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1. Introduction

Handling (Post harvest) process of fruits is completed in several steps: washing, sorting,
grading, packing, transporting and storage. The fruits sorting and grading are considered
the most important steps of handling. Product quality and quality evaluation are important
aspects of fruit and vegetable production. Sorting and grading are major processing tasks
associated with the production of fresh-market fruit types. Considerable effort and time
have been invested in the area of automation.

Suitable handling (Post harvest) process of fruits and vegetables is considered the most
important process that leads to conserve the fruits quality until reach to the consumers,
improve the quality of industry food products and decrease the losses of fruits that
estimated as 30% of crops in Egypt (Reyad, 1999).

Sorting is a separation based on a single measurable property of raw material units, while
grading is “the assessment of the overall quality of a food using a number of attributes”.
Grading of fresh product may also be defined as ‘sorting according to quality’, as sorting
usually upgrades the product (Brennan, 2006).

Sorting of agricultural products is accomplished based on appearance (color and absence
defects), texture, shape and sizes. Manual sorting is based on traditional visual quality
inspection performed by human operators, which is tedious, time-consuming, slow and
non-consistent. It has become increasingly difficult to hire personnel who are adequately
trained and willing to undertake the tedious task of inspection. A cost effective,
consistent, superior speed and accurate sorting can be achieved with machine vision
assisted sorting.
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228 Structure and Function of Food Engineering

In recent ten years, operations in grading systems for fruits and vegetables
became highly automated with mechatronics, and robotics technologies. Machine vision
systems and near infrared inspection systems have been introduced to many grading
facilities with mechanisms for inspecting all sides of fruits and vegetables (Kondo, 2009).

Machine vision and image processing techniques have been found increasingly useful in the
fruit industry, especially for applications in quality inspection and defect sorting
applications. Research in this area indicates the feasibility of using machine vision systems
to improve product quality while freeing people from the traditional hand-sorting of
agricultural materials.

The use of machine vision for the inspection of fruits and vegetables has increased during
recent years. Nowadays, several manufacturers around the world produce sorting machines
capable of pre-grading fruits by size, color and weight. Nevertheless, the market constantly
requires higher quality products and consequently, additional features have been developed
to enhance machine vision inspection systems (e.g. to locate stems, to determine the main
and secondary color of the skin, to detect blemishes).

Automated sorting had undergone substantial growth in the food industries in the
developed and developing nations because of availability of infrastructures. Computer
application in agriculture and food industries have been applied in the areas of sorting,
grading of fresh products, detection of defects such as cracks, dark spots and bruises on
fresh fruits and seeds. The new technologies of image analysis and machine vision have not
been fully explored in the development of automated machine in agricultural and food
industries (Locht et al, 1997).

Rapid advances in artificial intelligent automated inspection of orange and tomato fruits by
computer vision feasible. An intelligent vision system to evaluate fruit quality (size, color,
shape, extent of blemishes, and maturity) and assign a grade would significantly improve
the economic benefits to the orange and tomato fruits industries. It would potentially
increase the consumer confidence in the quality of fruit.

Research efforts have concentrated on the implementation of machine vision to replace
manual sorters.

The aim of this study is to develop machine vision techniques based on image processing
techniques for estimation the quality of orange and tomato fruits and to evaluate the
efficiency of these techniques regarding the following quality attributes: size, color, texture
and detection of the external blemishes.

The specific objectives are to quantify the following attributes for inspection of orange and
tomato fruits:

Color,

Texture (homogeneity or non-homogeneity),
Size (projected area),

External blemishes (detect defects).
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5. Develop image processing techniques to sorting orange and tomato fruits into quality
classes based on size, color and texture analysis,

6. Evaluate the performance of the system using some orange and tomato fruits, and

7. Evaluate the accuracy of the techniques by comparison with manual inspection.

2. Sorting and grading of fruits and vegetables

Handling (Post harvest) process of fruits is completed in several steps: washing, sorting,
grading, packing, transporting and storage. The fruits sorting are considered one of the most
important steps of handling.

Product quality and quality evaluation are important aspects of fruit and vegetable
production. Sorting and grading are major processing tasks associated with the production
of fresh-market fruit types. Considerable effort and time have been invested in the area of
automation, but the complexity of fruit sorting and required sorting rates have forced the
sorting of most fruit types to be performed manually. Although they currently achieve the
best performance, human graders are inconsistent and represent large labor costs.

Machine vision is the study of the principles underlying human visual perception, and it
attempts to provide the computer-camera system the visual capabilities easily accomplished
by humans. In the human eye-brain system the human eye receives light from an object and
then converts the light into electric signals. It does not interpret these signals nor make
decision based upon the nature of the image. Image interpretation and decision-making are
performed by the brain. Similarly, a machine vision system has an eye, which may be a
camera or a sensor. Image interpretation and decision-making are done by appropriate
software and hardware. Machine vision, often referred to as computer vision, can be defined
as a process of producing description of an object from its image.

In manual inspection, a human inspector evaluates individual fruit in order to assign a
grade. This process is tedious, labor intensive, and subjective. It has become increasingly
difficult to hire personnel who are adequately trained and willing to undertake the tedious
task of inspection (Morrow et al., 1990).

Mcrae (1985), mentioned that, the term “grading” can be applied to two distinct operations
which are: (1) sizing, in which the grades are segregated according to their dimensions and
(2) inspection, in which grades are based on the proportion of undesirable characteristics
such as greening, cuts or other blemishes which are allowed to remain with the sound
tubers and involves the elimination of unwanted material.

Leemans and Destain (2004) mentioned that, fresh market fruits like apples are graded into
quality categories according to their size, color and shape and to the presence of defects. The
two first quality criteria are actually automated on industrial graders, but fruits grading
according to the presence of defects is not yet efficient and consequently remains a manual
operation, repetitive, expensive and not reliable.
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230 Structure and Function of Food Engineering

Brennan (2006) stated that, sorting and grading are terms which frequently used
interchangeably in the food processing industry. Sorting is a separation based on a single
measurable property of raw material units, while grading is “the assessment of the overall
quality of a food using a number of attributes”. Grading of fresh product may also be
defined as ‘sorting according to quality’, as sorting usually upgrades the product.

Kondo (2009) reported that, in recent ten years, operations in grading systems for fruits and
vegetables became highly automated with mechatronics, and robotics technologies. Machine
vision systems and near infrared inspection systems have been introduced to many grading
facilities with mechanisms for inspecting all sides of fruits and vegetables.

Sorting of agricultural products is accomplished based on appearance, texture, shape and
sizes. Manual sorting is based on traditional visual quality inspection performed by human
operators, which is tedious, time-consuming, slow and non-consistent. A cost effective,
consistent, superior speed and accurate sorting can be achieved with machine vision
assisted sorting.

Automated sorting had undergone substantial growth in the food industries in the
developed and developing nations because of availability of infrastructures. Computer
application in agriculture and food industries have been applied in the areas of sorting,
grading of fresh products, detection of defects such as cracks, dark spots and bruises on
fresh fruits and seeds. The new technologies of image analysis and machine vision have not
been fully explored in the development of automated machine in agricultural and food
industries. There is increasing evidence that machine vision is being adopted at commercial
level but the slow pace of technological development in Egypt which are not available are
among the factors that will limit the processes that requires computer vision and image
analysis (Locht et al, 1997).

3. Manual inspection

The method used by the farmers and distributors to sort agricultural products is through
traditional quality inspection and handpicking which is time-consuming, laborious and less
efficient.

The maximum manual sorting rate is dependent on numerous factors, including the
workers experience and training, the duration of tasks, and the work environment
(temperature, humidity, noise levels, and ergonomics of the work station). More
fundamentally, viewing conditions (illumination, defect contrast, and viewing distance)
must be optimal to achieve maximum sorting rates.

Attempts to develop automatic produce sorters have been justified mostly by the
inadequacies of manual sorters, but few authors provide results that demonstrate the degree
of manual sorting inefficiencies. Flaws were more accurately identified when the inspector
knew that only one type of flaw was present in the sample. The detectability of each flaw
decreased when the sample contained more than one type of flaw. The authors indicated
that different flaws must be mentally processed separately in a limited amount of time, and
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that these separate decisions may interfere with each other when more than one flaw is
present in the sample. It was also proposed that a speed-accuracy relationship existed.

Geyer and Perry (1982) showed that samples with more than one flaw required a longer
inspection time to achieve similar accuracy than a sample with only one flaw type. It was
thought that inspector would have to search differently types of flaws, and this may have
contributed to the longer inspection time. The increased inspection time improved correct
rejection. The rejection of sound items was blamed on the increased false alarm rate due to
more decision cycles.

More than the ability to discern a defect is required for optimal defect detection. Meyers et
al. (1990) indicated that inspection tasks were complicated by the fact that acceptable defect
limits periodically change. Also, individuals must apply absolute limits to continuous
variables, such as color. In addition to the interpretation of the allowable limits, inspector
must be able to see the defect if they are to reject the produce using a standard peach
grading line with uniform spherical balls, theoretically only 88.7% of the surface area was
presented to the inspector when standing at the side of the conveyor . Actual tests showed
that only 82% of the defects on the balls were made visible to the inspector. The amount of
surface area inspected is increased by placing multiple manual graders at both sides of a
conveyor.

Many of the decision that are made during manual inspection are based on qualitative
measurements, and Muir et al. (1989) illustrated individual “human sensors” are quite
variable and difficult to calibrate. When qualified inspector were asked to quantify the
amount of surface defect on a potato (in percentage of the total tuber surface), the values for
a single sample ranged from 10 to 70%. The repeatability of individual inspectors was also
very poor. Differences between two consecutive readings were as high as 40 percentage
points in some cases. Appropriate imagines sensors are more accurate, with a maximum
variation of 15 percentage points.

Rehkugelr and Throop (1976) indicate that a manual sorter was able to remove bruised
apples from sound fruit with acceptable sorting efficiencies at a rate of approximately
1fruit/s. Similarly, Stephenson (1976) showed that rates for sorting tomatoes into immature
and mature lots should not exceed 1fruit/s per inspector. A slightly faster rate, 1.2 fruit/s,
was identified as the maximum rate for an inspector to reject 72% of serious defects in
oranges. These results demonstrated the shortfalls of manual inspection and re-enforced the
need for a more consistent grading system. Implementation of automated sorting machines
may improve accuracy, decrease labor costs, and result in a final product free of defects.

The method used by the farmers and distributors to sort agricultural products is through
traditional quality inspection and handpicking which is time-consuming, laborious and less
efficient. Sun et al (2003) observed that the basis of quality assessment is often subjective with
attributes such as appearance, smell, texture and flavour frequently examined by human
inspectors. Francis (1980) found that human perception could easily be fooled. It is pertinent to
explore the possibilities of adopting faster systems which will save time and more accurate in
sorting of crops. One of such reliable method is the automated computer vision sorting system.
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4. Machine vision applications

Machine vision technology uses a computer to analyze an image and to make decisions
based on that analysis. There are two basic types of machine vision applications —
inspection and control. In inspection applications, the machine vision optics and imaging
system enable the processor to “see” objects precisely and thus make valid decisions about
which parts pass and which parts must be scrapped. In control applications, sophisticated
optics and software are used to direct the manufacturing process. Machine-vision guided
assembly can eliminate any operator error that might result from doing difficult, tedious, or
boring tasks; can allow process equipment to be utilized 24 hours a day; and can improve
the overall level of quality.

The following process steps are common to all machine vision applications:
e Image acquisition

An optical system gathers an image, which is then converted to a digital format and placed
into computer memory.

e Image processing

A computer processor uses various algorithms to enhance elements of the image that are of
specific importance to the process.

e  Feature extraction

The processor identifies and quantifies critical features in the image (e.g., the position of
holes on a printed circuit board, the number of pins in a connector, the orientation of a
component on a conveyor) and sends the data to a control program.

e Decision and control

The processor’s control program makes decisions based upon the data. Are the holes within
specification? Is a pin missing? How must a robot move to pick up the component? Machine
vision technology is used extensively in the automotive, agricultural, consumer product,
semiconductor, pharmaceutical, and packaging industries, to name but a few. Some of the
hundreds of applications include vision-guided circuit-board assembly, and gauging of
components, razor blades, bottles and cans, and pharmaceuticals.

4.1. Use of machine vision to classify agricultural products

Machine vision is the use of a computer to analyze a picture in order to extract meaningful
information out of the picture. Using this powerful tool, accurate information, such as the
images shape, size or appearance, can be obtained from an object that could not be easily
obtained by human observation. To better classify the shape and appearance of agricultural
products several studies have looked into using machine vision to classify various
agricultural products. These include studies by Nielsen et al 1998, Paulus et al 1997, and
Heinemann et al 1994.
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5. Machine vision system

Grading and sorting machine vision system consist of feeding unite, a belt conveyor to
convey the fruit, a color CCD camera located in an image acquisition chamber with lighting
system for image capturing, control unite for open and close gates according to signals from
computer unite and a computer with an image frame grabber to process the captured image.

The acquisition of an image that is both focused and illuminated is one of the most
important parts of any machine vision system. Figure (1) shows the general steps required
in obtaining results from an image of an object Sun et al (2003).

Object Image capture/ Noise removal Image Analysis Output

digitizing

Figure 1. Imaging flowchart

Originally the image capture and digitizing of the image was accomplished by using a
combination of a video camera and a frame grabber program. This method has almost been
entirely replaced with CCD (charge-coupled device) and CMOS (complementary metal
oxide semiconductor) chips. These chips use electrical circuits to directly convert light
intensities into a digital image. They combine the video camera and frame grabber into one
tool that can operate faster and with less distortion of the image. These chips also have the
advantage that they can produce images at a much higher resolution then the frame grabber
method (Mummert, 2004).

Noise is the incorrect representation of a pixel inside an image. It is best observed in
variations in the color of a uniformly colored surface. Noise can be caused by numerous
electrical sources and its removal is important, since the noise can cause the features of an
image to appear distorted. This distortion can cause the features to be measured and
classified incorrectly. While many algorithms have been proven useful to remove noise, the
simplest method is to take multiple images of the same object and averaging the images
together (Mummert, 2004). Since the noise is not the same in every image, when averaged
the noise will blend into its surroundings, making the resulting image much clearer.
Preprocessing of an image can include thresholding, cropping, gradient analysis, and many
more algorithms. All of the processes permanently change the pixel values inside an image
so that it can be analyzed by a computer. For example, in grey scale thresholding, a value for
the intensity is selected and any pixel whose intensity value is less then the selected value
intensity is set to 0 (black), if greater the value is set to 255 (white). After thresholding, the
resulting grey scale image can easily have features classified and measured. The outputs
from a machine vision system can be varied, in robotics the output might represent the
location of an object to be moved, in inspections the output would be a pass or fall result, or
in the case of this study the output is the sweet potatoes size and shape.

Machine vision and image processing techniques have been found increasingly useful in the
fruit industry, especially for applications in quality inspection and defect sorting applications.
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Research in this area indicates the feasibility of using machine vision systems to improve
product quality while freeing people from the traditional hand-sorting of agricultural
materials (Tao, 1996 a,b; Heinemann et al., 1995; Crowe and Delwiche, 1996; Throop et al., 1993;
Yang, 1993; Upchurch et al, 1991). However, automating fruit defect sorting is still a
challenging subject due to the complexity of the process. From fruit industry perspective, the
fundamental requirements for an imaging-based fruit sorting system include: (1) 100% total
inspection so that each piece of fruit is checked; (2) high-speed on-line and adaptation to
existing packing lines; (3) sorting accuracy comparable to human sorters; and (4) the flexibility
to adapt to fruits natural variations in shape, size, brightness, and various defect (Tao, 1998;
Wen and Tao, 1997; Rigney et al., 1992). Machine-vision systems distinguish between good
and defective fruit by contrasting the differences in light reflectance off the fruits surfaces
(Miller, 1995; Thai et al., 1992; Guyer et al., 1994). Machine vision is increasingly used for
automated inspection of agricultural commodities (Brosnan and Sun, 2004; Chen et al., 2002).
Research results suggest that it is feasible to use machine vision systems to inspect fruit for
quality related problems (Bennedsen and Peterson, 2005, and Brosnan and Sun, 2004). For fruit
such as apples, commercial systems are available that allow sorting based on physical
characteristics like weight, size, shape, and color. Automated fruit grading, standards assigned
to fruit based on exterior quality, is also possible with machine vision (Leemans et al., 2002).
Commercial sorters frequently use a conveyor system with either shallow cups (each cup
holding one apple as it is moved) or bicone rollers that allow apples to rotate while moving
along the conveyor (Figure 2). To be considered commercially applicable, automated systems
must be able to handle fruit at rates of at least 6-10 fruit per second (Throop et al., 2001).

A camera or cameras above the conveyor are commonly used to capture images in these
systems, sometimes in conjunction with mirrors below the fruit. The rotation of apples
produced by bi-cone rollers allows for the imaging of multiple aspects of each apple’s surface
by using two or more cameras spaced apart along the conveyer. This approach has not been
proven to be viable for defect detection for a number of reasons, including non-uniform
rotation due to differences in apple sizes and frequent bouncing due to non-uniform shapes.

Figure 2. A Compac™ apple sorter. Courtesy of Compac, Inc., Visalia, CA.
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Currently, there is no imaging process commercially used to detect defects or contamination

due to lack of a method for imaging 100% of the entire surface of individual fruit. Thus,
manual sorting remains the primary method for removal of apples with defects (Bennedsen

& Peterson, 2005).
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Figure 3. A simple block diagram for a typical vision system operation.

The main components of a typical vision system have been described in this study. Several
tasks such as the image acquisition, processing, segmentation, and pattern recognition are
conceivable. The role of image-acquisition sub-system in a vision system is to transform the
optical image data into an array of numerical data, which may be manipulated by a
computer. Fig. 3 shows a simple block diagram for such a machine vision system. It includes
systems and sub-systems for different processes. The big rectangles show the sub-systems
while the parts for gathering information are presented as small rectangles in Fig. 3. As can
be seen in Fig. 3, the light from a source illuminates the scene (it can be an industrial
environment), and an optical image is generated by image sensors. Image arrays, digital
camera, or other means are used to convert optical image into an electrical signal that can be
converted to an ultimate digital image.

Typically, cameras incorporating either the line scan or area scan elements are used, which
offer significant advantages. The camera system may use either charge coupled device
(CCD) sensor or vidicon for the light detection. The preprocessing, segmentation, feature
extraction and other tasks can be performed utilizing this digitized image. Classification and
interpretation of image can be done at this stage and considering the scene description, the
actuation operation can be performed in order to interact with the scene. The actuation sub-
system therefore provides an interaction loop with the original scene in order to adjust or
modify any given condition for a better image taking. (Golnabia and Asadpour, 2007).
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The automated strawberry grading system (Liming and Yanchao, 2010) was developed
based on three characteristics: shape, size and color. The automated strawberry grading
system (Fig. 4) mainly consists of a mechanical part, an image processing part, a detection
part and a control part. The mechanical part mainly consists of a conveyer belt, a platform, a
leading screw, a gripper and two motors to implement the strawberry transport and
gradation. The image processing part consists of camera (WV-CP470, Panasonic), image
collecting card (DH-CG300, Daheng company), a closed image box and a computer
(PCM9575) to implement image preprocessing, segmentation, extracting grading
characteristic and to grade the strawberry by these characteristics.

The detection part consists of two photoelectrical sensors and two limit switches. The
photoelectrical sensors are used to detect the strawberry position; the limit switch is used to
protect the slider on the leading screw during the detection. The control part adopts the
single-chip-microcomputer (SCM) to receive the signals from the photoelectrical sensor, the
limit switch and the computer, finally to control the motors.

The results show that the strawberry classification algorithm is designed viable and
accurately. Strawberry size error is less than 5%, the color grading accuracy rate is 88.8%,
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and the shape classification accuracy rate is over 90%. The average time to grade one
strawberry is no more than 3 s.

(Blasco, et al. 2009) developed an engineering solution for the automatic sorting of
pomegranate arils. The prototype (Fig. 5) basically consisted of three major elements that
corresponded to the feeding, inspection and sorting units. These are described below. The
prototype used two progressive scan cameras to acquire 512 _ 384 pixel RGB (Red, Green
and Blue) images with a resolution of 0.70 mm/pixel. Both cameras were connected to a
computer, the so-called “vision computer” (Pentium 4 at 3.0 GHz), by means of a single
frame grabber that digitized the images and stored them in the computer’s memory.

Feeding area Inspection chamber

Figure 5. Scheme of the sorting machine.

The illumination system consisted of two 40 w daylight compact fluorescent tubes located
on both sides of each conveyor belt. The scene captured by each camera had a length of
approximately 360 mm along the direction of the movement of the objects and a width that
allowed the system to inspect three conveyor belts at the same time. The entire system was
housed in a stainless steel chamber.

The sorting area followed the inspection chamber. Three outlets were placed on one side of
each of the conveyor belts. In front of each outlet air ejectors were suitably placed to expel
the product. The separation of the arils was monitored by the control computer, in which a
board with 32 digital outputs was mounted. This board was used to manage the air ejectors.
The computer tracked the movement of the objects on the conveyor belts by reading the
signals produced by the optical encoder attached to the shaft of the carrier roller.

Concluded that the prototype for inspecting and sorting the arils was developed and
successfully commissioned, which could handle a maximum throughput of 75 kg/h. The
inspection unit, which had two cameras connected to a computer vision system, had enough
capacity to achieve real-time specifications and enough accuracy to fulfill the commercial
requirements. The sorting unit was able to classify the product into four categories.

(Aleixos, et al. 2002). Developed a multispectral inspection of citrus in real-time using
machine vision and digital signal processors. Describes a new machine vision system for
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citrus inspection, including a parallel hardware and software architecture, able to determine
the external quality of the fruit in real-time at a speed of 10 fruits/s.

The vision system has been placed on a commercial fruit sorter having four independent
inspection lines. As the first step, the sorter singles the fruit before they enter into the
inspection site by means of bi-conic rollers. In principle, each individual fruit is located in a
space between two rollers (what is called a cup), although sometimes, when there is an
excessive loading, two or more fruits are located in the same cup or fruit are located
between two filled cups. The inspection site (Fig. 6) provides adequate lighting to the scene
by fluorescent tubes, incandescent lamps and polarised filters that remove reflections from
the surface of the fruit. The scene is composed of three complete fruit, imaged with a
multispectral camera that simultaneously captures four bands: the three conventional color
bands (R, G and B) and another centred at 750 nm (near infrared, denoted I). The camera
(Fig. 7) has two CCDs, one a color CCD that provides RGB information and the other
monochromatic, to which has been coupled an infrared filter, centred on 750 nm (+10), that
provides I information. The light coming from the scene reaches a semi-transparent mirror
that refracts 50% of the light towards the infrared (A) CCD and reflects the other 50% to a
second mirror (B), which reflects all the light towards the color CCD. The system guarantees
at least three whole fruits on each image with a resolution of 0.7 mm/pixel.

The fruit rotates while passing below the camera due to a forced rotation of the rollers. To
single the fruits and estimate their size and shape, the system uses only the I information, but
for color estimation and defect detection it is necessary to work also with the color bands.

This fact has been used to set up a parallel strategy based on dividing the inspection tasks
between two digital signal processors (DSP), so during on-line work, two image analysis
procedures are performed by the two DSP running in parallel in a master/slave architecture.
The master processor calculates the geometrical and morphological features of the fruit using
only the I band, and the slave processor estimates the fruit color and detects the skin defects
using the four RGBI bands. After the image processing, the master processor collects the
information from the slave and sends the result to a control computer. The system was tested
under laboratory conditions at two common sizer speeds: 300 and 600 fruits/min (5-10 fruits/s).

Front view Side view
lllumination syitem

' | --R .
i, P
{7 f

V4

bt

A % |
%‘%‘ Sizer == : #

INinE
.

,,,,,,,,,,, s
o

oe'seeeee

Figure 6. Scheme of the sorter and lighting system.
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Figure 7. Scheme of the multispectral camera.

An image processing based technique was developed by (Omid et al. 2010) to measure
volume and mass of citrus fruits such as lemons, limes, oranges, and tangerines. The technique
uses two cameras to give perpendicular views of the fruit as shown in (figure 8). An efficient
algorithm was designed and implemented in Visual Basic (VB) language. The product volume
was calculated by dividing the fruit image into a number of elementary elliptical frustums.
The volume is calculated as the sum of the volumes of individual frustums using VB.

The volumes computed showed good agreement with the actual volumes determined by
water displacement method. The coefficient of determination (R2) for lemon, lime, orange, and
tangerine were 0.962, 0.970, 0.985, and 0.959, respectively. The Bland—-Altman 95% limits of
agreement for comparison of volumes with the two methods were (_1.62; 1.74), (_7.20; 7.57),
(_6.54; 6.84), and (_4.83; 6.15), respectively. The results indicated citrus fruit’s size has no effect
on the accuracy of computed volume. The characterization results for various citrus fruits
showed that the volume and mass are highly correlated. Hence, a simple procedure based on
computed volume of assumed ellipsoidal shape was also proposed for estimating mass of
citrus fruits. This information can be used to design and develop sizing systems.

Computer vision is the construction of explicit and meaningful descriptions of physical objects
from images. States that it encloses the capturing, processing and analysis of two-dimensional
images, with others noting that it aims to duplicate the effect of human vision by electronically
perceiving and understanding an image. The basic principle of computer vision is described in
Fig. 9. Image processing and image analysis are the core of computer vision with numerous
algorithms and methods available to achieve the required classification and measurements.
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Figure 8. The developed machine vision system.
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Figure 9. Principle of computer vision system.
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Computer vision systems have been used increasingly in the food and agricultural industry
for inspection and evaluation purposes as they provide suitably rapid, economic, consistent
and objective assessment. They have proved to be successful for the objective measurement
and assessment of several agricultural products. Over the past decade advances in hardware
and software for digital image processing have motivated several studies on the
development of these systems to evaluate the quality of diverse and processed foods.
Computer vision has long been recognized as a potential technique for the guidance or
control of agricultural and food processes. Therefore, over the past 20 years, extensive
studies have been carried out, thus generating many publications.

Computer vision is a rapid, economic, consistent and objective inspection technique, which
has expanded into many diverse industries. Its speed and accuracy satisfy ever-increasing
production and quality requirements, hence aiding in the development of totally automated
processes. This non-destructive method of inspection has found applications in the
agricultural and food industry, including the inspection and grading of fruit and vegetable.
It has also been used successfully in the analysis of grain characteristics and in the
evaluation of foods such as meats, cheese and pizza (Brosnan and Sun, 2002).

(Jarimopas and Jaisin, 2008) develop an efficient machine vision experimental sorting
system for sweet tamarind pods based on image processing techniques. Relevant sorting
parameters included shape (straight, slightly curved, and curved), size (small, medium, and
large), and defects. The variables defining the shape and size of the sweet tamarind pods
were shape index and pod length. A pod was said to have defects if it contained cracks.

The sorting system involved the use of a CCD camera which was adapted to work with a TV
card, microcontrollers, sensors, and a microcomputer as shown in figure 10. Conveyor belt
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Figure 10. An experimental machine vision system for sorting sweet tamarind pods

(1is conveyor; 2 is power drive; 3 is light source and CCD camera; 4 is pneumatic segregator
and compressed air tank; 5 is control unit; and 6 is microcomputer).
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30 cm wide and 180 cm long with four receivers for the sorted sweet tamarind. On the right
side of the belt was a box with a CCD camera mounted on the top and four 14-watt energy
saving lamps at each corner of the box to give uniform light intensity with minimum
shadows. The camera, which was mounted about 41 cm above the belt, had a focal length of
38-72 mm and provided a resolution of 520 vertical TV lines. A cylinder of compressed air
was used to drive the three pneumatic segregators. The sorting system was so designed as
to sort sweet tamarind into three sizes (large, medium, and small).

The defective pods were rejected at the left hand end of the conveyor. The control unit
components were assembled in a box and placed under the sorting system.

The results showed that the three control factors did not significantly affect shape, size, and
defects at a significance level of 5%. The averaged shape indexes of the straight, slightly
curved, and curved pods were 51.1%, 61.6%, and 75.8%, respectively. Pod length was found
to be influenced by size and cultivar, with Sitong and Srichompoo pods ranging from 10.0 to
14.0 cm and 8.5 to 12.4 cm, respectively. The vision sorting system could separate Sitong
tamarind pods at an average sorting efficiency (Ew) of 89.8%, with a mean contamination
ratio (Cr) of 10.2% at a capacity of 1517 pod/h.

Orange grading operations have been mechanized from a couple of decades. At the first
stage of the mechanization, plates with holes of orange fruit sizes were used for sorting.
Machine vision and near infrared (NIR) technologies have been utilized and improved with
engineering design to convey fruits to detect fruit size, shape, color, sugar content and
acidity since about ten years ago. The system inspects fruit with color CCD cameras
installed at six different positions on a line to provide all side fruit images with lighting
devices. The light devices are made by halogen lamps or LEDs fitted with PL (polarizing)
filters to eliminated halation on glossy fruit surfaces. The near infrared inspection systems
consist of halogen lamps and a spectrophotometer to analyze absorption bands of
transmissive light from fruits. Furthermore, an X-ray imaging system is sometimes installed
on each line to find internal defects such as rind-puffing.

Fig. 11 shows a whole inspection system on an orange grading line. After dumping
containers filled by oranges, fruits are singulated by a singulating conveyor. Singulated
fruits are sent to the NIR inspection system (transmissive type) to measure sugar content
(brix equivalent) and acidity.

In addition, it can measure the granulation level of the fruit which indicates the inside water
content of fruit. The second inspection is X-ray imaging for internal structural quality. Rind-
puffing, a biological defect is detected from the image. In the external inspection stage, color
images from six machine vision sets under random trigger mode, are copied to the image
grabber boards fitted on the image processing computers whenever a trigger occurs.

The four cameras are set for acquiring side images, while the two cameras are from top. The
final camera acquires a top image of each fruit after fruit turning over because both top and
bottom sides are inspected. All the images are processed using specific algorithms for
detecting image features of color, size, shape, and external defect. Output signals from
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Figure 11. A whole orange fruit grading system on a line manufactured by SI Seiko Co., Ltd., Japan.

image processing are transmitted to the judgment computer where the final grading
decision (usually into several grades and several sizes) is made based on fruit features and
internal quality measurements.

Fig. 12 shows a fruit grading robot system installed at JA Shimoina, Japan. The robot system
consists of two 3 DOF manipulators, in which one is a providing robot, while the other is a
grading robot with 12 machine vision systems. After container comes under the providing
robot (1), 12 fruits are sucked up by suction pads at a time (2) and are transported to
intermediate stage making space toward vertical direction on this page between fruits (3).
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Figure 12. A fruit grading robot system manufactured by SI Seiko Co., Ltd., Japan (Left: front view,
Right: side view).

The grading robot picks 12 fruits up again (4) and 12 bottom images of the 