in a mixture, the concentrations of
the single pigments were set as free parameters to find the best non-negative
least squared fit of the predicted spectrum to the actual measured spectrum
of the mixture for each combination of reference pigments [67] [79]. Liang et
al. [67] showed that the method worked even for pigment mixtures without
the addition of white pigments, except in cases where pigments with high
absorption or very low scattering are involved. For pigments with high K
and low S, it is necessary to use the spectra of those pigments mixed with
a white pigment to obtain a correct spectrum for the paint mixture. Fig-
ure 6 shows that a mixture of red earth and azurite paint can be correctly
identified using the above method and the measured spectral reflectance of
pure red earth paint and pure azurite paint. Figure 7 shows that a mix-
ture of indigo and orpiment can be correctly identified using the spectral
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Fig. 6 The measured reflectance spectra of red earth in egg tempera (red curve)
and azurite in egg tempera (blue curve) as well as their mixture (green curve).
A spectrum of a mixture derived from the KM theory is shown in comparison
(dashed black curve).

reflectance of indigo mixed with lead white and pure orpiment spectrum
but not with pure indigo and pure orpiment spectrum since indigo has a
very high absorption coefficient.

In contrast, Latour et al. [80] prepared a number of reference paint
samples over black and white substrates and measured their K and S and
assumed that the K and S of the mixture are linear combinations of their
respective constituents to deduce the pigment mixture using a method sim-
ilar to the above. This is sometimes referred to as the two constant KM
theory.

It is important to know the effect of the various parameters associated
with a paint that can affect pigment identification. The effect of particle
size, concentration and types of binding medium on the spectral reflectance
have been systematically studied by Feller [64] and Liang et al. [67]. Figure 8
shows that the pigment to medium ratio only affects the peak of the spec-
trum but not the general spectral shape. Figure 9 shows that the binding
medium have by far the most dramatic effect on the spectral reflectance,
changing even the ratios between the peaks, but the positions of the peaks
remain unchanged. On the other hand, changes in particle size of pigments
can result in peak shifts by as much as 20nm as demonstrated in Fig. 10 for
azurite and malachite with mean particle sizes between 30 µm and 3µm.

Finally, it is important to know how the effect of surface dirt and varnish
might affect the measured spectral reflectance since historic paintings will
have surface dirt and sometimes degraded yellowed varnish on top of the
paint surface. Figure 11 shows that surface dirt acts like a neutral density
filter and does not change the shape of the spectrum. Since many Western
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Fig. 7 a) The reflectance spectrum of indigo in linseed oil (blue curve) and orpi-
ment in linseed oil (red curve) as well as a mixture of the two pigments in linseed
oil (green curve). The spectrum of indigo and orpiment mixture is inconsistent
with the spectrum of a mixture derived from KM theory using the single pigment
paint spectra (dashed curve) b) The reflectance spectrum of the indigo and or-
piment mixture predicted from KM theory (dashed curve) using the spectra of
an indigo mixed with lead white in linseed oil (blue curve) and an orpiment in
linseed oil spectrum (red curve) correctly predicts the spectrum of an indigo and
orpiment mixture (green curve).
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Fig. 8 The effect of pigment concentration in a binding medium on the reflectance
spectra is shown for azurite in egg tempera. The concentrations are 89% (red
curve), 78% (green curve), 67% (blue curve) and 56% (black curve)
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Fig. 9 The effect of the type of binding medium on the reflectance spectra is
shown for smalt pigment in linseed oil (green curve), egg tempera (red curve) and
acrylic (blue curve).

European paintings are varnished and old varnish tends to turn yellow, the
effect of varnish is examined. Figure 12 shows that old varnish acts like a
yellow filter which suppresses the blue reflectance, leaving the rest of the
spectrum unchanged. The effect of relatively new varnish on spectral re-
flectance of paint has been studied in detail by Berns and de la Rie [69] and
Elias et al. [68]. This study was also extended to thin layers of old varnish
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Fig. 10 The effect of particle size on the reflectance spectra for (a) azurite and
(b) malachite in egg tempera (red for grade 1, green for grade 3 and blue for grade
5). Grade 1 is the largest (∼30 µm) and grade 5 is the smallest (∼3 µm).

in the longer wavelength spectral range where the effect of absorption due
to the old yellowed varnish is not significant [70]. Figure 12 shows the sig-
nificant absorption in the blue part of the reflectance spectrum of a paint
measured through an old yellowed varnish.

Based on the knowledge of how the various factors such as particle size
could affect the spectral reflectance and the method of identifying the pig-
ment mixtures using the KM theory, Liang et al. [67] devised an algorithm
to automatically identify pigments by fitting different combinations of ref-
erence paint spectra to an unknown spectrum. The best fit for each com-
bination as well as single pigment spectra with and without white pigment
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Fig. 11 The effect of surface dirt on the spectral reflectance. A colour photo of
a region of a mural painting from the tomb of Prince Zhanghuai showing regions
that have been test cleaned (copyright Shaanxi History Museum). The spectral
reflectance of a red paint (from the region marked by a black box) in the area
where it has been test cleaned (green circles) and a neighbouring area that has
not been cleaned (red circles). The uncleaned reflectance spectrum is also scaled
up by multiplying a constant (red dots) to show that the surface dirt does not
change the spectral shape.
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Fig. 12 The effect of yellowed old varnish on spectral reflectance. A colour image
of a region of a test painting showing parts of the blue sky covered with yellowed
varnish and parts that have the varnish cleaned off, as well as regions that were
re-varnished with a new varnish. The spectrum from the yellowed varnish area
(red curve) is also scaled up by multiplying a constant (red dashed curve) and
compared with the unvarnish area (green curve) to show that the yellowed varnish
absorbed strongly in the blue region.

mixtures are then cross-correlated with the unknown spectrum. The best
identification is the one with the highest cross-correlation coefficient at zero
offset. An extra 20 nm range around zero offset should be allowed to account
for the potential shift in peaks due to particle size differences. Figure 13
shows an example of a spectral pigment identification using multispectral
imaging of the painting in Fig. 3. The green paint was identified with a mix-
ture of chrome yellow and Prussian blue. This identification was verified by
an independent examination under the microscope of a small sample from
the green region [83].

An alternative method to the KM theory, which solves the radiative
transfer equation to predict the bi-directional reflectance of semi-transparent
stratified paint and glaze layers, has been validated using known samples
by Simonot et al. [81] and Latour et al. [82].

5.5 Pigment mapping using multivariate statistics

Multivariate statistics [84] is often used in analysing hyperspectral image
cubes in remote sensing [4]. Similarly it is also used in chemometrics for
spectral analysis. In spectral imaging of paintings, it is often used for rapid
pigment mapping. For example, Baronti et al. [20] used principal component
analysis to decompose the spectra into a number of orthogonal principal
components. Similarly, Delaney et al. [32] used the standard remote sensing
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Fig. 13 The pigment mixture used in the green headdress of the virgin in Fig. 3
is identified with a mixture of chrome yellow and Prussian blue. The reflectance
spectrum of a small area of the green headdress (green curve) captured with the
PRISMS (Sec.6) multispectral camera is compared with the spectrum derived
from KM theory (dashed curve) using a reference spectrum of chrome yellow in
linseed oil (red curve) and Prussian blue and lead white in linseed oil (blue curve).

software ENVI to decompose the spectra into mutually independent end-
members. Most of these methods assume linear combination. Multivariate
statistical methods are efficient at distinguishing different materials, how-
ever, the endmembers do not necessarily have any physical meaning and
therefore cannot be compared to the spectra of reference material for the
identification of material.

5.6 UV-fluorescence

UV-fluorescence has been used in conservation since the 1920s. It has been
used to qualitatively identify old varnish and other organic material. Spec-
tral imaging provides a means of quantitatively studying the fluorescence
emission.

In spectral imaging systems where the filtering or wavelength selection is
between the object and the detector, UV-fluorescence images can be readily
obtained by using a low energy UV light source with a filter that restricts
the incident light to a narrow spectral range around the intended excitation
wavelength and blocking off radiation in the visible range of the spectrum
where the material is likely to have fluorescence emission. The main difficul-
ties of obtaining UV-fluorescence spectra is the radiometric calibration. It
requires measurement of the spectral response of the entire imaging system.
Early applications were semi-quantitative (e.g [35]), and later attempts used
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either indirect radiometric calibration [85] or measured directly the spec-
tral response of the filter system and the CCD detector to derive the total
spectral response of the system [86].

An extension of UV-fluorescence is laser induced fluorescence (LIF)
which was first applied to aid pigment analysis [87]. LIF is a point-based
technique where a spectrometer is used to obtain the fluorescence signal
emitted at the laser illuminated spot. Recently, it has been used to map
regions of interest at discrete spectral bands [88].

6 Towards Remote Spectral Imaging

There is always a trade-off between field of view and spatial resolution.
For high resolution imaging of large objects such as large wall paintings,
it is necessary to image a number of small areas at high resolution and
then mosaic the images together. This usually requires imaging at close
range, which means for objects at lofty heights, such as ceiling paintings,
it is necessary to use scaffolding or mechanical lifting devices to move the
imaging system close to the areas of interest [89] [90]. Recently a spectral
imaging system specifically designed for remote imaging of wall paintings,
PRISMS (Portable Remote Imaging System for Multispectral Scanning),
has been developed in our group to overcome such difficulties by using a
small amateur telescope [91] [67] [93].

PRISMS has a visible/NIR (400-880nm) multispectral imaging system as
well as a short wave infrared (900-1700nm) hyperspectral imaging system
(Fig. 14). The VIS/NIR system is a low budget system that consists of
a filter wheel with 10 bandpass filters each with a bandwidth of 40 nm
except for the one at 880 nm which has a bandwidth of 70nm and a peltier
cooled Jenoptics CCD camera [91]. The SWIR system consists of a Gooch
& Housego AOTF spectrograph and a Xenics InGaAs camera. The best
spectral resolution of the AOTF is 10nm and the central wavelength and
bandwidth can be rapidly tuned automatically from a laptop [93]. A Meade
ETX-90 telescope is used for high resolution imaging at distances greater
than 3.5 m and lenses are used for close range imaging below 3.5 m. Spatial
resolution of tens of microns per pixel can be achieved for distances of
10 m. The system also gathers 3D information, since the telescope mount
is computer controlled with angular precisions of 1’ to 3’ and the distance
can be determined to millimetre precision using the focus position for each
scene. PRISMS is able to perform spectral imaging in the VIS/NIR and
SWIR, as well as measuring the 3D surface texture of the object as a by-
product of the high spatial resolution imaging. The maximum distance range
of operation depends on the intensity of the illumination. Figure 14 shows
that the PRISMS system is flexible and can easily be adapted to close range
imaging of manuscripts by swapping a lens with the telescope.

Laser induced fluorescence (LIF) has the clear advantage of having a
narrow excitation spectral range and a high intensity, and therefore remote
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Fig. 14 The PRISMS system in the visible/NIR configuration for remote imag-
ing at distance greater than 3.5 m and the modified PRISMS for scanning of
manuscripts.

imaging potential. LIF has been used by a number of groups to remotely
image buildings using a point by point scan to detect bio-degradation on
stones [95] and frescoes [88] and detecting past conservation interventions
and identifying stone types [94].

7 Combined with other techniques

The combination of multispectral and hyperspectral imaging in the visi-
ble and SWIR with other complementary non-invasive or micro-destructive
techniques where possible, holds the promise of uncovering more detailed
information about an object. The advantage of spectral imaging is its speed
of capture and therefore it is possible to scan large areas.

7.1 Combined with traditional micro-destructive techniques

In cases where detailed chemical information is needed, for example the
exact nature of the binding medium or pigment identification where the
paint has significantly degraded, it is useful to complement the non-invasive
imaging spectroscopy with traditional suite of micro-chemical analysis using
tiny samples from the object if it is possible to do so (e.g. oil paintings).
While the micro-destructive techniques give detailed chemical information
from isolated tiny samples which might not be representative of a painting,
the non-invasive spectral imaging technique can verify how representative
the point is by comparing the spectrum at the point with other areas on
the object [13] [92].

In addition, multispectral imaging combined with a microscope has been
used to examine paint cross-sections to give spectral reflectance information
in addition to the conventional colour information through visual examina-
tion of a sample cross-section under a microscope [96].
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7.2 Combined with laser scanning and photogrammetry

Any object can be visually reconstructed if both its 3D spatial structure and
spectral reflectance per point are characterised. Even seemingly 2D objects
like paintings have 3D texture information. For wall painting, 3D mapping is
particularly important because of the surface roughness and the continuous
motif that covers large areas of the interior of an architectural structure.
There has been a number of projects where multispectral imaging has been
combined with 3D capture using laser scanning and photogrametry [98] [97].

7.3 Combined with X-Ray Fluorescence (XRF)

X-ray fluorescence is a non-invasive, in situ point analysis technique (in
the portable versions) for the identification of elements with atomic num-
ber higher than sodium. It complements the large area scans of imaging
spectroscopy. While XRF is an elemental analysis technique, imaging spec-
troscopy is sensitive to the chemical composition of the compound (e.g. the
paint mixture). As described in Sect. 5.4, the pigment, the binding medium,
the pigment particle size, concentration can all affect the spectral reflectance
of a paint. On the other hand, XRF is able to detect not only the main el-
emental composition but also trace elements which can be useful to study
the source of pigments. While the complementary nature of the two non-
invasive techniques have been known for a long time, few studies have used
the two in combination [99] [21] [32] [100].

7.4 Combined with Optical Coherence Tomography (OCT)

OCT is a relatively new non-invasive technique for the imaging of sub-
surface microstructure of transparent and semi-transparent material in the
near infrared (see review on OCT in this special issue). OCT gives not only
the subsurface layer structures but also reveals the scattering and absorp-
tion properties of the material [62]. OCT complements spectral imaging in
the identification of the material and providing information on the surface
topology and subsurface layer structure. A study combining OCT and mul-
tispectral imaging was conducted by our group on an easel painting [67] and
a wall painting [101]. Combined spectral imaging and OCT images of vir-
tual cross-sections of paint layers has the potential to match the information
content given by microscopic examinations of real sample cross-sections.

8 Future

Hardware development of multispectral and hyperspectral imaging has reached
maturity with many commercially available instruments. However, it is im-
portant to realise that the right instrument with the appropriate software
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must be chosen for a specific application. An instrument designed for mi-
croscopic hyperspectral imaging may not be suitable for remote spectral
imaging without hardware/software modification. It would be useful to ex-
tend the spectral imaging capabilities to the mid-IR, the wavelength range
traditionally used for FTIR where more chemically specific information can
be obtained. Some very recent progress has been made in this direction
[102]. Given the heterogeneous nature of heritage applications, it is best to
build modular systems that are versatile and flexible.

Future research should concentrate on further development of material
identification methods using spectra collected with hyperspectral imaging
systems that cover a broad wavelength range. One critical ingredient is the
development of comprehensive databases of reference material. More effi-
cient methods of presenting the data are needed, since spectral imaging is
soon to become one of the tools routinely used by the heritage community
for the recording and the scientific examination of artefacts. Most of the
applications so far have concentrated on paintings and manuscripts. Ap-
plications on other types of object, especially intact objects where invasive
methods are not allowed, should be further explored. Closer collaborations
with practitioners from the heritage community is needed for spectral imag-
ing to solve real problems and hence further demonstrate its relevance to
art conservation and archaeology.
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11. C. Lahanier, G. Alquié, P. Cotte, C. Christofides, C. de Deyne, R. Pillay,

D. Saunders, and F. Schmitt, in International Council of Museums, Committee
for Conservation (ICOM-CC), 13th Triennial Meeting Rio de Janeiro, James &
James London 2002, p. 295

12. A. Ribés, H. Brettel, F. Schmitt, H. Liang, J. Cupitt, D. Saunders, in Pro-
ceedings of the PICS Conference The Digital Photography Conference, IS&T,
Springfield, VA 2003, p. 215

13. H. Liang, D. Saunders, J. Cupitt, Journal of Imaging Science & Technology
49, 551 (2005)

14. G. Thomson, The Museum Environment, 2nd edition (Butterworth Heine
Series in Conservation and Museology, Oxford 1986)

15. D. Saunders, J. Kirby, in ICOM Committee for Conservation 11th Triennial
Meeting Edinburgh, James & James London 1996, p. 87

16. A. Lerwill, J. Townsend, H. Liang, J. Thomas, S. Hackney, E-Preservation
Science 5, 17 (2008)

17. H. Liang, R. Lange, A. Lucian, P. Hyndes, J. Townsend, S. Hackney, in Inter-
national Council of Museums, Committee for Conservation (ICOM-CC), 16th
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