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Chapter 1

Introduction
1.1

Motivations

Machine vision systems are largely employed for automatically controlling or analyzing
processes or activities in many industries like automotive, electronics, food & beverages,
pharmaceutical, textile,. . . One of the most popular applications of machine vision is to
inspect qualities of produced goods based on form, color and presence of defects. Machine
vision systems benefit from specially designed image processing softwares to perform such
particular tasks, therefore image processing plays a very crucial role in their performance.
Physical appearances of fresh fruits and vegetables extremely vary causing difficulties
for machine vision systems. Apple fruits, in particular, have numerous kinds of defects and
highly varying skin color. Hence, they pose even more problems for machine vision-based
quality inspection systems.
Recent studies in machine vision-based quality inspection of apple fruits revealed that
certain defects are more visible at certain spectral ranges. Covering a large electromagnetic
spectrum by hyperspectral imaging, on the other hand, results in excessive amount of data to
be processed. Consequently, multispectral imaging has become very popular for inspection
of apples.
Taking all the above facts into account, this thesis will address multispectral image
processing and pattern recognition techniques and their application on quality inspection
of apple fruits.

1.2

Novel Contributions of the Thesis

A machine vision system for apple quality inspection has to address and correctly solve the
following three major problems1 to be accurate and acceptable:
1
The three problems listed are also illustrated as boxes with different gray shades. Variations of this
simple illustration will ornament the thesis in order to provide a point of reference for the reader.
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1. Stem and calyx concavities of apples should not be confused as defects.
2. Defected skin of apple fruit should be accurately segmented.
3. Fruits should be correctly classified into predefined quality categories.

These problems have been addressed individually or in combinations by several works
in the literature, however there is still room for scientific research to expand knowledge in
this field. Main original contributions of this thesis are as follows.
1. Machine vision-based works addressing stem and calyx identification in the literature
employed only artificial neural networks for classification. Therefore, we introduce
a novel comparative study using several statistical and syntactical classifiers and a
resampling-based technique for accurate discrimination of stem and calyx regions from
defective skin.
2. Researchers have mostly used global thresholding methods or Bayesian classification
for defect segmentation of apples by machine vision. Here, we introduce an original
work comparing defect segmentation performances of global and local thresholding
techniques, statistical classifiers, artificial neural networks and decision trees.
3. Combination of the two innovative works above provide us precisely segmented defects
by minimal confusion with stem/calyx areas. Consequently, we can extract information from defected area and classify apples into quality categories. Hence, we introduce
a two-category and a novel multi-category grading work, where the latter compares
performances of statistical and syntactical classifiers in different architectures.

1.3

Plan

This thesis is organized as follows: Chapter 2 presents the state-of-the-art works introduced
by other researchers for machine vision-based apple fruit inspection. Chapter 3 explains
materials and methods used, while Appendix A is dedicated to the pattern classification
techniques employed throughout this thesis. In the following three chapters (Chapters 4, 5
and 6), we respectively introduce the original works realized for stem and calyx recognition,
defects segmentation and fruit grading. Finally, we draw conclusions from the proposed
works and provide some directions for future studies in Chapter 7.
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Chapter 2

State-of-the-Art
2.1

Introduction

Machine vision is the application of computer vision to industry and manufacturing. One of
the most common applications of machine vision is the inspection of goods such as electronic
devices, automobiles, food and pharmaceuticals [63]. In order to judge quality of such goods,
machine vision systems use digital cameras and image processing software. Hence, image
processing is very crucial for accurate inspection.
Food industry ranks among the top ten industries, which uses image processing techniques [39]. Among food products, fruits and vegetables extremely vary in physical appearance, therefore their inspection is necessary to discriminate the undesirable, acceptable
and outstanding individual pieces and to guarantee the uniform quality required by the
industry [1].
Apple fruits, in particular, present large number of defect types [97] and have highly
varying skin color (especially for bi-colored varieties like Jonagold ) [56]. According to the
marketing standard of European Commission [2] quality of apples depends on size, color,
shape and presence/type of defected skin. Their visual inspection is traditionally performed
by human experts. Even so, automatization of this process is necessary to increase speed
of inspection as well as to eliminate error and variation introduced by human experts.
Machine vision systems have been widely used to evaluate external quality of apple
fruit, because they provide rapid, economic, robust and objective judgment [3, 15, 16, 21,
31, 32, 39, 98]. Inspection of apples with respect to size, color and shape by machine vision
is already automated in the industry. However, inspection regarding skin quality is still
problematic due to highly varying defect types and skin color, and presence of stem/calyx
concavities.
A machine vision system for apple sorting has to accurately determine healthy and
defected skin of fruit without confusion by stem or calyx concavities first, and then grade
the fruit into relevant quality category. Hence such a system should pay a special attention
on stem/calyx recognition, defect segmentation and fruit grading steps, which are used to
roughly categorize the state-of-the-art works in the following sections.
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2.2

Stem and Calyx Recognition

Machine vision systems for apple sorting are mostly confused in discriminating
stem/calyx (SC) areas from true defects due to their similarity in appearance. Hence,
accuracy of sorting is diminished by false identification of SCs.
Several approaches have been introduced to recognize SCs using mechanical, spectral
reflectance-based or machine vision systems. Mechanical approaches include systems in
which orientation of fruit, therefore positions of SCs are known [28, 102]. However, in
reality, adjusting and preserving orientation reliably while acquiring images of whole apple
surface is problematic. Moreover, in the image acquisition system used in this research
as well as in most other systems introduced by other researchers, orientations of apples
while imaging are not known. Spectral reflectance-based methods try to find the spectral
range that discriminates SC areas from surface defects in the best way [80]. However, apple
grading depends on defect size (besides other factors), which requires machine vision. Thus,
discrimination of SCs from defects has to be achieved in image space. So, these methods
can only be used as a preliminary step to select best spectral range in a grading system.
Due to these facts, mechanical and spectral reflectance-based solutions are not considered
in this thesis.
Machine vision-based works for SC recognition of apple fruit in literature can be classified
into two groups: Hardware-software combined methods and those using only software (here,
‘hardware’ refers to materials permitting special kind of illumination or cameras sensitive
outside visible or near infrared (NIR) range). Table 2.1 displays such a taxonomy of the
state-of-the-art methods for SC recognition by machine vision. Hardware-software combined
methods can be further divided into two sub-groups: methods using structural illumination
and those employing middle infrared (MIR) cameras 1 . Structural illumination is first used
by Crowe and Delwiche [26, 27] to detect apple defects, where concave dark spots were
considered to be SC. Unfortunately, no numerical result was provided by the authors for
identification of SCs. Later, Penman [76] illuminated four different apple varieties with blue
linear light and used reflection patterns of fruit acquired by a ccd-camera to locate SCs as
well as blemishes. Accuracy of the algorithm was inversely proportional with location of SCs
relative to fruit center. Moreover, the author mentioned about neither presence of defects
nor their effect on recognition. An MIR camera, on the other hand, is employed by Wen
and Tao [123] together with an NIR camera for apple fruit inspection, where image from
the former was used to segment SCs and about 99 % of them were correctly recognized.
However cost of cameras, which is not discussed by the authors, is an important issue for
practical implementation of this approach. Cheng et al. [22] also proposed to use an MIR
camera with segmentation based on gray-level similarity of pixels to detect SCs on Red
Delicious apples. Euclidean distance was used to evaluate similarity. Correct recognition
rates achieved for stems and calyxes were 94 % and 92 %, respectively. Software-based works
can also be divided into two sub-groups: those applying statistical pattern recognition and
those using classifier-based approaches. In the first sub-group, Wen and Tao [122] developed
a rule-based NIR system and used histogram densities to discriminate SCs of Red Delicious
1

MIR cameras are also referred to as thermal cameras in the literature.
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apples from defected areas. Recognition rates of stems and calyxes were 81.4 % and 87.9 %,
respectively. Their system was less reliable when SCs appeared closer to the edge of fruit.
Recently, Kleynen et al. [56] utilized correlation-based pattern matching technique to detect
SCs of Jonagold apples in a multispectral vision system. Recognition rates for stems and
calyxes were 91 % and 92 %, respectively. And 17 % of defects were misclassified as
SC. Pattern matching method has been widely applied for object recognition, but its main
disadvantage is its high dependency on the pattern (template) used. For the classifier-based
approaches, researchers have proposed to use artificial neural networks to recognize SCs.
Yang [127] introduced an image analysis technique to identify them on Golden Delicious and
Granny Smith apples. Assuming stems and calyxes appear as dark patches, first these areas
are segmented by flooding algorithm from images under diffuse light. Then, 3D surfaces of
patches are reconstructed from structural light projected image. Patches are classified as SC
or patch-like defect by back-propagation neural network using features extracted from both
images. Average recognition rate achieved was 95 %, however proposed method is tested
only on mono-colored apples. Li et al. [61] assumed that SC areas were concave and defected
ones lost their concavity. So, fractal analysis with an artificial neural network is used to
discriminate SC areas from defected ones. Tests were done on a small database of 40 San
Fuji apples and it was reported that highly rotten areas were misclassified because their
surfaces were concave. Recently, Bennedsen and Peterson [6] used unsupervised feature
extraction and artificial neural networks to discriminate apple images including SCs from
those that do not. Recognition rate achieved was 98 %, however their approach was not
able to discriminate between true defects and stems or calyxes.
Above literature review reveals that SC identification is a necessary task for an accurate
fruit sorting system, but it is not so easy to accomplish. Mechanical methods are simply
not reliable enough. Spectral reflectance-based methods do not provide defect size information, hence they are not adequate on their own. Machine vision-based solutions introduced
by other researchers cover wide range of materials and techniques, like particular illumination and cameras, statistical pattern recognition methods and artificial neural networks.
However, the quest for a general, accurate and cheap solution is still open.

2.3

Defect Segmentation

Apple fruit is susceptible to numerous kinds of injuries caused by natural or handling
factors [9, 82]. In order to detect these injuries researchers have explored different sensing
techniques like X-ray imaging [29, 88, 91], magnetic resonance imaging (MRI) [38, 129],
thermal imaging [120] and spectral reflectance based methods [23, 37, 66, 80, 114, 116].
However, visible/NIR imaging techniques are the dominantly used ones for apple defect
detection due to their reasonable cost and relatively high processing speed.
Injuries of apple fruit can be sub-grouped as internal and external ones, roughly. Several
works have been proposed to detect internal defects of apple fruit [23, 38, 88, 91, 101, 115],
but they will not be considered in this thesis because such defects originate inside the fruit
and do not become visible until some mature state, which makes them very difficult to
23
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Software-based
I.statistical pattern recognition
• Wen & Tao, 1999 [122]: Histogram densities
• Kleynen et al., 2005 [56]: Pattern matching
II.classifier-based approaches
• Yang, 1996 [127]: Flooding + ANN
• Li et al., 2002 [61]: fractal analysis + ANN
• Bennedsen & Peterson, 2004 [6]: ANN at image level

Table 2.1: Taxonomy of works introduced in the literature for stem/calyx recognition of apple fruit by machine vision.

Hardware - Software combined
I.structural lighting
• Crowe & Delwiche, 1996 [26, 27]
• Penman, 2001 [76]
II.MIR cameras
• Wen & Tao, 2000 [123]
• Cheng et al., 2003 [22]

detect by ordinary machine vision if a particular imaging modality (like MRI, CT or X-ray)
is not used. On the contrary, external defects evolve on the fruit skin and thus are suitable
for machine vision-based detection.
Imaging systems can be classified as single-band, dual-band, multispectral (3-10 bands)
and hyperspectral (more) with respect to the number of spectral bands they cover in
the electromagnetic spectrum. Since spectral characteristics of external defects of apples
vary considerably, researchers have proposed several works using hyperspectral imaging
[49, 51, 55, 62, 69]. However, hyperspectral imaging produces excessive amounts of data
from numerous spectral bands to be processed, which makes them impractical for rapid
fruit grading. Therefore, some researchers used hyperspectral imaging to select best spectral bands for defect detection and performed segmentation on the multispectral images of
these selected bands [52, 53, 68, 124].
Segmentation is the process of extracting important objects by partitioning an image
into foreground and background pixels. In order to accurately perform quality inspection
of apples by machine vision, robust and precise segmentation of defected skin is crucial.
Therefore, defect segmentation became our main concern. Du and Sun [31] has divided
image segmentation techniques used for food quality evaluation into four groups:
1. Thresholding-based: These techniques partition pixels with respect to an optimal
value (threshold). They can be further categorized by how the threshold is calculated
(simple-adaptive, global-local). Global techniques find one threshold value for the whole
image, whereas local ones calculate different thresholds for each pixel within a neighborhood.
Simple threshold is a fixed value usually determined from previous observations, however
adaptive techniques calculate a new value for each image. Note that, simple techniques can
only be global, due to the single threshold used. Majority of the works performing defect
segmentation of apples by thresholding used simple-global techniques [26, 27, 28, 61, 68, 100].
Quasi-spherical shape of apple fruit leads to boundary light reflectance effect on images at
the boundaries of fruit, which causes problems in segmentation of surface defects by machine
vision. In order to eliminate this effect, some researchers performed adaptive spherical
transform of images before employing simple-global thresholding [99, 121, 122]. Surface
defects of apples vary not only by size, but also by texture, color and shape, which makes
their segmentation difficult by simple-global thresholding. In their recent works, Bennedsen
and Peterson [7, 8] utilized one simple-global and two adaptive-global techniques to segment
dark/faint marks and bruises of different apple varieties. Kim et al. [54] also performed
defect segmentation by an adaptive-global technique, which was a modified version of Otsu’s
algorithm [75]. Adaptive-local techniques, on the other hand, require excessive computation
that may limit their practical use in real-time systems, which is probably why we have not
encountered any related work in the literature.
2. Region-based: Region-based techniques segment images by finding coherent, homogeneous regions subject to a similarity criterion. They are computationally more costly
than thresholding-based ones. They can be divided into two groups; merging, which is a
bottom-up method that continuously combines sub-regions to form larger ones and splitting, which is the top-down version that recursively divides image into smaller regions. In
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order to segment patch-like defects of apple fruit, Yang [126] used flooding algorithm, which
is a region-based technique. Subsequently, Yang and Marchant [128] employed an active
contour model (i.e. a snake algorithm), which is also a region-based technique, to refine
coarse segmentation of defects realized by flooding algorithm.
3. Edge-based: These techniques segment images by interpreting gray level discontinuities using an edge detecting operator and combining these edges into contours to be used
as region borders. Combination of edges is an arduous and non-trivial task, especially if
the defects have complex textures resulting in several non-connected edges to be correctly
combined. Unfortunately, we did not run across any work focusing on defect segmentation
of apples by edge-based techniques.
4. Classification-based: Such techniques attempt to partition pixels into several classes
using different classification methods. They can be categorized into two groups, unsupervised and supervised, where desired output values of learning samples are missing in the
former and provided in the latter. Desired outputs are usually very arduous and expensive
to determine. But, their presence leads to induced or guided learning, which most often
results in more accurate classification (if induction is appropriate). That’s probably why,
researchers preferred supervised methods over unsupervised ones. The only work that included unsupervised classification for defect segmentation of apples was from Leemans et
al. [58]. Among supervised methods, Bayesian classification is the most used method by
researchers [11, 56, 59, 72], where pixels are compared to a pre-calculated Bayesian model
and classified as defected or healthy. On the other hand, Nakano [73] introduced a neural
network-based system (supervised) to classify pixels of apple skin into six classes, one of
which was ‘defect’.
The state-of-the-art works introduced for segmentation of external defects of apples by
visible/NIR imaging are organized in the taxonomy of Du and Sun [31] in Table 2.2. This
table as well as the above literature survey reveal that in segmenting surface defects of apple
fruit, researchers have mainly focused on simple-global thresholding-based approaches and
Bayesian-based classification methods.

2.4

Fruit Grading

Like in the process of defect segmentation (Section 2.3), researchers have used different
sensing techniques like X-ray imaging [29, 92], hyperspectral imaging [62, 69] and spectral
reflectance based methods [37, 71, 114] to grade apple fruit. However, majority of the works
for this problem include systems based on visible/NIR imaging, which are summarized in
Table 2.3 and introduced chronologically in the following paragraphs. It should be noted for
these works that, during image acquisition orientation of fruit was random (not-controlled)
and a uniform illumination was used, if not stated otherwise.
One of the earliest works in apple grading by machine vision was introduced by Davenel
et al. [28]. They used a black and white (B&W) camera and a filter centered at 550nm.
Apples were manually oriented to avoid stem-calyx view in the images. 230 Golden Delicious
26
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Region-based
• Yang, 1994 [126]
• Yang & Marchant, 1996 [128]

Classification-based
I.unsupervised
• Leemans et al., 1998 [58]
II.supervised
II.a.Bayesian
• Moltó et al., 1998 [72]
• Leemans et al., 1999 [59]
• Blasco et al., 2003 [11]
• Kleynen et al., 2005 [56]
II.b.ANN
• Nakano, 1997 [73]

Table 2.2: Taxonomy of works introduced in the literature for defect segmentation of apple fruit by machine vision.

Thresholding-based
I.simple-global
• Davenel et al., 1988 [28]
• Crowe & Delwiche, 1996 [26, 27]
• Wen & Tao, 1998 [121]
• Tao & Wen, 1999 [99]
• Wen & Tao, 1999 [122]
• Li et al., 2002 [61]
• Mehl et al., 2002 [68]
• Bennedsen & Peterson, 2005 [7, 8]
• Throop et al., 2005 [100]
II.adaptive-global
• Bennedsen & Peterson, 2005 [7, 8]
• Kim et al., 2005 [54]

apples were graded into 4 quality categories (3 acceptable, 1 reject) by geometric features
and thresholding according to size of defected skin. Correct classification rate achieved was
69 %.
Crowe and Delwiche [26, 27] proposed a system with a B&W camera, two filters at
750 and 780nm and structural illumination to grade apples into four quality categories (1
healthy, 3 defected). They extracted geometric features and then performed classification
by thresholding with respect to size of defective skin. On 332 Fuji apples, classification rate
was between 62 and 75 %.
Rennick et al. [81] presented a machine vision system with a color camera to grade 200
Granny Smith apples into two categories (1 bruised, 1 not-bruised). Orientation of fruit was
controlled in their system. After background removal, fruit area was divided into predefined
sub-regions, from which statistical features are extracted. Classifiers employed were fuzzy
c-means (FCM), nearest neighbor (k-NN), multi-layer perceptrons (MLP) and probabilistic
neural networks (PNN), where the latter outperformed others with 90 % classification rate.
A rule-based system was introduced by Wen and Tao [122] to grade 960 Red Delicious
apples into two categories (1 acceptable, 1 reject). Image acquisition was performed by
a B&W camera and a filter at 700nm. After extraction of geometric and histogram features, discrimination of true defects from SCs was achieved by rule-based decision. Online
experiments showed that system was confused by stem/calyx areas and performed around
85-90 %.
Leemans et al. [60] used machine vision to grade apples according to their external
quality into four categories (3 acceptable, 1 reject) based on European standards. Images
were acquired by a color camera. Color, texture and geometric features were extracted
from defective areas. Fruit grading was then achieved by a quadratic discriminant classifier
(QDC) and an MLP, which performed similarly. Classification rates were 78 and 72 % for
528 Golden and 642 Jonagold apples, respectively.
Another machine vision system with a color camera for quality grading of apples is
presented by Blasco et al. [11]. They extracted geometric features from defected regions
and then graded apples into three quality categories by thresholding with respect to size
of defective area. Online experiments with 1247 Golden Delicious apples showed 86 %
classification rate.
A dual-camera (a B&W camera with 700nm filter and a thermal (MIR) camera sensitive
at 7.5-13.5µm range) system is proposed by Cheng et al. [22] to discriminate stem-calyx
areas from defect and permit accurate grading of apple fruit. After extraction of geometric
features, classification is performed by thresholding relative to size of defected skin. The
system is tested on 155 Red Delicious apples and managed to recognize healthy and defected
fruit (two quality categories) by 100 and 92 % accuracy, respectively.
Leemans and Destain [57] introduced a real-time apple grading system with two quality
categories (1 acceptable, 1 reject). They acquired images of 400 Jonagold apples by a color
camera. Color, texture and geometric features were extracted from defective areas and then
fruit grading was achieved by a QDC, which performed 73 % classification rate.
Kavdir and Guyer [50] presented a grading work with 214 Empire and 231 Golden Delicious apples using two (1 acceptable, 1 reject) and five (2 acceptable, 3 reject) quality
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categories. A B&W camera sensitive at 400-2000nm range was employed. Instead of segmenting defects, they used a global approach and extracted texture and histogram features
from whole images of apples. Statistical classifiers (Bayesian, k-NN and a decision tree
(DT)) and back-propagation neural network (BPNN) were employed for grading. For the
two-category case, perfect classification (100 %) was achieved by different classifiers for both
varieties, whereas for five-category case best classifications dropped to 88.7 and 83.5 % for
Empire and Golden Delicious, respectively.
More recently, Kleynen et al. [56] proposed a multispectral (B&W camera and four
filters at 450, 500, 750 and 800nm) machine vision system to grade 818 Jonagold apples
into two quality categories (1 healthy, 1 defected). From defected area color, texture and
geometric features were extracted and linear discriminant classifier (LDC) was employed
for classification. 94.3 % of healthy fruit were correctly classified, while this rate was 84.6 %
for defected ones.
Throop et al. [100] introduced an automated inspection system to grade 959 apples from
several varieties. Image acquisition system consisted of a B&W camera and three filters centered at 540, 740 and 950nm. Orientation of fruit was controlled by a mechanical conveyor.
Geometric features were extracted from defected areas and then grading was performed
into three quality categories (2 acceptable, 1 reject) by thresholding with respect to size of
defected skin. Unfortunately, the authors did not provide any classification rate.
Above survey reveals that researchers have tested performances of their quality grading
systems by different apple varieties. From image processing point of view, these varieties
can be grouped into two: those having mono-colored skin (e.g. Golden Delicious, Granny
Smith) and those having bi-colored skin (e.g. Jonagold, Fuji). Inspection of the latter group
by image processing is more problematic because of more complicated skin (background)
as well as color transition areas.
State-of-the-art works reviewed for quality grading of apple fruit by visible/NIR range
imaging indicate that researchers proposed diverse solutions with different characteristics;
like particular illumination types, various camera and filter combinations, different groups
of features and several classification methods. Furthermore, numerous apple varieties and
quality grades used in these works increase their diversity even more. As a result, finding
a common and relevant basis to compare and group them in an appropriate taxonomy was
extremely demanding. On the other hand, it is again this diversity that supports the following conclusion: “Quality grading of apple fruit by visible/NIR imaging is a burdensome
task due to variance of the problem. Thus, the search for a robust, generic and accurate
grading system that works for all apple varieties while respecting all norms of standards is
still in progress.”
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2

1

Illumination (I) may be uniform(U) or structural(S).
Orientation (O) of fruit may be controlled(C) or not-controlled(NC).
If specified, grades may be acceptable(A), reject(R); healthy(H), defected(D); or bruised(B),not-bruised(nB).
Empire, Golden, Grimes, Fuji, Jonagold, Roma, Stayman.

Table 2.3: Summary of state-of-the-art works for apple grading by visible or near infrared machine vision. Each row belongs
to a work, while respective columns refer to its characteristics; like apple variety, camera and filters (camera:filter), type of
illumination and fruit orientation (I/O), features, classification technique, quality categories, and correct classification in
percentage (%). N/A means lack of information.
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Chapter 3

Materials and Methods
3.1

Introduction

A machine vision-based inspection system generally consists of 1. mechanical (components
for presentation and orientation of items), 2. optical (illuminators, camera and special optics), 3. image acquisition (frame grabber and computer) and 4. image processing (specially
designed software) parts.
As main focus of this thesis is on image processing, we will merge the mechanical,
optical and image acquisition parts into one and refer as the image acquisition system, like
in [56, 57]. Hence, in this chapter we will present a brief explanation of the image acquisition
system and then introduce the fruit database used in this work.

3.2

Image Acquisition System

Image acquisition device used for this research is simply composed of a high resolution
(1280x1024 pixels) monochrome digital camera, four interference band-pass filters, a frame
grabber, a diffusely illuminated tunnel with two different light sources (fluorescent tubes
and incandescent spots), and a conveyor belt on which fruits are placed. The filters are
centered at 450, 500, 750, and 800nm with respective bandwidths of 80, 40, 80, and 50nm.
This device is capable of acquiring only one-view images of fruits. Each of these oneview images were composed of four filter images, which had to be separated by alignment
based on pattern matching. Then, flat field correction is applied to remove vignetting1 on
filter images. Finally, each filter image is composed of 430x560 pixels with 8 bits-per-pixel
resolution (Figure 3.1).
Assembly of the image acquisition system and collection of the database were done in the
Mechanics and Construction Department of Gembloux Agricultural University of Belgium.
1
Vignetting on an image is uneven illumination caused by image acquisition device. It is observed as a
transition from a brighter image center to darker corners.
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Figure 3.1: Filter images of a fruit. Left to right: 450, 500, 750, and 800nm filters.
Therefore, readers concerned in more details about image acquisition and database can refer
to the works of Kleynen et al. [55, 56].

3.3

Database

Database consists of images of 819 Jonagold variety apples, which were manually placed in
the view of camera (Table 3.1). 280 of the images contain only healthy skin in view. 293
images are of stems or calyxes with various orientations with respect to the camera view.
The rest of the images (246) have defects of various sizes and kinds (Table 3.2). Most of these
defect types are natural damages (except some of the bruises) that are caused by several
factors like pre-harvest conditions (environment, genetics, nutrition, improper pesticides),
harvest and handling factors (packing, storage, shipment) and post-harvest storage. Bruise
defects in the database can be grouped as old (6 fruits) and recent (49 fruits) ones, where
the former included natural bruises most of which were clearly visible. Whereas the latter
are artificially produced by dropping fruit from 30 cm height onto a steel plate and imaging
them about 1-2 hours after impact. Note that, damaged skin is not visible until bruise is
fully-developed, which takes about 24 hours after the impact. Consequently, recent bruises
were included in the database in order to evaluate if we can detect bruises that are not yet
fully-developed?

healthy view only
stem in view
calyx in view
defect in view
whole database

quantity
280
148
145
246
819

Table 3.1: Image database.
Apple samples used in this work came from three different sources: Orchard of Gembloux
Agricultural University, a private orchard in Gembloux and Belgische Fruit Veiling auction
in St. Truiden. Jonagold variety is chosen, instead of mono-colored ones, because of two
reasons: First, Jonagold variety apples are among the most produced ones in Belgium [56]
and secondly they have bi-colored skin causing more difficulties in segmentation of objects
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defect type
bruise (meurtrissure)
flesh damage (chair endommagée)
frost damage (dégât de gel)
hail (dégât de grêle)
hail with perforation (dégât de grêle avec perforation)
limb rub (frottement)
other, e.g. scar tissue (tissu cicatriciel)
rot (pourriture)
russet (roussissure)
scald (brûlure)
total

quantity
55
24
11
16
31
7
20
23
42
17
246

Table 3.2: Defect types observed in the database. Defect names in French are also displayed
in parenthesis.
due to color transition areas. RGB images of some fruits can be observed in Figure 3.2.

Figure 3.2: Examples of original RGB images. Defected apples above and apples with
healthy skin, calyx, stem, respectively below.
In order to serve as reference, defected areas of apples within the database were manually
segmented by O. Kleynen from the Mechanics and Construction Department of Gembloux
Agricultural University of Belgium. Moreover, we have also manually segmented stem and
calyx regions in the images of the database. These two groups of manual segmentations
will be referred as theoretical segmentations in this work. Figures 3.3 and 3.4 display
some examples from the database with related theoretical segmentations. As observed from
these figures, surface defects of apples highly vary in shape (elongated versus compact), size
(small versus large), texture (homogeneous versus heterogeneous) and spectral characteristics among themselves. Concerning spectral characteristics, some defects are clearly visible
at certain spectral ranges (like flesh and frost damages at 450-500nm, or rot at 750-800nm),
while others are either clear (like limb rub) or indistinct (like scald) at all ranges. Even this
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crude visual observation shows that segmentation of surface defects of apples by machine
vision will be extremely problematic.
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450nm

500nm

750nm

800nm

segmentation

Figure 3.3: Examples of apple images and related theoretical segmentations-1. First four
columns present images from different filters, while the last one shows corresponding theoretical segmentations. Rows display apples with different defect types (Top to bottom:
bruise, flesh damage, frost damage, hail, hail with perforation, limb rub and other).
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450nm

500nm

750nm

800nm

segmentation

Figure 3.4: Examples of apple images and related theoretical segmentations-2. First four
columns present images from different filters, while the last one shows corresponding theoretical segmentations. Rows display apples with different defect types, stem or calyx (Top
to bottom: rot, russet, scald, stem and calyx).
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Chapter 4

Stem and Calyx Recognition
4.1

Introduction

In apple fruit, stem and calyx areas highly resemble surface defects in appearance. This
resemblance may lead to incorrect grading of fruit if they are not accurately discriminated
by sorting systems.
In order to recognize SCs, researchers have introduced different approaches based on
mechanical solutions, spectral reflectance and machine vision. Mechanical systems try to
orient the fruit along stem-calyx axis during grading, however reliable adjustment and
preservation of this orientation while acquiring images of whole apple surface is problematic.
Spectral reflectance approaches try to find the spectral range that discriminates SCs from
surface defects at most, but they do not provide information on defect size. Thus, they are
not sufficient by themselves. Machine vision-based solutions include different equipment
like special illuminators or cameras, and image processing techniques like statistical pattern
recognition methods and artificial neural networks.
Here we introduce a system to recognize SCs of apple fruit by image processing and pattern recognition. The system is based on segmentation of candidate SCs from fruit images,
feature extraction/selection and a classification step to permit final decision. Classification
is repeated by several classifiers leading to comparative results and discussion1 .

4.2

Stem and Calyx Recognition

The proposed system to recognize SCs of Jonagold apples is composed of the following
steps: background removal, object segmentation, feature extraction, feature selection and
classification as in Figure 4.1. Before explaining these steps in the succeeding subsections,
it has to be stated that this whole system is fully automatic and in order to decrease
computational expense, sizes of the images are first reduced to 128x128 pixels by nearest
neighbor method.
1

Results in this chapter are partially presented in the following scientific articles [112, 113].
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Figure 4.1: Architecture of the proposed stem/calyx recognition system

4.2.1

Background Removal

The database is composed of images of apple views on a dark, uniform colored (i.e. low
intensity) background. Therefore, fruit area can be separated from background by thresholding the 750nm filter image at intensity value of 30 (≈ 11, 77 %). Our visual observations
have shown that fixed thresholding can remove low intensity regions like some defects, stems
or calyxes. Hence, a morphological filling operation is applied to remove holes in fruit area
caused by thresholding.

4.2.2

Object Segmentation

Vignetting on the images was removed with flat field correction by Kleynen et al. [56].
However, our initial segmentation efforts revealed that segmentation was problematic at
the far edges of fruit probably due to the still-existing illumination artifacts. Therefore,
after background removal, fruit area is eroded by a rectangular structuring element of size
adaptive to fruit size. Figure 4.2 displays an example of this erosion process. Output binary
image of erosion step is actually our region-of-interest (roi) or region-of-inspection, in other
words. Note that far edges of fruit area are removed from roi and will not be inspected,
which is not preferred because a visual inspection system has to examine full surface of the
aimed object to be reliable. Although, current images of our database are from one-view,
an ideal inspection system will hopefully overcome this limitation by inspecting full surface
of fruit by multiple views.
The roi is then used as a mask to compute average (ρ) and standard deviation (²) of
intensity values of fruit. Subsequently, segmentation of objects (candidate SCs) is done by
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Figure 4.2: Illustration of the erosion process on the left and the corresponding result (roi)
on the right. Images are displayed in a rectangular data grid to ease comparison.
thresholding the masked fruit area with
T0 = ρ − 2 ∗ ²

(4.2.1)

where pixels with intensity less than T0 are believed to belong to an object. Finally, an
adaptive spatial cleaning operation is applied to remove very small (smaller than 1 % of
roi) objects and refine segmentation. Hence, the result is a binary segmentation image of
candidate SCs.

4.2.3

Feature Extraction

An ideal feature extractor should produce representations of objects to be classified as good
as possible, and thus make the job of classifier as trivial as possible [33]. Moreover, an
inspection system has to be very rapid to cope with the industry, which means features to
be extracted should be computationally cheap. Therefore, 7 statistical, 1 textural, and 3
shape features are extracted from each segmented object (Figure 4.3). As statistical and
textural ones depend on pixel intensity values, their computation is repeated with each filter
image (producing (7 + 1) × 4 = 32 features). In the end, each object is represented by a
total of 35 features.
Performance of a classifier will be biased if the features it uses are not scaled properly.
Hence, features are normalized to have a mean of 0 and standard deviation of 1 (except for
decision trees, because their accuracies degraded after normalization).

4.2.4

Feature Selection

In real-world problems, relevant features are generally not known beforehand, which results
in extraction of several features that also include irrelevant/redundant ones. Irrelevant or
redundant features may have negative effect on accuracy of a classifier (curse of dimensionality 2 ). Furthermore, by using fewer features computation cost of the system can be
2

Exponential growth of volume as a function of dimensionality of a (mathematical) space [5].
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Figure 4.3: Details of features extracted for stem/calyx recognition. N is the number of
pixels in segmented object. pi refers to the intensity of ith pixel. Np is the number of
pixels in object perimeter. min(·) and max(·) refer to minimum and maximum of enclosed
arguments, respectively.
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significantly reduced. Therefore, feature selection is necessary to find a subset of best discriminating features by removing irrelevant/redundant ones and to reduce computational
expense.
Exhaustive search of feature space guarantees optimal solution, but for most of the
real-world problems it is impractical as there exists 2n possible subsets with n being the
number of features. Jain and Zongker [44] has divided statistical pattern recognition based
feature selection algorithms into the following categories: Optimal/suboptimal, deterministic/stochastic and giving single/multiple solutions. They stated that suboptimal, singlesolution, deterministic methods (also referred as “sequential” methods) are the most used
ones for performing feature selection. Methods of this category begin with single solution
and iteratively add or remove features until a termination criterion is met.
Sequential floating forward selection (SFFS) method of Pudil et al. [77], which belongs to
this category, was shown to be a good choice for SC recognition by Unay and Gosselin [111].
Therefore, SFFS method is used in this work. The algorithm starts with an empty feature
subset. At each iteration, it tentatively adds to the feature subset one feature that is not
already selected and tests the accuracy of classifier built on the tentative feature subset.
The feature that results in the lowest classification error is definitely added to the subset.
After each addition step the algorithm removes any previously added feature if its removal
decreases error. The process stops after a certain number of iterations provided by the user.
Then the user determines the optimum features subset by examining the improvement in
classification error with respect to features added at each iteration. Please note that, once
the optimum features subset is determined, there is no need to repeat this feature selection
step any more, unless a new training database is available or new features will be explored.
Hence, this step does not limit automatization of our SC recognition system.

4.2.5

Classification

Classification stage is applied to discriminate true segmentations (true SCs) from false ones
found by object segmentation step, hence it is a binary decision. The task of a classifier
is to assign an object to a category using features. An ideal (omnipotent) classifier should
not be in need of a sophisticated feature extractor [33]. However, it is not possible to
find an omnipotent classifier that can solve all real-world problems in reality. Therefore,
researchers concentrate on the goal of finding task-specific classifiers that should be as robust
and accurate as possible. This goal can only be accomplished by comparing performances
of several classifiers for the same task, which is lacking in the area of SC recognition.
Classifiers can be grouped into four categories: Statistical, syntactical, artificial neural
networks and resampling-based, which are divided into further sub-categories. We chose the
classifiers for SC recognition with the aim of covering this taxonomy as much as possible.
Table 4.1 displays these classifiers, all of which are supervised. Supervised ones are chosen
because supervision, which is achieved through labelled learning samples, mostly increases
classification accuracy with respect to unsupervised version. Note that the classifiers as
well as the taxonomy are explained in detail in Appendix A. Therefore, we will present
only simple explanations here. Statistical-discriminative classifiers try to find a decision
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boundary that separates data into classes. Linear Discriminant Classifier (LDC) assumes
that the decision boundary is linear. Support Vector Machines (SVM) map data to a highdimensional space and then recover the decision boundary. Statistical-partitioning classifiers
try to assign similar patterns to the same class. Nearest Neighbor (k-NN) classifier puts a
sample to the class that is most represented among nearest neighbors of that sample. Fuzzy
Nearest Neighbor (fuzzy k-NN) works similar to k-NN, but benefits from a fuzzy decision
based on the distances of nearest neighbors. Syntactical-decision tree classifiers try to build
a classification tree subject to a hierarchical understanding. During tree construction, Classification and Regression Trees (CART) use Gini impurity as splitting criterion, while C4.5
exploits entropy. Resampling-based approaches reuse data in order to improve classification.
Adaptive Boosting (“AdaBoost”3 ) method attempts in finding decision boundary based on
several weak learners4 that are assembled by boosting method. Other than these, artificial
neural networks like multi-layer perceptrons are also tested, however convergence during
training was not met despite different settings. Hence, they will not be discussed anymore.
category

sub-category
discriminative

statistical
partitioning
syntactical

decision tree

resampling-based

boosting

classifier
Linear Discriminant Classifier (LDC)
Support Vector Machines (SVM)
Nearest Neighbor (k-NN)
Fuzzy Nearest Neighbor (fuzzy k-NN)
Classification and Regression Trees (CART)
C4.5
Adaptive Boosting (“AdaBoost”)

Table 4.1: Classifiers used for stem/calyx recognition tests.
Performance estimation of the classification process is measured by k-fold cross-validation
method, which works as follows: First dataset is partitioned into k non-overlapping subsets.
Then each subset is used for testing, while remaining k-1 ones are used for training. Classification error is the average error rate of k tests. Advantage of k-fold cross-validation is
that all samples of dataset are eventually used for both training and testing. A high k value
will result in a very accurate estimator, but computational expense will be also high. So,
k=5 is chosen for the classification tests. Furthermore, samples of the dataset are randomly
ordered before being introduced to the classifier, to permit recognition unbiased to sample
order.
In this research, libraries of Canu et al. [18], Rätsch et al. [79] and Quinlan [78] are
used for SVM, “AdaBoost” and C4.5 classifications, respectively. The proposed system is
implemented with C and Matlab 6 R12.1 environment [43] and tested on a Intel Pentium
IV machine with 1.5 GHz CPU and 256 MB memory.
3

“AdaBoost” is sometimes referred to as a meta-classifier instead of a classifier, because it is composed
of ensemble of weak learners. In order to emphasize this point, it is enclosed in quotation marks.
4
A weak learner is a learning algorithm that has an accuracy better than random guessing.
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4.3
4.3.1

Results and Discussion
Results of Segmentation

Background removal and object segmentation processes are applied on each four filter images
individually and observations showed that results of 750nm filter images were visually equal
or superior than those of others. Therefore, results of 750nm filter image are manually
classified as true (segmented object is from a SC) or false SCs (segmented object is not from
any SCs). Table 4.2 shows result of this manual classification. A promising observation is
that, none of the SCs in the images of stems or calyxes are missed by object segmentation
step. On the other hand, a significant amount of false SCs from healthy and defected images
are also segmented. Examples of segmentations can be seen in Figure 4.4, where contours
of segmented objects are displayed over 750nm filter images. As seen, segmentation results
are generally acceptable. However, objects are sometimes partially segmented either due to
high color variation (top-right image) or as a result of binary erosion (bottom-center image).
There are also some false SCs like in the bottom-left and bottom-right examples, where the
former is a healthy skin and the latter is a defected one5 . Therefore, results of object
segmentation should be further refined by classification step to remove false segmentations.

Figure 4.4: Examples of candidate stems/calyxes segmented. Contours of segmented objects
displayed over 750nm filter images.

4.3.2

Analysis of Features

In an ideal pattern recognition system, features should be correlated with output classes,
but uncorrelated with each other to have a robust, accurate system. In reality, however,
extracted features are almost always correlated in themselves. Furthermore, sometimes
correlation between features is unavoidable or even necessary. For example, in colored
5

At this point, following question may rise in our minds: if a more sophisticated segmentation method
than thresholding was used, would it yield more precise results? In [107], we presented a work with multipleclassifiers to recognize SCs where segmentation was performed by an artificial neural network. Results of
that work showed that, despite the sophisticated segmentation method used, partial/false segmentations
were unavoidable.
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healthy view only
stem in view
calyx in view
defect in view
whole database

# of segmented objects
true SC
false SC
39
105
148
N/A
145
N/A
95
150
427
255

Table 4.2: Manual classification of candidate stems/calyxes. N/A refers to lack of information.
images a pixel is represented by 3 different gray values that are correlated and removing
even one of them can degrade performance of a system that uses color information.
In order to reveal an insight over the mutual relationship between the features and
output class, pairwise linear correlations are computed using Pearson’s formula:
Pn
(fi,k − f i )(fj,k − f j )
(4.3.1)
rfi fj = k=1
(n − 1)σfi σfj
where f i and f j are sample means and σfi and σfj are sample standard deviations of features
fi and fj with i, j = 1, 2, . . . 35. n refers to the total number of segmented objects. The
computed rfi fj value varies from -1 to +1 and gives a quantitative idea of the dependency
of the two features. A value of 0 suggests no linear correlation, whereas those closer to
-1 or +1 means negative or positive correlation, respectively. The arbitrary categories in
Table 4.3 may further assist to interpret a calculated rfi fj value.
correlation type
strong
moderate
weak
not reliable

|r|
1.00-0.85
0.84-0.75
0.74-0.60
0.59-0.00

Table 4.3: Arbitrary categories for the strength of a correlation coefficient. |r| refers to the
absolute value of a Pearson correlation coefficient (rfi fj ).
As the number of features are 35, Pearson’s pairwise correlations form a matrix of 35x35.
Display and analysis of such a big matrix is not trivial most of the time. Hence, researchers
use visualization methods to graphically represent such matrices. Heat map (proximity
matrix map [20]) is one of the popular visualization methods typically used in Molecular
Biology for applications such as gene expression [34, 70]. A heat map is a rectangle of cells,
where each cell is color-coded according to the numerical value of the corresponding matrix
element.
Figure 4.5 displays the heat map created for the Pearson correlation matrix of the features using gray color spectrum. A priori, as filters are interrelated in the electromagnetic
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spectrum, we may observe mutual relation between measurements of a feature from different
filters, which we call between-filter correlation. Note that, strength of between-filter correlation will probably depend on the distance between spectrum ranges those filters cover.
Furthermore, measurements from same feature group (statistical, textural and shape) may
be correlated with each other: within-feature group correlation. When we take a look at
the heat map in Figure 4.5, we observe strong between-filter correlation in textural features (φ1 ). In statistical features we observe moderate or strong correlations between 450
and 500nm values (e.g. µ-450nm versus µ-500nm) and between 750 and 800nm ones (e.g.
σ-750nm versus σ-800nm) with the exception of skewness and kurtosis ones. Concerning
within-feature group correlations, some of the statistical features are also correlated with
each other. For example, average, minimum and maximum features are moderately or
strongly correlated, as well as standard deviation and gradient ones. These relations are
coherent in the sense that the correlated features reveal similar properties of histograms
of objects (average, minimum and maximum unveil arithmetic center and outliers of histogram, while standard deviation and gradient is related to the width of it). Shape features,
on the other hand, demonstrate weak to not reliable correlations.
Even though the above analysis unveils only linear relationships between features (due
to the Pearson’s correlation coefficient), we can still make some generalizations on mutual
importance of features that may be useful to understand results of subsequent feature selection process. Between-filter analysis shows that texture feature (φ1 ) is strongly correlated,
hence measurement from one filter (possibly 750 or 800nm) may be enough for SC recognition. Finally, some of the statistical features may be discarded, because they are correlated
with each other according to the between-feature group analysis.

4.3.3

Results without Feature Selection

In order to find optimum parameters for classifiers, as an initial test, feature selection step
is by-passed and all features are introduced to the classifiers. Several values for parameters
are tested; such as 1 ≤ k ≤ 15 for k-NN and fuzzy k-NN; 2 ≤ tmax ≤ 50 (number of weak
learners), e−1 ≤ λ ≤ e−12 (regularization parameter) and various number of iterations for
“AdaBoost”; three kernel functions with several parameters, 1 ≤ C ≤ ∞ (upper-bound
for Lagrangian multipliers) and e−1 ≤ λ ≤ e−14 (conditioning parameter of quadratic
programming method) for SVM; 1 ≤ minimum split size ≤ 20 for CART and C4.5; and
0 ≤ CF ≤ 1 (certainty factor) for C4.5.
Figure 4.6 displays the results of these several tests as a function of true positive (tpr)
and false positive rates (fpr), where the former is the ratio of true SCs that are correctly
recognized and the latter is related to the ratio of false SCs missed. Diagonal between
perfect recognition (tpr=1 & fpr=0) and perfect rejection (tpr=0 & fpr=1) is also displayed
to ease comparison (Please note that perfect rejection point is not visible in the figure due
to scaling performed to ease observation). Classifier laying in the left-top most part of such
a graph is said to be the best, because it presents the highest tpr and the lowest fpr. As
observed, LDC exhibits low fpr together with relatively low tpr. Results of k-NN classifier
are generally higher in tpr value than those of fuzzy k-NN. Decision trees (CART and C4.5)
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Figure 4.5: Heat map of pairwise correlations of features and output class used for
stem/calyx recognition. As the color of a cell gets darker, the degree of correlation between the two corresponding features increase. At the extreme cases, a black cell means the
two features are fully correlated, whereas a white one indicates no correlation.
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Figure 4.6: Performances of classifiers for stem/calyx recognition with various parameters.
have lower fpr and tpr rates than nearest neighbor classifiers (k-NN and fuzzy k-NN), where
C4.5 beats CART in tpr rate. SVM and “AdaBoost” perform better than all others, where
the former slightly outperforms the latter. From this test optimum parameters for each
classifier are observed as; k = 5 for k-NN and fuzzy k-NN, tmax = 4, λ = 1e−6 and 10
iterations for “AdaBoost”, gaussian RBF kernel with γ = 5, C = ∞ and λ = 1e−2 for
SVM, minimum split size = 9 for CART and C4.5, and CF = 0.25 for C4.5.

4.3.4

Results with Feature Selection

Theoretically, feature selection process prevents a classifier from degradation due to curse
of dimensionality. But, is it really the case in reality? In order to have an insight into the
dimensionality problem of our approach, effect of feature number on accuracy of classifiers
is explored. For each number of feature (k), 100 different subsets6 from Cnk combinations7
are formed by random selection of features (n=35), these subsets are then introduced to
the classifier (optimum parameters used) and accuracies are noted. Our small database
did not allow us to create an independent test set, hence testing is again performed by
k-fold cross-validation method that permits separate training and testing subsets for each
fold. This test is repeated with each classifier, but only the result of SVM is presented
(Figure 4.7) because classifiers performed similarly. As observed, classification accuracy has
a logarithmic relation with the number of features. After about 12 features SVM reaches
its highest performance and addition of extra features does not effect accuracy much. This
test shows that system can perform equally well with much less features than using all and
that feature selection process should be employed.
6
7

If number
subsets are less than 100, then all possible subsets are used.
¡ ¢ of possible
n!
Cnk = nk = (n−k)!k!
: number of ways of picking k unordered outcomes from n possibilities.
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Figure 4.7: An insight into the dimensionality problem of stem/calyx recognition using
SVM.

Consequently, classifiers with the optimum parameters are used together with SFFS
method (instead of random selection) to observe effect of a well-known feature selection
algorithm on classification accuracy. k-Fold cross-validation method is employed again to
overcome the inefficiency of our small database. Note that features of Figure 4.3, extracted
from each segmented object, are used once more in this test. Figure 4.8 shows the evaluation
of overall recognition rate for each classifier with number of features added. Recognition
rates of classifiers exhibit a reasonably logarithmic relation with the number of features.
After about 8 features, they all reach to their plateau of highest recognition rate. Classifiers
can be sorted from worst to best as LDC, fuzzy k-NN, C4.5, k-NN, CART, “AdaBoost” and
SVM, respectively. This sorting is consistent with the previous results with the exception of
C4.5, which performs slightly poorer than k-NN and CART. A reason for this inconsistency
may be due to the feature selection method, which is known to find sub-optimal solutions.
Besides, decision tree algorithms are less sensitive to feature selection after 9 features probably due to their built-in feature selection property. Highest recognition rate is observed
by SVM with 9 features out of 35.
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Figure 4.8: Effect of feature selection on recognition rates of classifiers for stem/calyx
recognition.
Statistical significance tests
Performance of machine learning systems are evaluated by comparing their recognition rates
(like we did until now). However, “How significant (and to what degree) is this evaluation?”
is a quickly arising question. Statistical significance tests are methods that can give an
answer to this question. McNemar’s test [35], assuming that systems are tested on the
same data, is an appropriate nonparametric statistical method for this task [25, 30, 85].
Let’s assume, two systems A and B are trained, and then evaluated on the same test set.
The null hypothesis states that systems have the same error rate, while alternative hypothesis
defends the opposite. McNemar’s value is computed by
McNemar’s value =

(|n01 − n10 | − 1)2
n01 + n10

(4.3.2)

where n01 and n10 refer to the number of samples misclassified by system A but not by
B and by system B but not by A, respectively. This test is based on a χ2 distribution
with one degree of freedom, where the critical value with 5 % significance level (χ2(1,0.95) ) is
3.8415 [12]. Hence, if McNemar’s value is greater than 3.8415, then the null hypothesis is
false and the two systems are said to be different with 0.05 level of significance.
McNemar’s statistical test is used to compare performances of classifiers with their
corresponding optimum features subsets. Table 4.4 displays McNemar’s values computed
for each pair of classifiers that are sorted in descending order based on recognition rates.
In general, adjacent classifiers in terms of recognition are indifferent, while those apart are
significantly different. SVM result, which is the best, is significantly different from all others
but not from CART. This indicates that even though there exists a 2 % difference between
their accuracies, SVM and CART are statistically indifferent probably because they realize
false recognitions on same samples. Consequently, “AdaBoost” and SVM perform similarly,
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but their results are significantly different probably because they do make errors on different
samples.
Results of SVM after feature selection
As SVM is the best performer and its results are significantly different from those of others,
detailed recognition results for SVM with its optimum features are presented in Table 4.5.
Average, standard deviation, maximum, invariant moment and area features are found to
be discriminative enough among all features. In addition, absence of features measured
from 500nm filter image in the optimum subset, makes us believe that this filter image is
less important than others in SC recognition. 98 % of tpr and 9 % of fpr rates for the
whole database indicate that type-I (true SCs missed) and type-II (false SCs classified as
SC) errors are 2 % and 9 %, respectively. This difference is even more significant as the
number of false SCs are lower than that of true ones (see Table 4.2). Based on our visual
observations, we believe this is due to the large variation between false SCs. SC regions
in the images of healthy database are correctly recognized with a rate of 85 %. In stem
and calyx databases 99 % and 100 % of SCs are correctly recognized, respectively, and only
13 % of the defects were classified as SC. These rates show significant improvement with
respect to the inspiring results of Kleynen et al. [56], who stated 91 %, 92 %, and 17 %
rates for the same task and databases, respectively. Despite these compelling improvements,
pattern recognition methods are known to be dependent on training samples. Hence, the
proposed method should be further tested by a new set of test samples to acknowledge its
performance.
Observations over misclassifications of SVM
Figure 4.9 shows some of the objects misclassified by the proposed system. Our thorough
observation of the missed objects reveals that:
1. if a true SC is located far from the center of fruit (close to the edges), then it has high
probability to be misclassified (two top-left images).
2. if two or more objects are touching, then they are likely to be misclassified (top-right
image).
3. if an object is partially segmented due to erosion, then it will possibly be incorrectly
recognized (top-left image).
4. low-contrast defects are most likely to be recognized as SCs (images below).
5. hail damage with perforation and frost damage types of defects are among the most
puzzling ones to discriminate from true SCs (two bottom-left images).
6. bruises, russets and hail damages without perforation are not confused with SCs at
all.
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SVM
(95.0 %)
-

“AdaBoost”
(94.6 %)
4.7805
-

CART
(93.1 %)
1.8868
0.1667
-

k-NN
(92.8 %)
4.1702
0.0200
0.1667
-

C4.5
(92.1 %)
7.8478
0.3404
1.0492
0.3019
-

fuzzy k-NN
(90.8 %)
16.0000
3.6739
4.3788
4.2250
1.0847
-

LDC
(89.4 %)
26.2241
8.8615
9.9241
8.8615
4.6282
1.2346
-

Table 4.4: Comparison of classifiers with optimum features subsets for stem/calyx recognition by McNemar statistics.
Numbers indicate McNemar’s value, which is written in bold if two classifiers are significantly different by level of 0.05.

classifiers
(recognition rate)
SVM
“AdaBoost”
CART
k-NN
C4.5
fuzzy k-NN
LDC

fruits with
tpr (%)
fpr (%)
healthy view only
85
3
stem in view
99
N/A
calyx in view
100
N/A
defect in view
97
13
whole database
98
9
features: µ-450nm,σ-450nm,µ-750nm,max-750nm,
σ-750nm,φ1 -750nm,max-800nm,σ-800nm,S
Table 4.5: Recognition result of best feature subset of SFFS method for SC recognition by
SVM. Features are from those displayed in Figure 4.3. ‘tpr’ and ‘fpr’ refer to percentages
of correctly found SCs and falsely classified objects that are not SCs, respectively.

Figure 4.9: Some misclassifications observed by the proposed stem/calyx recognition system.
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4.4

Conclusion

External quality grading of apple fruits by machine vision is still an open, tedious and
challenging problem. Accuracy of this task depends on several sub-tasks, one of which is
precise recognition of stem and calyx areas.
In this chapter we introduced a novel work to recognize stem, calyx regions in Jonagold
variety apples. The method consists of background removal, segmentation, features extraction/selection and classifier-based recognition steps. 750nm filter image is found to be the
best for background removal and segmentation stages, where the latter calculates statistical
measures from the fruit area and then segments objects by globally adaptive thresholding.
Statistical, textural and shape features are extracted from each segmented object and linear
correlation analysis of these features and output class is performed. Observations revealed
that some features were correlated within-filter or between-feature group, which suggested
that they will probably be discarded by feature selection process.
After correlation analysis, all features are introduced to the classifiers without any feature selection. Five statistical (LDC, k-NN, fuzzy k-NN, “AdaBoost” and SVM) and two
syntactical (CART and C4.5) classifiers are tested with several parameter values for fine
tuning to have optimum performance. SVM classifier gave the best performance in terms
of true positive and false positive rates.
In order to explore necessity of feature selection for our system, features are randomly
selected and performances of classifiers are observed. Results indicated that classifiers can
perform equally well with a reduced feature set. Consequently, for the purpose of removing
irrelevant or redundant features, sequential floating forward selection method is tried with
each classifier. Results showed that SVM is again the best choice among the classifiers
tested.
Statistical significance of recognition results performed by classifiers with optimum features subsets is also evaluated using McNemar’s test. Observations indicate that SVM is
statistically different from most other classifiers with 0.05 significance level.
After significance analysis, selected features and performance of SVM are analyzed.
Feature selection method removed 26 irrelevant/redundant features out of 35, resulting
in a slightly higher recognition rate. Selected features revealed that minimum, gradient,
skewness, kurtosis, perimeter and circularity features do not bring relevant information
for classification. Moreover, features calculated from 500nm filter image are not valuable
enough to be selected. By the selected feature subset 99 % of stems and 100 % of calyxes
are accurately recognized, and only 13 % of defects are misclassified as SC. Finally, these
rates show that the SVM-based method we proposed provides improved recognition relative
to the literature.
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Chapter 5

Defects Segmentation
5.1

Introduction

Apple fruit is susceptible to numerous kinds of injuries that affect its quality. External
injuries, specifically, appear on the surface of fruit and directly affect consumers’ perception.
Thus, their detection is essential for the fresh fruit market.
State-of-the-art for external defect detection of apple fruit includes several works using
different sensing technology, among which visible/NIR imaging is dominant because of its
low cost and high speed. Defect detection requires accurate segmentation first of all. In order
to segment defects on visible/NIR images researchers used different techniques based on
thresholding, region or classification. However most works used either global thresholdingbased approaches or Bayesian classification methods.
In this chapter, we introduce an original comparative work on external defect segmentation of apple fruit at pixel level by pattern recognition. Segmentation techniques employed
widely vary from global thresholding approaches to local ones and from statistical classifiers
to artificial neural networks and decision trees. Several tests are performed with different
evaluation measures to unveil the best technique for external defect segmentation of apples
in terms of speed and accuracy1 .
1

Some results of this chapter are submitted to a scientific journal [106].
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5.2

Pixel-wise Defect Segmentation

In order to segment external defects of Jonagold apples, we will use the system architecture
displayed in Figure 5.1. First, we will define a region-of-interest for the fruit to be inspected.
Then, we will extract features and perform defect detection at pixel-level. Result will be
refined by removing stem/calyx areas using the method explained in the previous chapter
(Chp. 4). Finally, we will compare the result with corresponding theoretical segmentation and evaluate performance using different measures. Note that, this whole process is
automatic, hence no user interaction is needed.

Figure 5.1: Architecture of the system used for defect segmentation.

56

5.2.1

Region-of-interest Definition

In order to define the region-of-interest (roi ) that encloses the fruit area to be inspected,
we successively perform background removal and adaptive erosion processes same as in our
stem/calyx recognition work. Hence, for the details you can refer to Subsections 4.2.1 and
4.2.2 of Chapter 4. Erosion process is necessary, because our initial attempts showed that
defect segmentation was erroneous at the far edges of fruit most likely due to illumination
artifacts. Eventually, resultant roi defines the zone of inspection for each fruit.

5.2.2

Feature Extraction

Segmentation of defects at pixel level requires each pixel within the roi to be represented by
features. Thus, intensity values within the tested neighborhood of each pixel from four filter
images form its local features. Different neighborhoods tested in this work are displayed
in Figure 5.2. As the neighborhood size increases, the amount of data to be processed for
segmentation increases exponentially. Preliminary tests showed that neighborhoods having
greater than 8 neighbor-pixels produced extremely overloaded computations and therefore
were not tested. Previous work presented by Unay and Gosselin [108] showed that an
additional local feature (relative distance) related to pixels’ location relative to geometric
center of roi improved segmentation of defects on the same database.

Figure 5.2: Neighborhoods tested for defect segmentation.
In addition to the local features, average and standard deviation of intensity values of
center pixels over the roi are also calculated from each filter image, making up the global
features. Hence, each pixel is represented by 13 + 4 × n features in the feature space, where
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n refers to the number of neighbor-pixels used (Table 5.1). Feature values are normalized
to fall into the range of [-1,+1] before being introduced to the defect detection step (except
for decision trees, because their performances were superior without normalization).
category
local
global

notation
p1 -450∼800nm
pi -450∼800nm
relative distance
µroi -450∼800nm
σroi -450∼800nm

description
intensity of center pixel
intensity of n neighbor pixels(i = 2, . . . , n + 1)
pixel’s location relative to roi center
average of intensities in roi
standard deviation of intensities in roi

quantity
4
4×n
1
4
4

Table 5.1: Details of features extracted for defect segmentation.

5.2.3

Defect Detection

Segmentation of defects are achieved by several methods, which can be observed in Table
5.2. These methods will be briefly explained in the following sections.
Thresholding-based
Thresholding can be applied globally or locally, i.e. within a neighborhood of each pixel [103].
Three global thresholding techniques are tested for defect segmentation in this work : Entropy [48] tries to maximize class entropies, Isodata [83] is an iterative scheme based on
two-class Gaussian mixture models and Otsu [75] focuses on minimizing weighted sum of
inter-class variances2 .
Local techniques work well if the sizes of objects searched do not vary much, which is
unfortunately not the case for defects of apples. Hence, only Niblack ’s method [74], which
adapts threshold to the local mean and standard deviation, is tested. Size of neighborhood
used is 23-by-23 pixels, which is found optimum after several trials.
Thresholding techniques are applicable on gray-level images. However in a multispectral
imaging system providing multiple images per object, one can combine filter images to get
2

Recall that, minimizing inter-class variances is similar to maximizing between-class variances [90].
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local

global

category

ANN

syntactical

statistical

category

recurrent

competitive

feed-forward

decision trees

partitioning

discriminative

sub-category

Quadratic Discriminant Classifier (QDC)

supervised

supervised

unsupervised

supervised

supervised

Elman Neural Networks (ENN)

Learning Vector Quantizers (LVQ)

Self-Organizing Feature Maps (SOM)

Competitive Neural Networks (CNN)

Cascade Forward Neural Networks (CFNN)

Multi Layer Perceptrons (MLP)

Perceptron

C4.5

Classification and Regression Trees (CART)

k-Means
Nearest Neighbor (k-NN)

supervised

Support Vector Machines (SVM)

Logistic Regression (LR)
unsupervised

supervised

Linear Discriminant Classifier (LDC)

method

classification-based
learning

Table 5.2: Methods tested for defect segmentation. ANN: Artificial Neural Network.

Niblack

Entropy

Isodata

Otsu

method

thresholding-based

a final gray-level image or select one of them by a criterion. As revealing the optimal
combination is arduous, in this work we consider using filter images separately.

Classification-based
Numerous classifiers with different architectures, learning types, assumptions,. . . are used
for defect segmentation in this work. Some of these classifiers have already been tested
in our stem/calyx recognition system and thus explained in Section 4.2.5. Hence, we will
only introduce classifiers that are not explained before. This introduction will be a simple
one, because detailed explanations of classifiers used for defect segmentation are provided
in Appendix A.
Classifiers used for defect segmentation can be categorized into statistical ones (discriminative or partitioning approaches), syntactical ones (decision trees) and artificial neural
networks (feed-forward, competitive or recurrent), as observed in Table 5.2. Besides this
taxonomy, they can be grouped as supervised or unsupervised depending on labelled or
unlabelled training samples, respectively [33]. Guidance through labels makes supervised
classifiers generally more promising than others (with the compromise of arduous labelling
process). But it is also known that visual characteristics of apples can vary as seasons
change, which means characteristics of defected and healthy skin can change slowly with
time. Adaptation of supervised classifiers to such changes requires training with labelled
data each season/year. On the other hand, unsupervised methods require no labelling, and
thus may be more robust in long term. To clarify this point, unsupervised classifiers as well
as supervised ones are tested.
In addition to some of the statistical (LDC, SVM and k-NN) and syntactical (CART and
C4.5) classifiers used in SC recognition, three more statistical classifiers are employed for
defect segmentation: Quadratic Discriminant Classifier (QDC), Logistic Regression (LR)
and k-means. QDC and LR are supervised discriminative approaches, where the former
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assumes samples are separable by a hyper-quadratic boundary (instead of linear boundary
in LDC) and the latter minimizes logarithm of the likelihood ratio of samples. k-Means
is an unsupervised statistical-partitioning approach that partitions samples into k classes
by minimizing sum-of-squares between samples and the corresponding class centroid. As
segmentation aims to find defected and healthy skin, k = 2 is used.
The rest of the classifiers are from artificial neural networks (ANN) category. In feedforward ANNs, data propagation is only from input layer to output layer. Perceptron,
Multi-Layer Perceptrons (MLP) and Cascade Forward Neural Networks (CFNN) are supervised, feed-forward ANNs used. Perceptron, composed of a single neuron, is the simplest
form of ANNs that can only solve linearly separable problems. MLP performs error backpropagation, where classification errors are propagated back through the network and used
to update weights during training [41]. CFNN is similar to MLP, except that neurons of
each subsequent layer has inputs coming from not only previous layers but also input layer.
In competitive ANNs, the output neurons compete among themselves for being the one to
be activated. Three competitive ANNs employed are Competitive Neural Networks (CNN),
Learning Vector Quantizers (LVQ) and Self Organizing Feature Maps (SOM). CNN and
SOM are unsupervised approaches that can recognize groups of similar inputs, where the
latter applies data reduction by producing a similarity map of 1 or 2 dimensions. SOM used
here has a 5x8 hexagonal topology. LVQ is a supervised competitive ANN that is composed
of a competitive layer followed by a linear layer, where the former learns to classify inputs
and the latter transforms the outputs of the former into labels defined by user. Finally, Elman Neural Networks (ENN) is utilized as a recurrent ANN. It is a supervised, two-layered
network with feedback from the first layer output to the first layer input.
In each test, classifiers are trained by a training set that is constructed as follows.
Assume, m fruits of the database will be used for training, where m1 of these m fruits
belong to defect type 1, m2 of them belong to defect type 2,. . . Total number of defect types
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in our database is 10, so m = m1 + m2 + . . . + m10 . Let’s define ‘sample size’, which refers
to the number of pixels (samples) per defect type per class (healthy-defected) in a training
set. From each fruit injured by defect type 1, we randomly select
‘sample size’
m1

‘sample size’
m1

healthy and

defected pixels for training. We form the training set by repeating this selection

for each defect type. Consequently, total number of pixels in a training set is 20 times
‘sample size’. Such a procedure is employed, because it permits equal representation of
defect types and classes. Please note that, pixels used for training (and validation) and
testing never belong to the same fruit at any time in order to prevent possible forced
learning.
Cross-validation is a training method for supervised classifiers, where a portion of training set is separated as validation data and training of the classifier is done on training
set while evaluation on validation set. Among the supervised classifiers Perceptron, MLP,
CFNN and ENN permitted cross-validation, thus they are trained with this method.
All the ANNs used in this study have 2-layered architecture with 5 neurons in the hidden
layer, if not stated otherwise. Sigmoid neurons are used as long as architecture permitted.
Levenberg-Marquardt algorithm, learning rate of 0.01 and maximum epoch number of 200
are used for their training. Above parameters are found optimum after several trials.
In this work Discriminant Analysis Toolbox3 of M. Kiefte is used for QDC and LR
classification; SVM Light4 of Joachims [47] and LIBSVM [19] are utilized for SVM; Quinlan’s [78] library is used for C4.5; Matlab built-in libraries are employed for LDC, CART and
all the neural networks classifiers excluding MLP, which was implemented by B. Gosselin.
Whereas, the rest of the methods (k-means and k-NN classifiers and all the thresholding
ones) are implemented by the author. Furthermore, the whole system is implemented under
Matlab environment (version 7 R14) [43] and tested on an Intel Pentium IV machine with
3

available at http://www.mathworks.com/matlabcentral/fileexchange/ under ‘Statistics and Probability’
category
4
available at http://svmlight.joachims.org/
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1.5 GHz CPU and 256 MB memory.

5.2.4

Stem/Calyx Removal

As orientation of fruit was not controlled during image acquisition, stem and calyx parts
of apples are also visible in the images. Despite several works introduced in the literature
[22, 56, 61], discrimination of these natural parts from real defects by image processing is
still necessary. In the previous chapter (Chp. 4), we introduced a highly accurate system to
solve this problem. It starts with background removal and threshold-based object segmentation. Then, from each object statistical, textural and shape features are extracted and
introduced to an SVM classifier in order to eliminate false stems or calyxes. Therefore, once
stem/calyx regions are accurately found by this system, they are removed from segmented
areas providing a refined segmentation (Figure 5.3).

Figure 5.3: Example of stem/calyx removal. Before the removal on the left, and stem/calyx
removed on the right. Defected area displayed in white.

5.2.5

Performance Measures

Accuracy of segmentation can be evaluated by different ways depending on the level of evaluation [86, 95]. At the lowest level individual pixels are analyzed, while more applicationspecific approaches are used at higher levels (like analyzing particular group of pixels).
Low-level pixel-based measures can be formulated for defect segmentation problem (pixels
can be healthy or defected) by
True positives (TP): number of defected pixels correctly detected.
False positives (FP): number of healthy pixels incorrectly detected as defect.
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True negatives (TN): number of healthy pixels correctly detected.
False negatives (FN): number of defected pixels incorrectly detected as healthy.

In order to evaluate segmentation performance following six measures are used, where
the first is a high-level measure while others are low-level pixel-based ones.
• M-1 : This measure presents the difference between defect sizes (normalized) of theoretical and experimental results.
M-1 = |defect sizetheoretical − defect sizeexperimental |

(5.2.1)

• M-2 : It depicts recognition error by comparing experimental result with the theoretical one pixel-by-pixel.
M-2 =

FP + FN
TP + FP + TN + FN

(5.2.2)

• M-3 : Recognition error assumes that classes are equally represented, which is not
true for our case where defect sizes highly vary within the database. Hence, calculating class-specific recognition errors (M-3) and averaging them instead can be more
enlightening. If a class does not exist (e.g. no defected skin, i.e. fruit in perfect
quality), then the error is computed using the other class only.
M-3 =

FN
T P +F N

+
2

FP
T N +F P

(5.2.3)

• M-4 : Cohen’s Kappa coefficient [24]. It is a more robust measure than recognition
error, because it considers inter-class agreement [36].
M-4 =

(T P +F N )(T P +F P )+(T N +F P )(T N +F N )
T P +F P +T N +F N
(T P +F N )(T P +F P )+(T N +F P )(T N +F N )
FN) −
T P +F P +T N +F N

(T P + T N ) −
(T P + F P + T N +

(5.2.4)

• M-5 : Sensitivity. It represents the proportion of correctly detected pixels from
defected class. Hence, it focuses on defected skin.
M-5 =
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TP
TP + FN

(5.2.5)

• M-6 : Specificity. It indicates the proportion of correctly detected pixels from healthy
class, therefore it concentrates on healthy skin.
M-6 =

TN
TN + FP

(5.2.6)

Note that the first three measures focus on incorrect detections, while the rest deal with
correct ones. Hence, an accurate classifier should present low values of M-1, M-2 and M-3,
and high values of M-4, M-5 and M-6. Furthermore, these measures are calculated for each
test image, whereas evaluation of a test is estimated as the average of measures of all test
images.

5.3
5.3.1

Results and Discussion
Analysis of Features

As an initial test, frequency distributions of the feature values of training samples belonging
to each output class are visually analyzed. Figure 5.4 displays distributions of some features
of healthy and defected samples from an exemplary training set. This analysis is repeated
for several training sets that led to similar observations, thus results from only one training
set is displayed here.
Distributions of pixel intensities (first four graph) show that even though defective and
healthy samples do not share same distributions, they present large amount of overlap.
Features from 450 and 500nm depict more peaky distributions due to natural variations in
fruit skin color, while those from 750 and 800nm are smoother. Defective samples at 450 and
500nm show an extreme peak on the right, which is due to the flesh damage defects that
appear as bright spots in these filter images. Relative distance feature (bottom, middle
graph), on the other hand, shows the most distinct distributions for defect and healthy
classes, but they still largely overlap. Global features are decisive at fruit level, but not
at pixel level (samples from same fruit have same global feature values). Therefore, they
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are not discriminative by themselves, which is observed in the distribution of µroi -800nm
(bottom, right graph).
Next, mutual relationship between the extracted features are analyzed by Pearson correlation coefficient (Equation 4.3.1 in Section 4.3). Figure 5.6 shows heat map of correlations
for features of an exemplary training set computed using wp1 neighborhood (Figure 5.5).
Note that correlation analysis is repeated for all neighborhoods and several possible training
and test sets, but only heat map from one training set and wp1 neighborhood is displayed
here because observations we experienced were similar.
As observed from the heat map, center pixel (p1 ) and its neighbors (p2−5 ) are strongly
correlated with each other independent from the filter image. Furthermore, we observe
strong correlation between neighborhood pixels of 450nm and 500nm (p1−5 -450nm versus
p1−5 -500nm) and between those of 750nm and 800nm (p1−5 -750nm versus p1−5 -800nm).
This observation is coherent with the fact that wavelengths closer to each other will reveal
more similar electromagnetic properties than those further apart. Analysis on global features (µ, σ) also exhibit similar observations: features from 450nm are strongly correlated
with those from 500nm (µroi -450nm versus µroi -500nm and σroi -450nm versus σroi -500nm),
which is also true for features of 750 and 800nm (µroi -750nm versus µroi -800nm and σroi 750nm versus σroi -800nm). Finally, relative distance, also a local feature, does not depict
any strong or moderate correlation with any other feature, which is coherent because it is
related to pixel’s location while others are related to pixel’s intensity.

5.3.2

Hold-out Tests

Pixel-wise segmentation leads to excessive amount of data to be processed, which is computationally very expensive. Thus initial tests are done by hold-out method, where 12 ,

1
6

and

1
3

of the fruits of each defect type are placed in training, validation and test sets, respectively,
providing 116 fruits for training, 38 for validation and 92 for testing. This separation is
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Figure 5.4: Frequency distributions of some features used for defect segmentation. Top row, left-to-right: Graphs of pixel
intensities from 450, 500 and 750nm filter images. Bottom row, left-to-right: Graphs of pixel intensities from 800nm filter,
relative distance feature and one global feature (µroi -800nm). In each graph, frequencies (y-axis) of feature values (x-axis)
are displayed for samples belonging to defect (blue) and healthy (red) classes.

p4
p2 p1 p3
p5
Figure 5.5: wp1 neighborhood in detail.
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Figure 5.6: Heat map of pairwise correlations of features from an exemplary training set
used for defect segmentation. As the color of a cell gets darker, the degree of correlation
between the two corresponding features increase. At the extreme cases, a black cell means
the two features are fully correlated, whereas a white one indicates no correlation.
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found optimum after several trials. ‘Sample size’5 of 2000 is used in these tests.
Figures 5.7 and 5.8 show performances of all the segmentation methods measured on the
test set of hold-out evaluation. Initially, we should talk about how we can interpret these
results. The measures in Figure 5.7 concentrate on segmentation error, whereas those in
Figure 5.8 focus on segmentation accuracy. Hence, for the best method we should observe
short columns in the first figure and tall ones in the second. Notice that, classification-based
segmentation methods are re-organized as unsupervised and supervised ones in these figures
to provide readers an easier aspect for interpreting our observations.
All measures reveal that global thresholding methods are slightly better than local one
and supervised classifiers are generally more accurate than unsupervised ones with the
exception of M-5 and M-6, which is because these two measures consider either defected or
healthy skin but not both. M-1, M-2 and M-6 measures show similar results with k-means
being the worst performer, whereas results of M-3, M-4 and M-5 are somewhat different
with perceptron being the worst. Thus, it is difficult to determine best method(s), while
measures show such contradictory responses. However, observations on visual results (an
example is seen in Figure 5.9) reveal some important facts. Perceptron, assigning all pixels
as healthy, cannot segment defects at all. But it was said to perform well by M-1, M-2 and
M-6 measures. Moreover, visual results of Entropy thresholding are worse than those of
Isodata and Otsu (this observation is coherent with the results of one of our works [110]),
which is confirmed by only M-3, M-4 and M-5. Please note that, M-5 is a biased measure
because it does not consider detection on healthy skin. Hence, we are left with M-3 and
M-4 measures, which exhibit very similar results. As M-4 has a rather complicated formula
than that of M-3, we believe that M-3 (calculates weighted form of recognition error) is
a reliable measure for evaluation of segmentation performance. Graph of M-3 (Figure
5.7(c)) reveals that segmentation of supervised methods are better than the rest, except for
5

‘Sample size’ refers to the number of pixels (samples) per defect type per class selected for training.
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(c) M-3

(b) M-2

Figure 5.7: Performances of defect segmentation methods by hold-out using M-1, M-2 and M-3 evaluation measures.
Average and standard deviation of measures are displayed as columns with corresponding error bars, respectively.

(a) M-1
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(c) M-6

(b) M-5

Figure 5.8: Performances of defect segmentation methods by hold-out using M-4, M-5 and M-6 evaluation measures.
Average and standard deviation of measures are displayed as columns with corresponding error bars, respectively.

(a) M-4

perceptron. Hence, we direct our attention on the supervised classification-based methods.
Among them LVQ (competitive ANN) and k-NN (statistical, partitioning) are the worst
performers; which makes us believe that, regardless of supervised or unsupervised learning,
competitive neural networks (CNN, SOM and LVQ) and statistical-partitioning approaches
(k-means and k-NN) are relatively inaccurate for defect segmentation. Performance of QDC
is also noticeably erroneous probably due to its assumption of quadratic decision boundary.
We can sort the rest of the supervised methods from worst-to-best as syntactical-decision
trees, statistical-discriminative approaches and feed-forward and recursive artificial neural
networks. In general, average segmentation errors of LDC, SVM, MLP and CFNN are lower
than the rest. Therefore, these four classifiers are selected for further tests together with
M-3 measure.

5.3.3

Leave-one-out Tests

Leave-one-out evaluation tests a classifier’s response for each fruit, while training it with
the rest. Final error is the average of error rates of all fruits. It is said to be more reliable
than hold-out when the database is small. Although number of training samples is very
high for our case, number of fruits used is not so diverse. Therefore, leave-one-out method
is used in the following tests.
‘Sample size’ versus segmentation
First, the effect of ‘sample size’6 on segmentation performance is examined. ‘Sample size’
is varied from 800 to 4000 and the M-3 measure is calculated using LDC, SVM, MLP and
CFNN. Preliminary tests revealed that gaussian RBF kernel performed better than polynomial, thus following results include those of SVM with gaussian RBF. Figure 5.10 displays
result of this test. Note that M-3 is a performance measure based on error. Performance
of LDC, which is the worst among the four, does not depend on ‘sample size’. For the
6

‘Sample size’ refers to the number of pixels (samples) per defect type per class selected for training.
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(h) SOM

(b) Otsu

(i) k-NN

(c) Entropy

(j) LDC

(d) Niblack

(k) SVM

(e) k-Means

(l) MLP

(f) CART

Figure 5.9: Segmentations of some of the methods by hold-out on a bruised fruit. Top-left image displays theoretical
segmentation. In each image healthy skin is displayed in white color, while defected areas in gray.

(g) Perceptron

(a) Theoretical

others, error of SVM smoothly decreases as ‘sample size’ increases, whereas those of MLP
and CFNN decrease until 1600 samples and then show unstable oscillations thereafter. In
general, we can say that ‘sample size’ do not have notable impact on performances of the
classifiers. Furthermore, as ‘sample size’ increases, computational expense will also increase.
Therefore, we chose ‘sample size’ of 1800 for the next tests.

Figure 5.10: Effect of ‘sample size’ on defect segmentation by leave-one-out method. Vertical
axis shows segmentation performances of classifiers in M-3 measure. Horizontal axis shows
‘sample size’ used for training.

Neighborhood versus segmentation
In an image, intensity of a pixel and those of its neighbors are correlated. This correlation
information can be used by classifiers to improve segmentation. Thus, effects of different
neighborhoods on segmentation performance are tested (Figure 5.11). As observed, presentation of neighbors clearly decreases segmentation error for all four classifiers. However,
among the neighborhoods that provide neighbors (wp1-wp7 ) there is no specific neighborhood type that leads to better segmentation. Thus, using neighborhoods having 4 neighbors
is more logical to keep computational cost low. And also, it is believed that a pixel is more
correlated with its side-neighbors than its corner-ones. Hence, side-neighbors of pixels in
74

3-by-3 window (wp1 ) is a good choice to advance.

Figure 5.11: Segmentation performances of classifiers with different neighborhoods. Vertical
axis shows segmentation performances of classifiers in M-3 measure. Horizontal axis shows
different neighborhoods (wp0 refers to neighborhood that provides only center pixel, while
others include neighbors of it as well.)

Down-sampling versus segmentation
Fruit inspection systems have to be as rapid and accurate as possible to cope with the
demands of the industry. Unfortunately, rapidity is achieved mostly with a reduction in
accuracy. Down-sampling, for example, provides small-sized images and leads to lower
computational load (more rapid) with the compromise of higher segmentation errors (less
accurate). Hence, an optimum point should be found.
In order to test the effect of sampling on segmentation performance, original images
(430x560) are down-sampled by factors of 1, 2 and 3, and then segmentation is applied.
Down-sampling by a factor f outputs a new image with size equal to the original divided by
2f . Thus, sizes of the new images are 215x280, 107x140 and 58x70, respectively. Sampling
is achieved by averaging. Segmentation is performed using wp1 neighborhood with ‘sample
size’ of 1800. Figure 5.12 displays the results, where an increasing rise in segmentation
errors is observed as the down-sampling factor increases. Sampling by factor 1 does not
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affect segmentation. LDC is the most affected classifier with 3 % rise in error at factor 3,
whereas MLP is the least with 1.3 % rise at same factor. Regardless of down-sampling,
MLP and SVM classifiers are the two best in terms of segmentation performance.

Figure 5.12: Effect of down-sampling on defect segmentation by leave-one-out method.
Vertical axis shows segmentation performances of classifiers in M-3 measure. Horizontal
axis shows sizes of test images (from left-to-right: original image and down-sampled versions
by factors 1, 2 and 3.).

Computational expense
For the search of optimum down-sampling, further test on computation times of classifiers
has to be done. Previous tests showed that SVM and MLP are good choices for defect
segmentation on apples, hence their computational expense is considered here. Note that,
both algorithms were implemented in C language.

image size
430x560
215x280
107x140
53x70

# of samples
123662
31116
7875
1963

computational expense
SVM(ms) MLP(ms)
280341
1081
70983
290
18474
101
5038
51

Table 5.3: Maximum computation times in milliseconds (ms) observed for SVM and MLP.
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‘Sample size’ selected for training is 1800 and side-neighbors in 3-by-3 window are used
here. The fruit occupying the highest number of pixels in image space is selected for testing.
Processing times of both classifiers are measured 30 times for segmentation of this fruit and
their averages are displayed in Table 5.3. Computation times of SVM are extremely high
compared to MLP, which is due to the high number of support vectors (around 5000) found
by the algorithm. To the contrary, processing time of MLP drops under 0.3 seconds as soon
as down-sampling is applied.
More research on pruning can be done to remove redundant or less important support
vectors (SV) and have SVMs comparable to the MLP in terms of speed and accuracy.
However, relative importance of SVs is not evident to acquire in classical SVMs. One
way can be to remove SVs one-by-one and note the degradation in accuracy, which is
computationally impractical for large sets of SVs like in our case. Another solution is random
removal of SVs without considering relative importance. But, we believe randomness will
not lead to the “fast and accurate” SVM that we search for. Among several SVM algorithms
proposed in the literature, ν-SVM [89] gains our attention because it provides an intrinsic
control on the number of SVs by a parameter ν ∈ [0, 1]. In ν-SVM, the C parameter
of classical SVM is replaced by the ν parameter that defines lower and upper bounds on
the number of SVs (unlike the C parameter that provides only upper bound). Therefore,
by ν-SVM an optimum point between accuracy and number of SVs, hence speed, can be
achieved.
In Figure 5.13 we provide pruning results performed using classical SVM (c-svm) with
random removal and ν-SVM7 (nu-svm) on images down-sampled by factor 3. For comparison, corresponding result of MLP is also displayed. Graphics show segmentation performance in M-3 measure (left) and average number of SVs (right) with respect to maximum
computation times observed. As we notice, pruning generally leads to lower computations
7

LIBSVM [19] library is used for ν-SVM algorithm.
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Figure 5.13: Effect of pruning on performance of classical SVM (c-svm) and ν-SVM (nusvm) with down-sampling factor of 3. Horizontal axis show computation times in milliseconds, while vertical ones refer to segmentation error (left) and corresponding number of
SVs (right). Performance of MLP is also displayed on the left figure for comparison.
with the expense of worse segmentations. Graphic on the right shows that computation
time is linearly related to the number of SVs for both classifiers. Relation between computation time and segmentation performance (M-3) is linear for classical SVM possibly due
to randomness and non-linear for ν-SVM, where we observe higher segmentation errors as
computation time decreases. MLP clearly outperforms both classifiers. Therefore, MLP
seems more appropriate for segmentation of external defects on apple fruit.
A fruit inspection system has to process at least 10 apples per second to cope with the
industry. Moreover, inspection of whole fruit surface by machine vision requires imaging
from at least three different locations. Thus, our algorithm should process 30 images per
second. In our experimental setup, MLP (with down-sampling by 3) is observed to perform
closest to this constraint, which is not an utopia to be fulfilled by MLP considering the
massive and rapid progress of computer world.
Visual results
Figure 5.14 displays some examples of segmentation executed by MLP with wp1 neighborhood on original images and their down-sampled versions by factor of 3. Flesh damaged
skin is correctly found. There is slight over-segmentation in hail damage. Bruise and russet
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Figure 5.14: Examples of defect segmentation by MLP. Top row displays theoretical segmentations, whereas results of MLP on original images (middle row) and those down-sampled
by factor of 3 (bottom row) are shown below. In each image healthy skin is displayed
in white color, while defected areas in gray. Examples are from fruits defected by bruise
(left-most), flesh damage (mid-left), hail damage (mid-right) and russet (right-most).
defects seem more problematic with some false segmentations at the edges. But, in general,
segmentations are promising. Note that down-sampling produces loss of details at the edges
of defects and fruits.

Defect type specific comparison
In order to understand which defect types are better/worse segmented by MLP, errors for
each defect type are shown in Figure 5.15. Consistent with the visual results, segmentations
of russet are the most erroneous while those of flesh damage the least. Hail damage and
scald defects are slightly better segmented than the whole database. Average errors of the
rest are around 0.15. We observe relatively lower standard deviations for bruise and russet
defects, which is probably due to higher number of fruit samples in these types. Hence,
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we believe that if we train MLP with more fruit samples, then we will have a more robust
system.

Figure 5.15: Defects-specific segmentation performance of MLP with down-sampling factor
of 3. Columns and error bars show average and standard deviation of segmentation errors
measured by M-3, respectively. Number of apples belonging to each defect type is displayed
in parenthesis. ‘hail d. p.’ refers to hail damage with perforation and ‘all defects’ indicates
whole database.

Evaluation on healthy apples
Our observations until now showed that MLP is very promising for external defect segmentation of apple fruit. However, evaluation of an inspection system should also be tested on
healthy fruits to have a more reliable decision. Hence, performance of our MLP-based segmentation approach (wp1 neighborhood and ‘sample size’ of 1800) is tested on the images
of the healthy database (280 apples), which are down-sampled by factor of 3. Segmentation
error (M-3) on these healthy apples is measured as 0.049±0.078, whereas it was 0.152±0.134
for defected apples. As noticed, MLP is clearly more accurate on healthy fruit, but not perfect. Moreover, we observe large deviation (0.078) from average error in healthy apples,
which is mostly due to the color transition areas on fruit skin that sometimes lead to false
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segmentations. Please note that, a powerful fruit grading stage will be able to compensate
for such false segmentations and classify apples as correctly as possible.

5.3.4

Ensemble Tests

Ensemble systems are composed of several classifiers (experts) where final decision is based
on the outputs of experts. Segmentation performance of such a system can be higher than
individual performances of experts, if false segmentations of experts are different. Combinations of LDC, SVM, CFNN and MLP classifiers are used as experts, while final decision
is made by four approaches: Majority voting, averaging, LDC and single layer perceptrons.
Tests with several combinations are done, but we did not observe notable improvement in
segmentation accuracy by ensemble systems unfortunately. Besides, computational load of
ensemble systems is the sum of loads of each expert, which makes them impractical for
high-speed quality inspection. Hence, no further research is done by ensemble systems.

5.4

Conclusion

Segmentation of external defects of apples by image processing is a difficult task. Although many works are introduced for this problem, comparative studies involving different segmentation techniques are still missing. To fill this gap, several thresholding and
classification-based techniques are employed for defect segmentation on Jonagold apples in
this chapter.
The proposed system starts with region-of-interest definition, where fruit area for inspection is found. Then features are extracted for each pixel of the region-of-interest and
introduced to the segmentation technique, which performs pixel-wise detection of defects.
Segmentation results are refined by removing stem/calyx areas by the method introduced in
the previous chapter (Chp. 4). Finally, refined results are evaluated by different performance
measures.
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Pixel-wise segmentation is a computationally expensive process. Thus, initial tests are
performed by hold-out method, which divides database into separate training and test sets.
Comparative observations on segmentation performances by different measures and visual
results revealed that performance measures based on defect size (M-1), recognition error
(M-2), sensitivity (M-5) and specificity (M-6) contradict with the visual observations, and
so they are not reliable enough. The class-specific recognition rate (M-3) and Kappa (M-4)
measures, on the other hand, are very similar in general and coherent with the visual results. As equation of Kappa is relatively more complex, we concentrate on M-3 measure.
Observations reveal that performances of classifiers surpass those of thresholding methods.
Among classifiers, competitive neural networks and statistical-partitioning approaches are
found to be relatively inaccurate in general. Moreover, supervised classifiers are more accurate than unsupervised ones. Generally speaking, average segmentation errors of linear
discriminant classifier, support vector machines, multi-layer perceptrons and cascade forward neural networks are lower than the rest. Therefore, these four classifiers along with
M-3 measure are selected for further tests.

Next tests are performed using leave-one-out (more reliable than hold-out, but also
computationally more expensive) evaluation, which uses all apples for both training and
testing. Our observations show that training ‘sample size’ has no notable effect on segmentation performances of the classifiers. Segmentation is observed to be more precise
when neighbors of pixels are also used. Due to computational constraints, down-sampling
of images is necessary. But, one has to find optimum sampling factor in order to fulfill
computational constraints and have acceptable rates of segmentation errors, both of which
are application specific. In this work, even factor of 3 is found to be acceptable, because
increase in errors were quite low. In terms of segmentation accuracy multi-layer perceptrons
and support vector machines are more promising than others, where the latter suffers from
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heavy computational load due to numerous support vectors selected. Despite, all our pruning efforts to decrease number of support vectors, support vector machines cannot compete
with multi-layer perceptrons in terms of segmentation accuracy and computational expense.
Defect type specific results of multi-layer perceptrons showed that flesh damage is the most
accurately segmented defect, while russet is the least. Furthermore, standard deviations
of segmentation errors of these results make us believe that robustness can be improved
by using more defected fruit for training. Performance of multi-layer perceptrons is also
evaluated on healthy fruits to have a more realistic opinion, where segmentations were
clearly more accurate than defected database but not perfect. Please note that, a powerful
fruit grading stage may compensate for these false segmentations. Finally, ensemble of the
four classifiers are also tested, but no significant improvement is observed in segmentation
performance.
In conclusion, results of this work show that among many classification and tresholdingbased methods, multi-layer perceptrons are the most promising to be used for segmentation
of surface defects in high-speed machine vision-based apple inspection systems.
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Chapter 6

Fruit Grading
6.1

Introduction

A quality inspection system for apple fruit will be incomplete if it does not take decisions at fruit level by assigning them to corresponding quality categories. Therefore, in
machine vision-based inspection systems defect segmentation and stem/calyx recognition
stages provide defected skin by low-level processing1 , while a fruit grading stage should extract information from the defected skin provided and classify the fruit to its correct quality
category.
In this chapter we introduce a fruit grading system that extracts/selects several features
from defected skin (found by the defect segmentation and stem/calyx recognition systems),
and classifies apples into quality categories by statistical and syntactical classifiers. Classification is first performed into two quality grades (healthy or defected) and then a more
realistic (in terms of quality standards for apples [2]), innovative classification is achieved
by multi-category grading.

6.2

Grading of Apples

In the previous chapters we introduced two works for stem/calyx recognition (Chp. 4)
and defect segmentation (Chp. 5). SVM-based system is found to be very accurate in the
former, while an MLP-based system (3x3 side-neighbors and down-sampling at factor of
3) was very promising for the latter. If we combine results of these two systems so that
segmented areas include only defected skin (Figure 6.1), then we can extract features from
the segmented areas and perform fruit grading by classifiers automatically.
1

Here, low-level processing refers to processing of individual pixels or group of pixels at most.
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Figure 6.1: Architecture of the fruit grading system.

6.2.1

Feature Extraction

Segmentation result of a fruit may contain several unconnected objects (with different shape
and size) as seen in Figure 6.2. In order to provide a decision for the fruit, one can either
handle each object separately or process them together. In the former case, it is intricate to
reach a global decision about fruit from individual decisions. Therefore, the latter approach
is used here.

Figure 6.2: Examples of segmented defects: cropped and zoomed versions.

As segmented objects are composed of pixels, the most straight-forward feature extraction approach is to use individual pixel intensities. First-order spatial statistics measure the
probability of observing a gray-value at a randomly chosen location, and therefore depend
only on the individual pixel values. They can be computed from the histogram of pixel
intensities of a pattern. The following first-order measures (we refer them as statistical
features) are employed in this work.
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statistical features
mean(µ) =

N
1 X
pi
N

(6.2.1)

i=1

standard deviation(std) =

¡

N

¢1/2
1 X
(pi − µ)2
N −1

(6.2.2)

i=1

median = middle value of ordered pixels

(6.2.3)

minimum(min) = min(pi ) for i=1,. . . ,N

(6.2.4)

maximum(max) = max(pi ) for i=1,. . . ,N

(6.2.5)

where pi refers to the intensity of ith pixel.

Mean (arithmetic mean) is a measure of central tendency2 for roughly symmetric distributions. Standard deviation is a measure of statistical dispersion (spread of values around
central tendency). The median is less sensitive to extreme scores than mean, which makes
it more suitable for highly skewed distributions. Minimum and maximum, on the other
hand, provide measures of extremes.
First-order measures do not take relative relations of gray values into account, whereas
second-order measures are properties of pixels in pairs [105]. They capture spatial dependence of gray values that contribute to perception of texture. Therefore, we will refer
second-order measures as textural features. Geometric moments of Hu [42] are well-known
textural features that are widely used in pattern recognition. They are translation, scale and
rotation invariant. Another popular group of textural features are those of Haralick [40],
which are computed from gray-level co-occurrence matrices (GLCM). GLCM is a square
matrix, where each entry shows the number of occurrences of a gray-level pair that are a
distance d apart. We compute GLCM as the average of GLCM matrices using d = 1 at
four directions (45, 90, 135, 180◦ ). The following equations show the textural features used
in this work.

2

In statistics, central tendency refers to an average of a set of measurements.
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textural features
invariant moments of Hu [42]
φ1 = η20 + η02

(6.2.6)
2

φ2 = (η20 − η02 ) +

2
4η11

(6.2.7)

2

2

φ3 = (η30 − 3η12 ) + (3η21 − η03 )
2

(6.2.8)

2

φ4 = (η30 + η12 ) + (η21 + η03 )

(6.2.9)
2

2

φ5 = (η30 − 3η12 )(η30 + η12 )[(η30 + η12 ) − 3(η21 + η03 ) ] +
2

(6.2.10)

2

(η21 + η03 )(3η21 − η03 )[3(η30 + η12 ) − (η21 + η03 ) ]
φ6 = (η20 − η02 )[(η30 + η12 )2 − (η21 + η03 )2 +

(6.2.11)

4η11 (η30 + η12 )(η21 + η03 )]
φ7 = (3η21 − η03 )(η30 + η12 )[(η30 + η12 )2 − 3(η21 + η03 )2 ] +

(6.2.12)

(η30 − 3η12 )(η21 + η03 )[3(η30 + η12 )2 − (η21 + η03 )2 ]
where ηxy is the normalized central moment.

features from gray-level co-occurrence matrices of Haralick [40]
XX
angular second moment(ASM) =
(M (i, j))2
i

contrast(CON) =

XX
(i − j)2 M (i, j)
i

j

i

j

XX
sum-of-squares: variance(SSV) =
(i − µ)2 M (i, j)
inverse difference moment(IDM) =

XX
i

(6.2.13)

j

j

M (i, j)
1 + (i − j)2

(6.2.14)
(6.2.15)
(6.2.16)

where M is GLCM matrix and µ is its mean.

First two invariant moments are of order two, whereas the rest are third-order moments.
Moreover, all of them are invariant to translation, scale and rotation; while the last (φ7 ) is
skew invariant also. Regarding features from GLCM, 4 of the original 14 features of Haralick
are measured, because the rest resulted in invalid values due to very small defects. Angular
second moment is a measure of homogeneity. Contrast and sum-of-squares: variance are
estimates of local variations. Finally, inverse difference moment measures the closeness of
distribution of elements in GLCM to its diagonal, hence it is an estimate of smoothness.
In addition to spatial features, one can also use attributes based on geometry of objects
(by Fourier descriptors, deformable templates, skeletons,. . . ) to recognize them. However,
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apple surface defects do not have distinctive, well-defined geometric characteristics. Therefore we will stick to the following simple geometric features:
geometric features
defect ratio = proportion of defected pixels over all pixels
perimeter = number of pixels in object perimeter
(perimeter)2
circularity =
4πarea

(6.2.17)
(6.2.18)
(6.2.19)

As apple quality depends on size of defect [2], we will use defect ratio feature that provides information on relative defect size. Perimeter estimates the length of object boundary.
Circularity measures the degree of elongation of an object, therefore it can provide discrimination between elongated and compact defects.
Statistical and textural features are computed using each filter image, therefore for each
fruit we measure 5 × 4 = 20 statistical and 11 × 4 = 44 textural features. Together with 3
geometric measures, feature set of a fruit consists of 67 attributes in total.
Apart from the features used in this work, methods like Fourier, wavelets or Gabor filters
can also be employed for discrimination of patterns. Such methods require a transformation
from image to frequency domain. However, this transformation is mostly performed on
rectangular image segments, instead of arbitrary-shaped patterns (like defects in our case).
Furthermore, one needs to extract relevant information in the transformed space, which is
not so straightforward. Therefore, these methods are not employed in this work.
Before grading step, feature values are normalized to have a mean of 0 and standard
deviation of 1 (except for decision trees, because we observed that their accuracies degraded
after normalization).

6.2.2

Feature Selection

A total of 67 statistical, textural and geometrical features are extracted for grading fruits.
A subset of these features has to be selected because: 1. irrelevant/redundant features
add noise to the system and degrade its performance, and 2. using all available features is
computationally infeasible.
Therefore, we will use Sequential Floating Forward Selection (SFFS) of Pudil [77], which
is a heuristic and greedy feature selection algorithm.

6.2.3

Grading

In order to classify fruits into quality categories, following statistical and syntactical classifiers are used.
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• Linear Discriminant Classifier (LDC, statistical-discriminative): assumes data is separable by a linear boundary.
• Nearest Neighbor (k-NN, statistical-partitioning): assigns data to the most represented category within its closest k neighbors.
• Fuzzy Nearest Neighbor (fuzzy k-NN, statistical-partitioning): similar to k-NN. Benefits also from distance information of neighbors.
• Support Vector Machines (SVM, statistical-discriminative): using kernel functions
SVM maps data to a higher dimensional space, where a linear discrimination is performed.
• C4.5 (syntactical-decision tree): builds a classification tree by hierarchically splitting
data.
More detailed explanations of these classifiers can be found in the Appendix A. In this
study Matlab built-in library [43], LIBSVM [19] and Quinlan’s [78] library are employed
for LDC, SVM and C4.5 classifiers, respectively, whereas the rest are implemented by the
author. After several trials, optimum parameters for each classifier were found as: k=5 for
k-NN and fuzzy k-NN; gaussian RBF kernel with γ = 10 and C = 80 for SVM; and finally
minimum split size = 2 and CF = 0.25 for C4.5. Hence, results in this chapter are achieved
by these parameters.
Evaluation of classification process is measured by k-fold (k=5) cross-validation method,
which has the advantage of using all samples for both training and testing eventually.
Furthermore, samples are randomly ordered before being introduced to the classifier, to
prevent recognition biased to sample order.

6.3

Results and Discussion

A typical machine vision-based inspection system is composed of 1. mechanical (components for presentation and orientation of fruits), 2. optical (illuminators, camera and
special optics), 3. image acquisition (frame grabber and computer) and 4. image processing
(specially designed software) parts. Components of each part add certain complexity (or
originality) to the system and makes it harder to compare two proposed systems. This is
the case for the state-of-the-art works proposed to grade apples. They differ not only in
mechanical, optical, image acquisition and image processing parts, but also with the quality
categories and fruit variety used. Furthermore, lack of a publicly available database pushes
comparison of systems even more to the irrelevant edge.
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6.3.1

Analysis of Features

Linear correlation analysis by Pearson coefficient (Equation 4.3.1 in Section 4.3) can provide
us an insight into the mutual relationship between extracted features. Figure 6.3 shows the
heat map of the measured correlations.
Like in Section 4.3, we will base our observations on between-filter and within-feature
group analysis, where the former focuses on correlations of one measure extracted from
different filter images and the latter concentrates on features from same type (statistical,
textural or geometric). Between-filter analysis shows that features from 450 and 500nm
filters and those of 750 and 800nm filters are moderately or strongly correlated in general.
Some features are even correlated in all filters, like φ1 , ASM and CON. Considering withinfeature group observations, statistical features and invariant moments of Hu (φ3−7 ) are
moderately or strongly correlated. Among GLCM features ASM and CON are moderately
correlated with each other, while we observe weak relation between geometric features at
most.

6.3.2

Two-Category Grading

Marketing standard of European Commission [2] defines three acceptable and one reject
quality categories for apple fruit. However, half of the literature consists of works with
two-category (acceptable/reject, healthy/defected or bruised/non-bruised) grading, which
is most likely because of the difficulty of database collection and grading process. Therefore,
we will first introduce fruit grading results with two quality categories (Figure 6.4) in order
to permit comparison of our system with those introduced in the literature3 .
First we have to state that, after numerous tests we observed that for two-category
grading Haralick’s features from GLCM matrices either degraded recognition rates (when
all features are used) or were not even selected by feature selection method. Therefore, we
present two-category results with only invariant moments of Hu used as textural features4 .
We performed fruit grading into two quality categories with each classifier using first
all features together and then benefiting from feature selection. Table 6.1 displays the best
recognition rates observed for this test. As observed, when we use all 51 features together
highest recognition rate is 86.5 % performed by SVM. As soon as feature selection is applied
recognition accuracies of each classifier distinctly increase, where the highest is now 93.5 %
by SVM again. Feature selection not only increases accuracies of classifiers, but also removes
irrelevant or redundant features by shrinking size of feature set from 51 down to 11-14.
Furthermore, statistical significance analysis by McNemar’s test (Subsection 4.3.4, Eq. 4.3.2)
on the results with feature selection showed that SVM result (93.5 %) was significant with
3

We recently introduced a similar work, which employed a smaller feature set, no feature selection and
slightly different classifiers [109].
4
Excluding Haralick’s four features leads to a feature set of 51 attributes in total.
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Figure 6.3: Heat map of pairwise correlations of features used for fruit grading. As the
color of a cell gets darker, the degree of correlation between the two corresponding features
increase. At the extreme cases, a black cell means the two features are fully correlated,
whereas a white one indicates no correlation.
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Figure 6.4: Architecture of the two-category fruit grading approach.
a level of 0.05.
classifier
without FS
with FS
significance

SVM
86.5 (51)
93.5 (11)
-

C4.5
86.1 (51)
91.4 (13)
.05

k-NN
80.2 (51)
89.4 (11)
.003

Fuzzy k-NN
80.2 (51)
89.4 (11)
.003

LDC
84.4 (51)
88.6 (14)
.001

Table 6.1: Fruit grading results into two quality categories without feature selection (second
row) and with feature selection (third row). Each cell refers to recognition accuracy (%) of
a classifier and the number of features (in parenthesis) used with it. Last row shows the
statistical significance level of each classifiers’ result (with feature selection) with that of
SVM (in bold font).
In Table 6.2 we observe the confusion matrix of SVM together with the selected features.
Recognition accuracy on healthy fruits is 94.6 %, while on defected fruits it is slightly lower
(92.3 %). Features selected are mostly from statistical group. Among textural features,
fourth (φ4 ) and fifth (φ5 ) invariant moments from 450 and 500nm filters are favored.
Among several works introduced in the literature for two-category fruit grading, that of
Kleynen et al. [56] gains our attention, because image acquisition system and fruit database
they used were the same as ours. In their inspiring work, an LDC together with statistical
features classified 94.3 % of healthy and 84.6 % of defected fruits correctly. Hence, our
approach provides improved recognition (especially for defected fruits) with more features
extracted and a more sophisticated classifier.

6.3.3

Multi-Category Grading

A realistic fruit grading system should not just sort fruits as defected or healthy, but provide
a more detailed classification. In order to permit such a multi-category grading, experts from
Gembloux Agricultural University manually classified the defected fruits in our database
into four quality categories5 taking severity and size of defects into account. Table 6.3
5
These categories are defined taking the marketing standard of European Commission for apples into
account [2]. Furthermore, ‘bruised fruits’ are assumed as a separate category due to the significant amount
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true categories
graded in
defected healthy
defected
227
15
healthy
19
265
# fruits
246
280
accuracy(%)
92.3
94.6
overall accuracy(%)
93.5
features: φ5 -450nm, mean-500nm, φ4 -500nm, φ5 -500nm
mean-750nm, std-750nm, max-750nm, mean-800nm
median-800nm, std-800nm, perimeter
Table 6.2: Confusion matrix of the best two-category fruit grading result by SVM with
feature selection.
category
d1
d2
d3
d4
overall

explanation
defect leading to rejection of fruit(e.g. rot)
bruised fruit
seriously defected fruit(e.g. scar tissue)
slightly defected fruit(e.g. small russet)

# of fruits
60
55
55
76
246

Table 6.3: Defect categories provided by expert and their relation with our database.
displays the details of this manual classification.
Direct approach
These four categories are related to defects. So, if we add an additional category for healthy
fruits, then we can perform multi-category (5 grades) fruit grading using a single classifier
(direct approach) as in Figure 6.5.

Figure 6.5: Architecture of the direct multi-category fruit grading approach.
of literature works focusing on only this kind of defect.
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classifier
without FS
with FS
significance

Fuzzy k-NN
79.3 (67)
83.5 (12)
-

SVM
79.7 (67)
82.1 (21)
.019

k-NN
79.1 (67)
79.9 (7)
.032

C4.5
74.1 (67)
76.8 (18)
.042

LDC
76.8 (67)
76.8 (8)
<.001

Table 6.4: Multi-category fruit grading results by direct approach without feature selection
(second row) and with feature selection (third row). Each cell refers to recognition accuracy
(%) of a classifier and the number of features (in parenthesis) used with it. Last row shows
the statistical significance level of each classifiers’ result (with feature selection) with that
of fuzzy k-NN (in bold font).
In Table 6.4 we can observe the multi-category fruit grading results of each classifier6
in direct approach with and without feature selection step. Note that, unlike the previous
subsection, Haralick’s GLCM features are used in the following tests. Like in the twocategory results, feature selection removes unnecessary features and improves recognition
accuracy for all classifiers. Highest recognition rate is achieved by fuzzy k-NN this time
with 83.5 % and 12 features out of possible 67.
Up to now, statistical significance analysis of results were performed by McNemar
statistic, which considers marginal homogeneity of two-categories at one time. As we
now have multi-category results, we employed the non-parametric Stuart-Maxwell statistic [35, 64, 96, 104] that measures marginal homogeneity for all categories simultaneously.
Significance analysis of results with feature selection reveals that fuzzy k-NN (83.5 %) result
is significantly different from others with level of 0.05.
Table 6.5 displays the confusion matrix of this fuzzy k-NN result and the selected features. The classifier performs relatively good for healthy, d1 and d2 categories (95, 83
and 87 % recognitions, respectively). On the other hand, accuracies in slightly (d4) and
seriously (d3) defected fruits are quite low (61 and 51 %, respectively). Confusions are
generally between adjacent categories (for example, most misclassified fruits of d4 category
are assigned to either d3 or healthy categories). This last observation is coherent with that
of Kleynen et al. [56]. Regarding selected features, unlike the two-category case, textural
features are now more favored than the others (7 of 12 selected features are textural).

Cascaded approach
Instead of using a direct approach and leaving all decisions to one single classifier, we can
benefit from a cascaded approach and divide decision process into simpler tasks using serial
classifiers. Cascaded systems generally perform superior than single classifiers with the
6
SVM is originally proposed for 2-class problems. However, it can be easily extended to multi-class
problems by one-against-one or one-against-all strategies, where the latter is used in this work.
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true categories
graded in
d1
d2
d3
d4 healthy
d1
50
1
10
2
1
d2
2
48
3
1
0
d3
4
1
28
9
4
d4
3
3
8
46
8
healthy
1
2
6
18
267
# fruits
60
55
55
76
280
accuracy(%)
83.3 87.3 50.9 60.5
95.4
overall accuracy(%)
83.5
features: φ4 -450nm, φ5 -450nm, φ7 -450nm, median-500nm
std-500nm, φ1 -500nm, φ6 -500nm, φ7 -500nm
mean-750nm, SSV-800nm, defect ratio, circularity
Table 6.5: Confusion matrix of the best multi-category fruit grading result by fuzzy k-NN
with direct approach.
expense of increased computational load. We tested two cascaded architectures for multicategory fruit grading as in Figure 6.6. In both architectures the first classifier learns to
discriminate healthy and defected fruits, while the second one trains on the defected output
of the first and then classifies defected fruits further into quality categories. Their difference
lies in the outputs of the second classifiers: The 5c architecture, with an additional healthy
output, can further correct the results of the first classifier (if a healthy fruit is classified as
defected by the first classifier, the second one can re-assign it back to healthy category).

Figure 6.6: Architectures of the cascaded multi-category fruit grading approach. Fourcategory (4c) scheme on the left, five-category (5c) scheme on the right.
First classifier of each architecture performs a two-category grading actually. Therefore,
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the best performer of the two-category grading tests (SVM with 93.5 % recognition) is
used as the first classifier in both architectures. On the other hand, several classifiers are
tested with feature selection in place for classifier-2. Table 6.6 displays the recognition
accuracies of each classifier for both architectures. As observed, for most classifiers highest
performance is achieved by 5c architecture with the exception of C4.5, which may be due to
the feature selection method that is known to find sub-optimal solutions. Best performer is
SVM with 85.6 % followed by fuzzy k-NN and the results are significant with level of 0.07.
Note that, these recognition rates are about 2 % higher than the best recognition achieved
by direct approach (83.5 %), which confirms the efficiency of 5c cascaded architecture in
terms of accuracy.
classifier-2
4c
5c
significance

SVM
84.0 (19)
85.6 (15)
-

Fuzzy k-NN
83.1 (13)
85.2 (20)
<.001

LDC
81.8 (19)
83.5 (22)
.002

k-NN
80.6 (16)
81.4 (11)
.066

C4.5
82.5 (7)
78.1 (6)
<.001

Table 6.6: Multi-category fruit grading results by 4c and 5c cascaded architectures with
feature selection. Each cell refers to recognition accuracy (%) of a classifier and the number
of features (in parenthesis) used with it. Last row shows the statistical significance level of
each classifiers’ result (5c) with that of fuzzy k-NN (in bold font).
true categories
graded in
d1
d2
d3
d4 healthy
d1
45
1
3
1
1
d2
1
50
1
2
0
d3
11
1
36
3
4
d4
3
2
15
52
8
healthy
0
1
0
18
267
# fruits
60
55
55
76
280
accuracy(%)
75.0 90.9 65.5 68.4
95.4
overall accuracy(%)
85.6
features: min-450nm, φ3 -450nm, ASM-450nm, CON-450nm, IDM-450nm
mean-500nm, min-500nm, φ3 -500nm, φ4 -500nm, φ5 -500nm
φ7 -500nm, ASM-500nm, std-750nm, φ4 -750nm, ASM-750nm
IDM-750nm, SSV-800nm, IDM-800nm, defect ratio, circularity
Table 6.7: Confusion matrix of the best multi-category fruit grading result by SVM with
cascaded approach.
Table 6.7 displays the confusion matrix for the grading result obtained by SVM and
5c cascaded architecture. Coherent with the results of direct approach, SVM performs
relatively good for healthy and bruised (d2) categories and confusions are mostly between
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adjacent categories. Comparative observations with the results of best direct approach
(fuzzy k-NN) show that this SVM-based cascaded solution has better generalization capability for our classification problem (Smoother distribution of accuracies between defect
categories. e.g. Lowest accuracy is observed in seriously defected (d3) fruits with 66 %,
which was 51 % for direct approach.). Concerning feature selection, SVM highly favors
textural features by 14 out of 20.
Ensemble approach
Ensemble systems take decisions based on the outputs of their component classifiers (experts). Such systems are particularly efficient if each expert is trained in a different region
of the feature space [33]. Taking this information into account, we propose to construct
two ensemble systems as in Figure 6.7. Each expert is trained with features coming from
different filter images (ensemble-01, on the left) and feature types (ensemble-02, on the
right). Note that, geometric features do not depend on filter image, hence they are used
separately in ensemble-01. Final decision is taken by majority voting on outputs of experts.
We can observe recognition accuracies of the ensemble systems with different classifiers used as experts and feature selection applied. In general, ensemble-01 outperforms
ensemble-02 by accuracy and by number of features. Highest recognition rate accomplished
by ensemble systems is 80.6 %, which is not satisfactory when compared to the best rates
observed by direct (83.5 %) or cascaded (85.6 %) approaches. This degradation leads us to
the conclusion that correlation between features is informative for classifiers and one has
to employ features altogether to achieve high recognition rates. Therefore, the proposed
ensemble architectures are not advantageous for multi-category apple grading.
classifier-2
ensemble-01
ensemble-02

k-NN
80.6 (27)
75.3 (48)

Fuzzy k-NN
79.1 (22)
75.5 (43)

SVM
78.1 (28)
73.0 (42)

C4.5
77.4 (28)
77.0 (24)

LDC
76.1 (34)
71.7 (39)

Table 6.8: Multi-category fruit grading results by ensemble systems with feature selection.
Each cell refers to recognition accuracy (%) of a classifier and the number of features (in
parenthesis) used with it.

Comparison of the proposed methods
The multi-category grading results until now showed that we can reach to high recognition
accuracies by methods based on two different approaches: direct and cascaded. But, when
should we prefer one over the other?
Table 6.9 displays a detailed comparison of these two methods in terms of producer’s,
user’s and overall accuracy, Cohen’s Kappa statistic [24] and actual errors. Producer’s
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Figure 6.7: Architectures of the ensemble systems for multi-category fruit grading. Filter image-specific (ensemble-01)
scheme on the left and feature type-specific (ensemble-02) scheme on the right.

and user’s accuracy are related to errors of omission and commission, respectively [95].
The former measures how well we are able to represent the actual classification and it is
computed as the number of correctly classified elements divided by the reference elements
for that category, whereas the latter measures how likely the user is to encounter correct
information while using the system and it is computed as the number of correctly classified
elements in each category divided by the total elements that were classified in that category.
Recently, Kleynen et al. [56] stated that in a raw batch of apples about 90 % of the fruits
are healthy. Unfortunately, we do not have a priori probability information for individual
defect categories. Considering these facts, we compute actual errors of the methods from
both producer’s and user’s point of view using the following equation:
eactual = α · ehealthy + (1 − α) · edef ected

(6.3.1)

where e refers to error, α = 0.9 and defected categories are considered altogether.
method
approach
classifiers
# features
category
d1
d2
d3
d4
healthy
actual error(α=0.9)
overall accuracy
Kappa

A
direct
Fuzzy k-NN
12
producer’s
user’s
accuracy accuracy
83.3
78.1
87.3
88.9
50.9
60.9
60.5
67.7
95.4
90.8
7.19
10.85
83.5
0.7456

B
cascaded(5c)
SVM + SVM
11 + 15
producer’s
user’s
accuracy accuracy
75.0
88.2
90.9
92.6
65.5
65.5
68.4
65.0
95.4
93.4
6.74
8.35
85.6
0.7797

Table 6.9: Comparison of the proposed multi-category grading methods.
If we examine the results in Table 6.9, we observe that method B (cascaded one) mostly
outperforms method A in terms of producer’s and user’s accuracies of each category as well
as overall accuracy and actual errors. Note that Kappa statistic, higher the value better
the method, is also coherent with this observation.
Common marketing standard of European Commission [2] defines three acceptable quality categories for apple fruits: Extra, Class I and Class II with respective tolerances of 5,
10 and 10 %. Observations on user’s accuracy values reveal that neither of the methods
fit in these tolerance ranges due to the following reasons: 1. Our database, provided by
the experts, considers bruised fruits as a separate category leading to a more troublesome
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classification (five-category grading instead of four). 2. Tolerance definitions of the standard take only up-graded fruits into account and ignore down-graded ones7 , whereas user’s
accuracy considers both.
Concerning the computational complexities, method A is relatively simpler with single
classifier and 12 features. On the other hand, method B, with two cascaded classifiers,
requires two separate training-testing stages (instead of one for system A) and more features.
In conclusion, method A is computationally less demanding, while method B is relatively
more accurate. Therefore, the decision between method A or B depends on how powerful
the user wants his/her machine vision-based apple inspection system. If computational
resources are limited the user should prefer method A, but if accuracy is more decisive then
method B is a better choice.
False gradings performed by the proposed methods
Figure 6.8 displays some of the fruits that are falsely graded by the proposed methods. Our
meticulous observations on the misclassified fruits revealed that,
1. if defect segmentation is erroneous, then fruit is likely to be falsely graded (left image).
2. if SC recognition is inaccurate, then fruit can be assigned to a wrong class (mid-left
image).
3. even if SC recognition is accurate, concavity around these areas may lead to false
decisions (mid-right image).
4. both defect segmentation and SC recognition can be accurate, but fruit can still be
misclassified (right image).

Figure 6.8: Some misclassifications observed by the proposed multi-category fruit grading methods. Segmented regions are superimposed on original RGB images as a yellow
transparent layer.
7

For example, tolerance of Class I is defined as “10 % by number or weight of apples not satisfying the
requirements of the class, but meeting those of Class II, or exceptionally, coming within the tolerances of
that class.” in the standard [2].
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Our literature review for multi-category fruit grading revealed that it is very hard to
compare performances of two proposed systems because systems and quality grades as well
as varieties of tested fruits highly differ. Therefore, we cannot provide comparative analysis
of our results with those of others.
The multi-category grading results presented here are achieved by processing only defected skin (several unconnected objects, sometimes) as a whole. Hence, we tested accuracy
of our multi-category grading methods by processing defected and healthy skin simultaneously as well as by taking decisions from global and individual processing of unconnected
objects. However, these approaches did not provide superior recognition accuracies than
those introduced in this chapter. Therefore, they are not explained in detail.

6.4

Conclusion

Precise segmentation of defects by minimal confusion with stem/calyx regions is crucial for
accurate machine vision-based apple inspection systems. However, such systems need to
take final decisions at fruit-level in order to grade them to correct quality categories.
In this chapter we introduced a fruit grading approach, which takes the results of defect
segmentation and stem/calyx recognition steps, performs computations and assigns a fruit
to its corresponding quality category. The proposed approach consists of features extraction,
features selection and classifier-based grading steps. Statistical and syntactical classifiers
are tested in this work.
In order to provide an insight into mutual relations between features and output class,
linear correlation analysis is performed initially. Results indicated that some features were
strongly to moderately correlated within-filters and between-feature groups, whereas their
relation with the output class was weak.
Many researchers provided two-category grading results for apple fruits in the literature.
Therefore, we first performed fruit grading into two quality categories; defected and healthy.
Our observations revealed that feature selection step not only removed irrelevant/redundant
features but also increased accuracies of classifiers. Highest classification is achieved by
support vector machines (statistical classifier), result of which was significantly different
from those of others.
In order to permit a more realistic inspection, fruit grading is performed into five quality
categories defined by experts using direct, cascaded and ensemble approaches. Ensemble
results were relatively inaccurate confirming that correlation between features is crucial
for high accuracy. Regarding direct and cascaded results, similar to the previous observation, feature selection removed unnecessary features and improved classification. Highest
accuracies are achieved by fuzzy nearest neighbor with direct approach and support vector
machines with cascaded one (both statistical classifiers), and the results were statistically
significant. Observations showed that confusions are mostly between adjacent categories.
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Comparison of best results showed that cascaded approach is more accurate, while direct
approach is computationally less expensive. Misclassifications of fruits were either due to
inaccurate results of the previous stages (defect segmentation and stem/calyx recognition)
and concavities around the stem/calyx regions or because our system was unsuccessful in
discrimination.
To conclude, results of both two and multi-category tests show that using statistical
classifiers and appropriate feature selection, we can achieve promising performances for
fruit grading.
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Chapter 7

Conclusion and Perspectives
Industrial systems benefit more and more from machine vision in order to provide high
and equal quality products to the consumers. Accuracy of such systems depend on the
performance of image processing algorithms used by machine vision.
Food and beverages industry is one of the industries where machine vision is very popular and widely employed. Among the goods of this industry, fruits and vegetables have
notoriously varying physical appearances. Apple fruits, in particular, are even more problematic due to high natural variation of their skin color (especially for bi-colored fruits) and
numerous defect types present. Hence, quality inspection of apple fruits by image processing
is still a challenging problem for the industry as well as the image processing community.
Performance of an image processing-based apple inspection system depends on performances of several sub-tasks: 1. Accurate recognition of stem and calyx regions, which have
similar spectral characteristics with some defects. 2. Precise segmentation of defected areas.
3. Correct grading of fruits into pre-defined quality categories. A possible error in one of
these sub-tasks may result in assigning the inspected apple to an incorrect quality category.
Therefore, in this study we performed detailed analysis of these sub-tasks using multispectral images of bi-colored apple fruits and introduced novel works for each.

Stem and Calyx Recognition
The approach used for stem and calyx recognition consists of background removal, segmentation, feature extraction/selection and classifier-based recognition steps, where the first
two are achieved using simple and adaptive thresholds, respectively. Our visual observations showed that these relatively simple techniques were accurate in finding stems and
calyxes, but provided false segments like some defects. Therefore, discrimination of true
stems and calyxes from false ones were necessary. For this purpose researchers have used
statistical pattern recognition techniques or artificial neural network classifiers.
In our innovative work we performed comparative analysis of different classifiers for this
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discrimination. First, from each segmented object statistical, textural and shape features
are extracted. Linear correlation analysis revealed that some of these features are correlated
with each other and the output class. These features are then introduced to several statistical and syntactical classifiers as well as a resampling-based method. Tests are repeated
employing and skipping feature selection step. Both results showed that support vector
machines (a statistical classifier) outperform the other classifiers in terms of accuracy. Furthermore, feature selection results indicated that classifiers can perform equally well with
a reduced feature set. Highest accuracy is achieved by support vector machines with 0.05
significance, which correctly recognized 99 % of stems and calyxes.

Defect Segmentation
Defect segmentation of apples by image processing is a difficult task, for which many works
were introduced in the literature. However, comparative studies involving different segmentation techniques do not exist. To fill this gap, an original work comparing several
thresholding and classification-based techniques for defect segmentation of apples is introduced.
The proposed system is composed of region-of-interest definition, feature extraction and
pixel-wise segmentation of defects. Results are refined by removing stem/calyx areas from
segments by our previous novel method. Final evaluation is based on different performance
measures. Simultaneous observations on quantitative and qualitative results revealed that
some of the performance measures can be misleading. Furthermore, supervised classifiers
were generally more accurate than unsupervised ones and threshold techniques.
We observed that training ‘sample size’ had no notable effect on segmentation performance. On the other hand, segmentation was more precise when neighbors of pixels were
used. Down-sampling of images had negative effect on segmentation, thus one needs to find
optimum sampling factor in order to fulfill computational constraints and have an acceptable segmentation error. Concerning accuracy best methods were multi-layer perceptrons
and support vector machines, where the latter was very slow because of large number of
support vectors. Pruning of support vectors improved speed with an expense in accuracy.
Hence, the best method for defect segmentation of apple fruits in terms of accuracy and
speed was the multi-layer perceptrons. Regarding defects, segmentation of flesh damage
was the most accurate, while that of russet the least. Besides, performance of multi-layer
perceptrons was much more accurate in healthy fruits, but not flawless.
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Fruit Grading
Once precise segmentation of defects by minimal confusion with stem/calyx regions is
achieved, a machine vision-based inspection system should perform fruit grading and assign apples to correct quality categories. For this purpose we introduced a fruit grading
approach, which combines the previous two novel works and performs feature extraction,
feature selection and classifier-based grading. Statistical, textural and geometric features
are measured and statistical and syntactical classifiers are employed in this work.
Grading is executed into two and multi-categories, where the former is consistent with
the literature while the latter is more realistic. Results of both gradings unveiled the importance of feature selection, which removed unnecessary features and improved accuracy of
classifiers. In both gradings highest recognition rates were achieved by statistical classifiers
and results were statistically significant.
Concerning multi-category grading, different architectural approaches are employed. Results showed that one can reach adequate recognition with a single classifier if computational
resources are limited or achieve improved recognition with cascaded classifiers. Moreover,
correlation between features is extremely important and features should be presented together for the classifiers to perform well. Observations disclosed that confusions were mostly
between adjacent quality categories and they were generally due to inaccurate results of the
previous stages or concavities around stem/calyx areas.
Perspectives
In this study we introduced novel works based on image processing and obtained encouraging
results for quality inspection of apple fruits. There are still tests to do and gaps to fulfill in
this specific field, but we terminate this thesis at this point because it is infeasible to check
every possible path in a single thesis duration. Hence, we will only state some of them here
and hope that they will enlighten other researchers.
• The results in this thesis are obtained by separate training and test sets. But, performances of all three systems can be further tested by a new set of samples (fruits) to
verify that they are sample independent.
• Concerning stem and calyx recognition system, even though the database is composed
of images of stems and calyxes with various orientations relative to camera view, the
tilting is not performed in a controlled manner. Thus, another future work can be to
prepare a new database and test the maximum orientation angle of stems and calyxes
relative to camera axis before it will degrade recognition of SVM-based system.
• Observations on the results of defect segmentation work showed that robustness can
be improved by training the system with more fruits from different defect types. Apart
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from the arduousness of labelling a new training set, such a work will be enlightening
in our opinion. Additionally, in this study we have focused on thresholding and
classification-based segmentation of apple defects. Considering the literature as well,
we think that studies on apple defect segmentation by region-based techniques will
also be novel.
• Multi-category fruit grading results achieved are very encouraging, but there is still
room for improvement, which can be accomplished by paying special attention on
feature extraction step in our opinion. Especially, a work comparing discrimination
power of spatial/spectral features will be very informative.

108

Appendix A

Pattern Classification Techniques
Pattern classification is the task of exploring the model that generated the patterns we explore [33]. Depending on different information over the model or the exploratory method we
use, pattern classification techniques can be further organized in different taxonomies. An
example of such a taxonomy is presented in Figure A.1, where statistical versus syntactical
and parametric versus nonparametric dichotomies are included. Note that, statistical techniques focus on statistical properties of patterns, whereas syntactical (or structural) ones use
models with some logical rules. On the other hand, class-conditional densities of the model
are assumed to be known in parametric techniques and not known in nonparametric ones.
Examples of other taxonomies are deterministic versus stochastic (randomness is present
during model search or learning for the latter), supervised versus unsupervised (learning
is guided through target labels in the former), and metric versus nonmetric (relative to
feature values).
Due to the fact that merging these taxonomies in one single organization is quite difficult,
the pattern classification techniques used in this thesis are organized and explained in a
taxonomy (i.e. statistical approaches, syntactical approaches, artificial neural networks 1
and resampling-based approaches) similar to that of Jain et al. [45]. Please be aware that
the following sections provide concise explanations of these techniques rather than complete
descriptions due to the space-limit of this thesis. Thus, curious readers may refer to wellknown, highly-cited scientific works in pattern recognition field (like [10, 33, 41, 45, 67,
84, 87, 117]) for more details. Finally a summarizing table of the techniques employed is
provided in the last section.

1
Although artificial neural networks are considered as statistical techniques, we present them as a separate
group (like in [45]) not only due to their popularity but also because they extremely vary in themselves.
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Figure A.1: A taxonomy of pattern classification techniques.

A.1

Statistical Approaches

In statistical pattern classification, decision process is composed of assigning a provided
pattern to one of m categories c1 , c2 , · · · , cm based on a vector of d feature values x =
(x1 , x2 , · · · , xd ). Supposing that features have a probability density function conditioned
on the pattern class, a pattern vector x belonging to class ci can be defined as an observation
randomly drawn from the corresponding class-conditional probability function p(x|ci ). On
this basis, an input pattern x can be classified into class ci for which the conditional risk

R(ci |x) =

m
X

L(ci , cj ) · P (ci |x)

(A.1.1)

j=1

is minimum (optimal Bayes decision rule). Here, L(ci , cj ) and P (ci |x) refer to the loss and
posterior probability of deciding ci when the true class is cj , respectively [33]. Note that,
optimal Bayes decision rule can be used to design a classifier if all the class-conditional
probabilities are known. When the class-conditional probabilities are not known, which is
usually the case in practice, one must use nonparametric approaches (either estimate the
probability function or construct decision boundary based on training data). Approaches
that estimate the probability function (eg. Parzen-window) will not be covered any more,
because they are not used in this work. Interested readers can refer to [33, 117]. On the other
hand, decision boundary-based techniques can be further sub-grouped into discriminative
and partitioning approaches, which are explained next.
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A.1.1

Discriminative Approaches

Discriminative approaches assume that the proper form of decision boundary (discriminant
function) is known. Therefore, by the help of training samples (labelled) one can estimate
the values of parameters of the discriminant function and thus construct the corresponding classifier. Note that labelled training samples mean induced learning, thus following
discriminant approaches are all supervised classifiers.
Linear Discriminant Classifier (LDC)
Assuming that samples are linearly separable, for binary case this classifier tries to find a
linear decision boundary that separates the feature space into two half-spaces by minimizing
the following criterion function
g(x) = w0 +

d
X

wi xi

(A.1.2)

i=1

where the coefficients wi are the components of d-dimensional weight vector w.
Quadratic Discriminant Classifier (QDC)
If samples are separable by a hyper-quadratic surface instead of a linear one, then a
Quadratic Discriminant Classifier can be constructed minimizing
g(x) = w0 +

d
X
i=1

wi xi +

d
d X
X

wij xi xj

(A.1.3)

i=1 j=1

Note that quadratic discriminant function has additional coefficients that permits more
complicated decision boundaries than its linear version.
Logistic Regression (LR)
The discriminant function minimized by logistic regression is the logarithm of the likelihood
ratio:
d
³ x ´
X
g(x) = log
= w0 +
wi xi
(A.1.4)
1−x
i=1

As observed from Eq. A.1.2 and Eq. A.1.4, functional forms of LR and LDC are the same.
The difference is in the estimation of coefficients, which is calculated through maximum
likelihood methods in LR.
Support Vector Machines (SVM)
Another statistical, discriminative approach is the support vector machines, which perform
nonlinear mapping of data to a high-dimensional space by kernels and try to find the
hyperplane that separates data into two classes (binary case) with maximum margin in the
new space [17, 94, 118, 119] (Figure A.2). Support vectors are the training samples that
define the optimal separating hyperplane and that are the most problematic to classify.
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Figure A.2: An illustration on how support vector machines work for a linearly separable
case. The support vectors are circled.
SVM assigns a test sample x to its output class y through structural risk minimization2
procedure by:

y = sgn

N
¡X

¢
αi yi K(xi , x)

(A.1.5)

i=1

where sgn(·) refers to signum function, N is the number of training samples, xi is the ith
training sample with yi ∈ −1, +1 being its corresponding class label and K(xi , x) is the
kernel function. α = α1 , α2 , . . . , αN are the Lagrangian multipliers found by maximizing
the quadratic equation

LD =

N
X
i=1

N

αi −

N

1 XX
αi αj yi yj K(xi , xj )
2

(A.1.6)

i=1 j=1

with 0 ≤ αi ≤ C, ∀i. C is the trade-off parameter between large margin and low margin
classification error. xi ’s for which αi > 0 are selected as the support vectors. Typical kernel
functions used with SVM are polynomial (Eq. A.1.7), homogeneous polynomial (Eq. A.1.8),
and gaussian radial basis functions (Eq. A.1.9). In Equations A.1.7-A.1.9, d refers to the
degree of polynomial kernels, · denotes scalar product of its arguments and γ is the width
of gaussian kernel.

K(xi , xj ) = (xi · xj + 1)d

(A.1.7)

K(xi , xj ) = (xi · xj )d

(A.1.8)
2

kxi − xj k
2γ 2
K(xi , xj ) = e
−

(A.1.9)

2
Structural risk minimization attempts to find the best trade-off between model complexity and goodness
of data fit through the theory of VC (Vapnik-Chervonenkis) dimension.
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A.1.2

Partitioning Approaches

Partitioning approaches design a classifier based on the concept of similarity (or proximity).
That is, similar patterns should be assigned to the same class, where similarity is measured
by some defined distance metric.
k-Means
The first and very famous example of partitioning approaches is the k-means clustering3
technique, which is an unsupervised method. It partitions samples into k clusters (classes)
such that sum-of-squares between samples and the corresponding cluster geometric centroid4
(cj ) is minimized:
J=

k X
X

kxn − cj k2

(A.1.10)

j=1 n∈Sj

where xn is the nth sample in cluster Sj .
Nearest Neighbor (k-NN)
k-NN is one of the most popular classifiers used for pattern classification. It assigns an
object to the category, which is most represented among the k nearest samples of that
object. Nearest samples are found by a distance measure, for which Euclidean distance5 is
very common. Performance of k-NN highly depends on the k parameter and size of training
set, both of which should be large enough for optimal performance and small enough to
avoid computational overload [117].
Fuzzy Nearest Neighbor (fuzzy k-NN)
While assigning a new sample, k-NN gives equal importance to the k nearest samples by
assuming that they are equidistant from the new sample. However, using the distance
information of the nearest samples by the following formula can improve the performance
of conventional k-NN.
k
X

ui (x) =

¡
¢ −2
uij kx − xj k m − 1

j=1
k
X
¡
¢ −2
kx − xj k m − 1

(A.1.11)

j=1

ui (x) is the predicted membership value of test sample x for class i, uij is the membership
(either 0 or 1) of j th neighbor to the ith class and m is the fuzzifier parameter that determines
how heavily the distance is weighted.
3

Clustering is synonymous with unsupervised classification in machine learning terminology.
Geometric centroid of a set of n points (with equal masses) located at locations xi is calculated by
Pn
i=1 xi
.
n
p
5
Euclidean distance between two points (x1 , y1 ) and (x2 , y2 ) is defined as: (x2 − x1 )2 + (y2 − y1 )2 .
4
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A.2

Syntactical Approaches

Syntactic approaches use a hierarchical perspective where patterns are assumed to be formed
by simpler sub-patterns. The simplest sub-patterns are known as primitives and the complex pattern we aim to recognize can be represented by relationships of these primitives.
An analogy between structure of patterns and syntax of a language is mostly used to explain these approaches: Sentences are generated from an alphabet by grammatical rules
and patterns are described by structural rules using primitives, which should be learned
from training samples.

A.2.1

Decision Trees

Decision trees are syntactical approaches that build classification models using a divide-andconquer 6 strategy. They try to construct a compact tree with minimum classification error
by splitting data at each node (if size of instances at that node is higher than or equal to a
certain minimum split size parameter) and pruning nodes that are impure (node impurity
is an indication of relative homogeneity of corresponding descendent nodes). Hence, they
provide a tree structure where leaves represent classifications and branches correspond to
combinations of features that generate those classifications. During training they perform
an iterative selection of individual features at each node, which leads to an implicit, builtin feature selection. Most decision trees use single feature at each node, so may lead to
suboptimal solutions. However, they have the appealing advantages of high speed, ability
to handle numeric as well as categorical data and transparent decisions. The latter attribute,
which is not provided by some other techniques like artificial neural networks, gives the user
more insight about the decision process. Two very famous decision tree algorithms are used
in this work.
Classification and Regression Trees (CART)
The CART algorithm was popularized by Breiman et al. [14]. It performs binary splits at
each node (i) and measures node impurity by Gini impurity:
IG (i) =

i
X
1h
1−
f (i, j)2
2

(A.2.1)

j

where j refers to possible category labels and f (i, j) is the proportion of data with category
j at node i.
C4.5
In Quinlan’s C4.5 algorithm [78], numeric data is treated same as in CART. However, for
6

Divide-and-conquer paradigm works by recursively breaking down a problem into two or more subproblems of the same type, which are simple enough to be solved directly. Solution to the original problem
is finally a combination of the solutions to the sub-problems.
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categorical data C4.5 performs multi-way (>2) splits with the entropy impurity measure:
X
IE (i) = −
f (i, j)log2 f (i, j)
(A.2.2)
j

Relative to CART, C4.5 applies controlled pruning based on statistical significance of splits
by certainty factor (CF) parameter ([0,1]). A CF value of 1 indicates no pruning, while lower
values mean more and more pruning. Another clear difference between CART and C4.5
is the way they handle missing features [33]. During training, C4.5 does neither compute
surrogate splits nor store classifications of deficient patterns. Hence, it may be preferred
over CART if storage is a constraint.

A.3

Artificial Neural Networks

Artificial neural networks (ANN) has originated from the studies on how animal brains
work, hence one has to study brain to understand fundamentals of ANNs.
The brain is an extremely complex, nonlinear and parallel computer, which has the
ability of organizing neurons to perform certain computations like pattern recognition, perception,. . . The pioneering work of Ramón y Cajál [125] revealed that brain was composed
of extensive interconnections based on neurons, which are biological cells that can process
information. A neuron consists of cell body, axon and dendrites (Figure A.3). The dendrites
receive signals from other neurons and transmit them to the cell body. The axon, which
extends a long distance and then branches into strands, receives signals from the cell body
and carries them away through synapses to the dendrites of neighboring neurons. Signal
transmission at synapses is achieved by a complicated electrochemical reaction [4, 87].

Figure A.3: An illustration of a biological neuron.
Consequently, a crude analogy between an artificial and a biological neuron can be made:
dendrites of other neurons refer to input signals, synapses are the connection weights and
activity in the cell body is represented by an activation function [46]. Illustration of such
an artificial neuron is displayed in Figure A.4.
The activation function defines a mapping between the output of a neuron and its inputs.
Figure A.5 demonstrates three basic types of activation functions.
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Figure A.4: An illustration of an artificial neuron.

Figure A.5: Different activation functions used in neural networks.
Emerging from the studies on how animal brains work, ANNs are composed of layers of
neurons gathered in a parallel architecture with a high degree of interconnection between
them. Although each neuron performs linear discrimination, ANNs can solve most of the
real-world (often non-linear) problems thanks to their parallel structure.
Researchers have provided numerous ANN algorithms with different architectures, learning paradigms or parameters in the literature. It is extremely arduous to cover all available
ANNs due to this diversity and numerousness. Consequently, we selected several ANNs
from different architectures to be used in this work. The following subsections present these
ANNs with basic explanations. Please note that these explanations do not cover aspects of
learning process; like learning methods, learning-rate adaptation, weights update, convergence. . . Hence, readers interested on these topics or looking for a more complete coverage
of ANN algorithms may refer to [4, 10, 33, 41, 46, 87, 117].

A.3.1

Feed-forward Networks

In a feed-forward network data propagates in the forward (from input layer to output layer)
direction, thus its neurons have only unidirectional connections (no feedback or same layer
neuron-to-neuron connections). Figure A.6 displays an example of such a network.
Perceptron
Perceptron (or McCulloch-Pitts neuron) was introduced by McCulloch and Pitts [65] in
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Figure A.6: Architecture of a feed-forward neural network.
1943 as an artificial neuron model. It is the simplest form of neural networks that can
only solve linearly separable problems. Perceptron is a single neuron as in Figure A.4 with
threshold activation function.
Multi-Layer Perceptrons (MLP)
MLPs are also known as feed-forward networks, because input signals propagate layerby-layer through the network in forward direction [41]. MLP performs back-propagation
learning, where two passes of signals through the network are employed. Forward pass:
Input signals are propagated in forward direction, while weights at each layer are fixed and
actual output of the network is produced. Error between the actual output and the desired
output (label) is calculated. In backward pass, this error signal is propagated backward
and weights are adapted a second time. Therefore, this algorithm is also known as error
back-propagation.
Cascade Forward Neural Networks (CFNN)
CFNNs are similar to MLPs, except that the neurons of each subsequent layer have inputs coming from not only the previous layers but also input layer. This results in more
interconnections than MLPs.

A.3.2

Competitive Networks

In competitive networks, the output neurons compete among themselves for being the one
to be activated. These networks permit only one output neuron, or only one neuron per
group, to be active at a time for a given subset of inputs. Competitive networks can learn to
detect correlations between inputs and adapt themselves for that. These networks can also
include lateral connections (same layer neuron-to-neuron connections) among themselves.
Competitive Neural Networks (CNN)
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The most straightforward example of competitive networks is the CNN, which is an unsupervised method that can learn to recognize groups of similar inputs. CNN has lateral
connections among neurons as observed in Figure A.7.

Figure A.7: Architecture of a competitive neural network. Lateral connections are indicated
by open arrows.
Learning Vector Quantizers (LVQ)
LVQs are composed of a competitive layer followed by a linear layer (a layer of neurons
with linear activation function), where the former learns to classify inputs and the latter
transforms the outputs of the former into labels defined by user. Therefore, these networks
benefit from supervised learning.
Self Organizing Feature Maps (SOM)
SOMs7 are competitive networks composed of one or two-dimensional lattice of neurons
(Figure A.8). In SOMs, presentation of similar inputs lead to the response of the same group
of neurons (physically close to each other), while others stay quiet. They are unsupervised
algorithms.

A.3.3

Recurrent Networks

Feed-forward networks allow progression of inputs only in the forward direction. However,
introduction of a feedback path between layers can unveil exclusive information, which is
implemented by recurrent networks (Figure A.9). Due to the feedback path, information
flows in both forward and backward directions, which makes recurrent networks dynamic
systems.
Elman Neural Networks (ENN)
Elman neural networks are two-layered recurrent networks with feedback from the first layer
output to the first layer input. In addition to their feedback connection, they also permit
supervised learning.
7

Also known as Kohonen maps.

118

Figure A.8: Architecture of self-organizing feature maps.

Figure A.9: Architecture of a recurrent neural network.
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A.4

Resampling-based Approaches

Assuming that training database is sufficiently large, one can use different, non-overlapping
training sets with different classifiers and then use a combination of these classifiers to perform classification task. If the above assumption is not true, then resampling techniques like
bagging or boosting can be used [45]. Bagging [13], derived from “bootstrap aggregation”,
creates different training sets from the original set, which are then used to train different
classifiers. Final decision can be taken by a fixed rule like averaging or voting.

A.4.1

Boosting

The aim of boosting [93] is to improve the accuracy of any given learning algorithm. It is
based on hierarchical learning, where a weak learner is first trained with the training set to
have an average accuracy. Then, training data is re-weighted such that samples missed by
the current learner are boosted in importance. This re-weighted set is used to train another
weak learner, which will try to fix errors. By this way weak learners are added to form the
final predictor.
Adaptive Boosting (“AdaBoost”)
“AdaBoost”8 [79] is the most popular one among the boosting methods, which continuously
adds weak learners (ht ) until the desired training error is reached. The ensemble of weak
learners added forms the final strong classifier (g). Thus, the classification decision for a
test sample x is taken by:
max
¡ tX
¢
g(x) = sgn
βt ht (x)
(A.4.1)
t=1

where sgn() refers to signum function (sgn(v) = +1 if v > 0, 0 if v = 0 and -1 if v < 0),
βt are coefficients found by boosting process and tmax is the number of weak learners.
“AdaBoost” uses radial basis function neural networks as weak learners.

A.5

Summary

The pattern classification techniques used in this work are summarized in Table A.1, where
techniques are roughly ordered by categories and sub-categories they belong to. Type of
learning (supervised or unsupervised) for each technique is also presented.

8
“AdaBoost” is sometimes referred to as a meta-classifier or meta-algorithm rather than a classifier
because it is composed of an ensemble of classifiers. Quotation marks are used to emphasize this difference.
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category
statistical
statistical
statistical
statistical
statistical
statistical
statistical
syntactical
syntactical
ANN
ANN
ANN
ANN
ANN
ANN
ANN
resampling-based

sub-category
discriminative
discriminative
discriminative
discriminative
partitioning
partitioning
partitioning
decision trees
decision trees
feed-forward
feed-forward
feed-forward
competitive
competitive
competitive
recurrent
boosting

learning
supervised
supervised
supervised
supervised
unsupervised
supervised
supervised
supervised
supervised
supervised
supervised
supervised
unsupervised
supervised
unsupervised
supervised
supervised

Table A.1: Summary of the pattern classification techniques used in this thesis.

technique
Linear Discriminant Classifier (LDC)
Quadratic Discriminant Classifier (QDC)
Logistic Regression (LR)
Support Vector Machines (SVM)
k-Means
Nearest Neighbor (k-NN)
Fuzzy Nearest Neighbor (fuzzy k-NN)
Classification and Regression Trees (CART)
C4.5
Perceptron
Multi-Layer Perceptrons (MLP)
Cascade-Forward Neural Networks (CFNN)
Competitive Neural Networks (CNN)
Learning Vector Quantizers (LVQ)
Self-Organizing Feature Maps (SOM)
Elman Neural Networks (ENN)
Adaptive Boosting (“AdaBoost”)
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