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ABSTRACT

In this paper, a computer vision based system is introduced
to automatically grade apple fruits. Segmentation of defected
skin is done by three global thresholding techniques (Otsu,
isodata and entropy). Stemn-end/calyx regions falsely classi-
fied as defect are removed. Segmentations were visually best
with isodata technique applied on 750nm filter image. Statis-
tical features are extracted from the segmented areas and then
fruit is graded by a supervised classifier. Linear discriminant,
nearest neighbor, fuzzy nearest neighbor, adaboost and sup-
port vector machines classifiers are tested for fruit grading,
where the latter outperformed others with 89 % recognition.

1. INTRODUCTION

Computer vision based quality sorting of apple fruitsis a hard
but necessary task for increasing the speed of sorting as well
as eliminating the human error in the process. Segmentation
of skin defects of apples is one of the major problems of this
field where research still continues to accurately segment and
identify these defects. In order to segment defects Leemans
et al. introduced a Gaussian model of skin color for ‘Golden
Delicious’ [1],and 2 Bayesian classification method for ’Jon-
agold’ apples (2], where healthy skin presenting patches was
segmented as defected in the former and segmentation of rus-
set defects and color transition areas of skin were problem-
atic in the latter. Rennick et al. used a controlled acqui-
sition system and different classifiers to classify skin color
and detect blemishes of ‘Granny Smith’ apples [3]. Yang in-
troduced an automatic system to detect patch-like defects on
apples, where he used flooding algorithm to segment defects,
structural light and neural networks to find stem-ends and ca-
lyxes and snakes algorithm to refine defected areas [4]. Unay
and Gosselin introduced 2 neural network based system to
segment defects on ‘Jonagold’ apples, where segmentation
was accurate, but misclassification of stem-end, calyx areas
as defects occured 51

2. METHODS
2.1 Image Acquisition and Database

Database consists of one-view images of ‘Jonagold’ ap-
ples taken from diffusely illuminated environment by a high
resolution monochrome digital camera with four interfer-
ence band-pass filters centered at 450nm (BL), 500nm (GR),
750nm (RE), and 800nm (IR) with respective bandwidths of
80, 40, 80, and 50 nm. Each filter image is composed of
430x560 pixels with 8 bits-per-pixel resolution (Figure 1).
180 of the fruits were healthy whereas 246 of them included
several skin defects (russet, recent bruises, rot, scald, hail

damage, scar tissue, limb rubs,...) in varying size and
shapes. “Jonagold® variety is selected, instead of mono-
colored ones, because it has a bi-colored skin causing more
difficulties in segmentation due to color transition areas.
Some RGB images of the database can be observed in Fig-
ure 2.

Image acquisition and database collection of this work
are done in Mechanics and Construction Department of
Gembloux Agricultural University of Belgium, and related
details can be found in the works of Kleynen et al. [6], [7].

Figure 1: Filter images of a fruit. Left to right: BL, GR, RE,
and IR filters.

Figure 2: Original (RGB) images of some defected apples.

2.2 Pre-Processing

The database is composed of images of apple views on
a dark, uniform colored (ie. low intensity) background.
Therefore, fruit area can be separated from background by
thresholding the RE filter jmage at intensity value of =
11,77 %. Our visual observations have shown that fixed
thresholding can remove low intensity regions like some de-
fects, stem-ends or calyxes. Hence, a morphological filling
operation is also applied to remove these holes.

Our initial observations revealed that segmentation was
problematic at the far edges of fruit probably due to illumi-
nation artifacts. Therefore, after background removal, fruit
area is eroded by a rectangular structuring element with size
adaptive to fruit size. Dimensions of the structuring element
are calculated as 15 % of the horizontal (a) and vertical (b)
dimensions of fruit bounding-box.

2.3 Defect Segmentation

Thresholding can be applied locally, i.e. within a neighbor-
hood of each pixel, or globally. Due to highly varying defect
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s@ap@cn imgibn to find one neighborhood size that
works tor

all. Thus, following global thresholding techniques
are tested for defect segmentation in this work:

e Otsu ; Otsu’s method is still among the most referenced
methods in segmentation 18] Itis based on minimiz-
ing within-class variances of foreground and background
pixels.

e Entropy : Kapur et al. explained foreground and back-
ground of an image as different signals [9]. Therefore,
optimal threshold is the one maximizing the sum of the
two class entropies (Eq. D.

Topt 255

Hzmax{—z,pslog(pi)— Y pilog(pi)] M

=0 i=Top+1

o Isodata : Ridler and Calvard assumed image as 2 two-
class Gaussian mixture model and proposed an iterative
technique, which calculates a new threshold by averaging
the foreground and background class means at each iter-
ation [10]. If change in thresholds between two consec-
utive iterations is small enough (0.04 %), then algorithm
stops.

Above thresholding techniques are applicable on gray-
level (2-dimensional) images. However in a multi-spectral
imaging system, one can either combine the filter images to
get a final gray-level image or select one of the filter images
by a criterion. As the optimal combination is arduous, in
this work we consider using filter images separately and try
to select the optimum pair of filter image and thresholding
technique.

Figure 3: Example of stemn-end/calyx removal. Before the
removal on the left, and stem-end/calyx removed on the right.
Defected area displayed in white in both images.

Stem-end and calyx, which are natural parts of apple
fruit, appear as dark blobs on the images like some of the true
defects. But, threshold-based segmentation does not con-
sider presence-absence of these regions, while partitioning
fruit area into defected and healthy parts. Thus, segmenta-
tion should be refined to remove stem-end/calyx.

Stem-end/calyx recognition method, which was previ-
ously introduced by the authors [11] and found to be highly
accurate, is used in this work. It starts with background re-
moval and threshold-based object segmentation. Then, sta-
tistical, textural and shape features are extracted from each
segmented object and these features are introduced to support
vector machines classifier, which discriminates true recog-
nitions from false ones. So, the regions identified as stem-
end/calyx by this method are removed from the formerly de-
tected segmentation result. Figure 3 displays an example of
such a refinement step, which demonstrates the improvement
in the defect segmentation.

2.4 Feature Extraction

Main goal of our project is 10 provide a fast algorithm for
fruit classification. Therefore, average, standard deviation,

and median values are calculated over the segmented ared
of each fruit from ail filter images. In addition to these 12
features, defected ratio, which is the ratio of defected pixels
of the fruit, is also computed. Thus, each fruit is represented
by 13 features, which are normalized 10 have an average of
zero and standard deviation of one before the classification
step.

2.5 Fruit Classification

The following supervised classifiers are tested in this paper.
e Linear Discriminant Classifier (LDC) searches for a lin-
ear decision boundary that separates the feature space
into two half-spaces by minimizing the criterion function

g(x) = wx+wo )

e Nearest Neighbor Classifier (k-NN) assigns an object to
the most represented category among the k (5) nearest
samples of that object. Similarity measure used to find
nearest samples is the Euclidean distance.

o Fuzzy Nearest Neighbor Classifier (fuzzy k-NN) is the
fuzzified version of k-NN. Fuzziness is acquired using
the distance information of k (5) nearest neighbors to the
new sample by,

k -2
¥ (=)™ 1
ui(x) = ]—:—l——’_’_’é 3)
};(nx-x,-nﬁff
=

u;(x) is the predicted membership value of test sample x
for class i, u;j is the membership (either Oor1)of j”‘
neighbor to the #h class and m is the fuzzifier parame-
ter (set to 2) that determines how heavily the distance is
weighted.

o Adaptive Boosting (AdaBoost) tries 10 form a final strong
classifier (g) from an ensemble of weak learners (i) by
continuously adding these weak learners until the desired
training error is reached [12]. Thus, decision for a test
sample x is taken by:

g(x) =sgn [ i ouhy (x)] @

where o, are the coefficients found by boosting process,
tmas is the number of weak learners and sgn returns the
sign of the value.

e Support Vector Machines (SVM) is a statistical learning
method based on structural risk minimization [13]. In the
binary case, SVM tries to find the hyperplane that sep-
arates the classes with maximum margin by non-linear
mapping. For a test sample X, classification is done by:

N
y = sgn( Y 0ayiK (5:,%)) )
i=1
si=x?
K(si,x)=e 2O ©)]

where N is the number of training samples, yi i the class
label, K(s;,x) is the kernel function and o is the La-
grangian multiplier bound by 0< o <C. xsfor which
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Figure 4: Segmentation results of thresholding methods on a bruised apple. Original RGB image and the manual segm'emati-on
(ground truth) of the fruit are on the left. Subsequent synthetic images show defected regions in gray and healthy ones in white.
Each row belongs t0 & thresholding method (top-to-bottom: otsu, isodata, entropy) and each column shows a band (left-to-

right: BL, GR, RE, IR).

a; > 0 are called the sapport vectors. Gaussian radial ba-
sis function kernel (Eq. 6) and C = oo are chosen for this
work.

Evaluation of the classification process is measured by K-
fold cross-validation method, with K=5. Furthermore, sam-
ples of the dataset are randomly ordered before being intro-
duced to the classifier, to prevent biased classification for
sample order.

In this research, libraries of Almeida [14] and Rietsch
[12] are used for SYM and AdaBoost classifications, respec-
tively. The proposed system is implemented under Matlab 6
R12.1 environment [15]).

3. RESULTS AND DISCUSSION

Defect segmentation results of a bruised fruit using thresh-
olding techniques on filter images are displayed in Figure 4.
Bruise is selected for display, because it is one of the most
common defects of apple fruits. As an initial observation, in
the results of BL and GR filter images, false segmentations
are observed. This is probably because in these filter images
(i.e. in the wavelength range of [410-510] nm) contrast be-
tween healthy skin and the defect is low. Within the results
of RE and IR filter images, those of entropy technique are
visually unacceptable; almost no part of defect is found. On
the other hand, otsu and isodata techniques provide satisfac-
tory results, favorably on RE filter image. Although results
of bruise type of defect are discussed here only, above obser-
vations are mostly consistent within the database, i.e. our vi-
sual examinations on the results of all images of the database
confirm that isodata technique should be applied on RE filter
image for the best output.

Figure 5 provides more segmentation results of fruits
with different defects produced by isodata technique on RE
and IR filter images. Scald (top-left) and hail damage per-
fusion (bottom-left) defects are partially segmented in both
filter images. Segmentation of frost damage (mid-left) and
rot (top-right) defects are acceptable for RE, whereas results
of IR are under-segmented. Finally, for bruise (mid-right)
and flesh damage (bottom-right) defects none of the segmen-
tations are satisfactory. In general, results of RE filter image
are visually better than those of TR. Results displayed here

are before the SC removal step, therefore sSome stem-end re-
gions are observed as defect, which are corrected later on.
Following segmentation, SC removal and feature extrac-
tion steps, fruits are graded as healthy or defected by different
supervised classifiers, performances of which are observed
in Table 1. As we g0 from simple to sophisticated classi-
fiers, recognitions increase. LDC (simple) performs around
79 % and nearest neighbor classifiers (more sophisticated)
around 83 %, whereas AdaBoost and SVM (most sophisti-
cated) reach to 88-89 9 rates. Fuzziness does not have sig-
nificant impact on recognition. Especially in the results of
AdaBoost and SVM, superiority of isodata method and RE
filter image are obvious, which is consistent with our visual
observations. Highest recoghition rate is observed by SVM
classifier on isodata method and RE filter image with 89.2 %.

4. CONCLUSION

In this article a computer vision based automatic sorting sys-
tem for apple fruits is introduced. The fruit area is extracted
from the background and it is eroded to reduce undesired
effects of {itumination. Then, defected areas of fruit are seg-
mented by three global thresholding methods applied on filter
images separately. Visual results showed that segmentation
accuracy was betier on RE and IR filter images. Further-
more, isodata thresholding method was found to outperform
others. As stem-end or calyx regions also appear as defects in
the segmentation, these parts are removed by a method pre-
viously introduced by the authors. Finally, statistical features
are extracted from segmented defects and fed to several su-
pervised classifiers for fruit grading by binary classification
(defected or healthy). Highest recognition rate is observed by
support vector machines classifier with 89.2 %. Observations
on the performances of classifiers not only confirmed superi-
ority of isodata method and RE filter image, but also revealed
that more sophisticated classifiers lead to better recognition
rates.
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Figure 5: Results of segmentation by isodata thresholding on RE and IR filter images. Fruits displaye

d are defected by scald

(top-left), rot (top-right), frost damage (mid-left), bruise (mid-right), hail damage perfusion (bottom-left) and ﬁes_h damage
(bottom-right). For each fruit its original RGB image, its manual segmentation (ground truth) and its segmentation results

(from RE filter

image on the left and from IR on the right) are displayed in 2 row. Defected areas ar¢ displayed in white in

ground truth images, whereas segmentations show defected regions in gray color and healthy ones in white.

band method LDC

otsu 81.8 4
RE isodata 785 835
entropy  18.0

Table 1: Classification performances of classifiers in correct recognition percentages.
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Introduction

D uring the last few decades, the number of whitefish processing

plants in Norway has diminished considerably for several rea-
sons. In aquaculture, although the production volume of salmonids
has increased iremendously over the same period of time, most fish
are exported as raw material, that is, gutted fresh or frozen fish. In
both sectors, fish processingis often unprofitable dueto the highla-
bor costs. For instance, where salmonids are filleted, the manpower
needed on the filletingline aloneis typically 20 to40 persons per shift
to process 35 tons of bled, gutted fish from the slaughter line. Ostvik
and Jansson (2004) reported that Norway with the present techno-
logicallevel has the highest production costin fisheries compared to
Poland and China. Labor costs represent the bulk of the production
costs in Norway. They estimate that the automation of fish process-
ing plants employing computer vision and other robotic machinery
in substituting human inspectors would bring savings in labor costs
of approximately $1 per produced kilogram of fish.

One of the operations along the fish processing line is color grad-
ing of salmon fillets. It is generally accepted that color of sailmon
products is one of the most important quality parameters in fish
processing. Consumers associate redder salmon with being fresher,
having better flavor, higher quality, and higher price (Anderson
2000).Tn addition, different marketstend tohave special preferences
concerning fillet color. According to market analysis from Salmo-
Breed (Osland 2001), the Japanese market, forinstance, prefers fillets
with a deeply red color.

According to the Norwegian Standard NS 9402 (1994), the color
measurement of salmon fillets is done using the Roche color cards.
Human inspectors are trained to grade fillets by color according

MS 20060272 Submitted 5/12/2006, Accepted 11/9/2006. Authors Misimi,
Mathiassen, and Erikson are with SINTEF Fisheries and Aguaculture, N-
7465 Trondheim, Norway. Author Misimi is with Dept. of Engineering Cy-
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to these cards. This manual grading has several drawbacks. First,
it greatly increases the production cOsts. Second, the color grad-
ing is not fast, and it is not consistent because human inspectors
are subjected to factors such as eye fatigue, 1ack of color memory,
and variations in color discrimination (Irudayaraj and Gunasekaran
2001), resultingin mistakes and occasional omissionsin processing
These factors may decrease the product quality and thereby reduce
profit (Pau and Olafsson 1991).

Automation of fish processing with computer vision, apart from
savings in labor costs, can bring also an overall improvement in the
product quality (Arnarson and others 1988). In food industry, there
hasbeen arapid growth over the pastdecadein developmentanduse
of noninvasive methods t0 evaluate quality (Lin and others 2003).
Although ahugevarietyofexamplesofusingcomputervisioninfood
industry have been reported (Panigrahi and Gunasekaran 2001), the
use of computer vision in automation of fish processing indusiry is
still limited.

A typical computer vision system (Figure 1) consists of the illu-
mination setup for the acquisition of scene images, a camera for
image capturing, and a PC. After the images aré captured, they are
sent to the computer for further processing. The computer is used
for designing the algorithm that enables feature extraction, segmen-
{ation, quantification and classification of images, and the objects
of interest contained in these images. Feature extraction consists of
the choice of distinguishing features that can be used for discrimi-
nating patterns in different categories {Duda and others 2001). Seg-
mentationisused to subdivide theimage into its constituent regions
of interest (Gonzales and others 2004). Two steps are important in
the computer vision algorithm design stage: image processing and
image analysis. Image processing involves a series of image opera-
tions that enhance the quality of image in order to remove defects
such as geometric distortion, noise, andno nuniform lighting. Image
analysis is the process of distinguishing the objects (regions of inter-
est) from the background and giving quantitative information used
for decision making (Brosnan and Sun 2004). Computer vision has

© 2007 Institute of Food Technologists
doi: 10.1111/.1750-3841 .2006.00241.x
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proven successful for online process control and inspection of food
and agricultural pro ducts with applications ranging from simple au-
tomatic visual inspection to more complex vision control (Panigrahi
and Gunasekaran 2001). Mery and Pedreschi (2004) used computer
vision for segmentation of color fruit images. Abdullah and others
(2000) examine the color of muffins with a computer vision sys-
tem for separating dark from light samples using pregraded and
nongraded muffins. Davidson and others (2001) showed how digi-
tal images could be used to estimate physical features such as the
color of baked dough. Brosnan and Sun (2004} presenteda review on
how computer vision can be used to estimate the quality in certain
foods such as bakery products, meat, fish, vegetables, grains, fruits,
and so on. Infish processing, Strachan and Mutray (1991) present a
machine, whichis based on computer vision, for sex discrimination
of mature herring. Misimi and others (2006) have used the com-
puter vision 10 classify Atlantic salmon in 2 grading classes. Here,
a computer vision algorithm was designed to extract the geometri-
cal features of salmon: length, width, area, and ratios among these.
Having generated this set of features, a classifier was designed and
trained to be able to grade salmon into 2 grading classes: “produc-
tion grade” with many external deformities and “superior grade”
without visible external flaws.

The idea of using color for in-cannery sorting of raw salmon was
tested by Schmidt and Cuthbert (1969). They reported that reflec-
tometer measurements using the ratio 650:570 nm correlated well
with visual assessment and Hunter a and b value assessments of
flesh color. Color in computer vision has also been used as sorting
criteria for classification of fish species (Strachan 1993).

Qur goal was 10 show that, by using computer vision, color of fil-
lets could be quickly assessed froma singleimage. Asaruleofthumb,
any method should be able to perform such assessments at about
1 s or less per fillet to cope with the speed of the production line.
This restriction alone as well as the contact free feature of computer
vision in “evaluating quality excludes a number of other sensors
that may otherwise be suitable. In the present study, we wanted to
compare our computer vision results with the values determined
manually using the Roche SalmoFan™ lineal ruler and Roche color
card, which according to standard NS 9402 (1994) are used for eval-
uation of color of salmonids by the fish processing industry.

Materials and Methods

Fish and fish sampling

Atlantic salmon (Salmo salar) from 2 different fish processing
plants (Marine Harvest and Salmar AS, Hitra, Norway) was used.

Group L: Four «“Superior Grade” (weight: 3.7 £ 0.4 kg, length: 60 =
3 ¢m, condition factor range: 1.50 to 1.84) and 1 sexually mature
fish (weight: 4.3 kg, length: 71 cm, condition factor: 1.19) were se-
lected from the slaughter line on November 12, 2004, at the Marine
Harvest salmon processing plant. According to the Norwegian In-

dustry Standard for Fish NBS 10-01 (1999), a “Superior Grade”
salmon is a first class product without substantial faults, damage, or
defects, and providesa positive overall impression. Condition factor
(K) is a number that is used to quantify the condition of fish. Fulton
(1902) proposed to use 2 mathematical formula for this guantifica-
tion:

10°W
K=—p~

ey}
where W is the weight of the fish in grams (g}, 1is the length of fish
in millimeters (mm).

Fish with the condition factor K = 1 are considered as poor fish
(Barnham and Baxter 1998) because they are long and thin. Fish
with K = 1.4 are considered to be good fish, being well propor-
tioned, while fish with condition factor K = 1.6 are fish in excellent
condition.

The fish, except the sexually mature fish, were bled and gutted at
the plant. Al fish were fransported to our laboratory in styrofoam
boxes containing ice. The fish were subjected to postrigor analysis
3 d postmortem. The core temperature was 1.4 £ 0.4 °C. At this
point, the sexually mature fish was filleted. Fillet color (n = 8) was
determined using sensory evaluation, a Minolta chromameter, and
a computer vision system.

Group II: “Superior Grade” fish (weight: 5.6 kg + 1.0 kg, length:
74 cm + 5 cm, mean condition factor: 1.4, .= 18) were sampled
individually (January 5, 2005) from a commercial processing line
(Salmar AS) prior 10 killing and further processing (that is, the fish
were not bled). Our fish were rapidly killed by a blow to the head,
placed in styrofoam boxes containing ice, and transported to our
laboratory. Fishwere stored onicein acoldroom at5°C.Thefishhad
been fasted for 30 d before slaughter and the content of astaxanthin
in the muscle of fish from the same batch (cage) was 7.3 mg/kg.
After 4 d of ice storage, the fish were filleted {postrigor) before being
subjected to the various analyses the same day. The ultimate fillet
pHwas 6.46 = 0.06 (n = 18). Thefillets were ofvery good quality, with
a firm, elastic texture with practically no visual signs of gaping. The
following fillet quality-related parameter was assessed: color (n =
33). The assessmentwas done using the sensory evaluation method,
the Minolta chromameter, and the computer vision system.

Sensory evaluation of color

The color of the fillets {both groups) was descriptively evaluated
by 3 panelists according to the Norwegian standard NS 9402 (1994)
for measuring color of Atlantic salmon. This evaluation was per-
formed visually in the daylight using Roche color cards (Figure 3.)

Instrumental evaluation of color

L*, a*, and b* values (CIE 1976) were measured using a Minolta
Chromameter CR-200/CR231 (Minolta, Osaka, Japan). Color read-
ings for all fillets were taken at the same day when the sensory

Camers
=3
[ Feature Classifcation/ ]
e AR
==
' . pC
Roche Cards Filet

Figure 1 — The computer vision system for color evaluation
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Computer vision-based sorting . . .

evaluation of color of fillets was performed and priot to taking the
image with digital camera. The chromameter consists of a pulsed
xenon lamp that illuminates the surface of the fillet and collects the
reflected light for color analysis. For all fillets of both groups, the
color-related assessments wete carried out in white muscle (loca-
tions 1 to 3) and in the belly flap (locations 4 10 5) (Figure 2). Here,
1* denotes lightness in the scale of 0 to 100 from black to white, &
is redness (+) values are red whereas (-) values denote green and
b* denotes yellowness (+)-yellow or (-)-blue. The chromameter in-
strument was calibrated using a standard white plate and was po-
sitioned perpendicular to the fillet surface when the measurements
were taken. The chromameter measurements were collected over
the 8 mm dia of the probe area.

Computer vision evaluation of color

Each fillet from both groups was photographed (Figure 2) along
the Roche SalmoFan ruler (range: 20 [pink] to 34 [dark red])
and Roche color card (range: 11 [light orange] to 18 [dark red])
(Hoffmann-la Roche, Basel, Switzerland) (Figure 3). Tmages of fil-
lets were captured on the same day the sensory and the instrumental
evaluation of color were performed, but they were processed later.

Image acquisition
The images of fillets for color assessments were captured using a
computer vision system (Figure 1) fora digital color camera (Nikon

Figure 2—The computer vision color data were compared
with Roche SalmoFan™ and Roche Color Card readings
and L*, a'; and b’ values in locations 1 to 5. Numbers on
thedﬁsh are the locations where the measurements were
made.

F_igure 3—Roche cards used for evaluation and classifica-
tion: (a) Roche SalmoFan ruler, {b) Roche color card
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Coolpix5000, Nikon, Tokyo, Japan) at the resolution of 1600 x 1200
pixels. Images were acquiredin the JPEG format and processing was
carried out in the captured images (still). However, commecial in-
dustrial full frame digital cameras with comparable resolution are
available at near real-time speeds (Pacer Components PLC, Berk-
shire, England). The use of a line-scan color camera is most likely
preferable in an industrial setting, due to their high speed and the
fact the fish in most cases aré transported on conveyor belts. The
white balance of the camera was set using the camera automatic
white balance based on a white plate covering the entire field of
view of the camera. Two different illumination setups were used
during the image acquisition. The first setup, for color evaluation of
fillet Group I, used 2 parallel halogen lamps with color temperature
2900 K and 300 W each (Figure 4). The lamps were placed 30 cm
below the fillet, whereas the reflecting white cardboard plates were
set at an angle of 457 Reflection plates were used to provide with
diffuse illumination in order to avoid specular reflections from the
fillet and to improve the quality of the captured images. The images
were acquired freehand in a 90° angle, 60 cm above the fillet. The
2nd setup, for evaluation of fillet Group 11, used 4 lamps (2900K,
15W, 135 mA) as suggested by Papadakis and Abdul-Malek (2000)
(Figure 5). In this setup, the lamps were positioned in a 45° angle
and 40 cm above the fillet, whereas the camera was fixed to a bar,
perpendicular to the plane where the fillets were located.

Image segmentation and enhancement
Coloranalysisand classification offillets accordingto Roche cards
by computer vision were performed in red, green, and blue (RGB)

.- (XL .

LTS

Figure 4— Experimental setup for the illumination of fillet
Group |

Fish et

Figure 5— Experimental setup for the illumination of fillet
Group Il
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and CIE L*a*b* color space. The algorithm for classification of the fil-
lets was developed within theMatlab6.5 DevelopmentEnvironment
(Mathworks, Mass., U.S.A) using the Image Processing Toolbox 3.2.
The sequence of the classification algorithm is depicted in Figure 6.
Afterimage acquisition, the fillet could be isolated from background
either in Matlab or even simpler in Adobe Photoshop(Adobe, San
Jose, Calif., U.S.A.),in ordertobeviewed asa single region of interest
for further analysis. For the purpose of this work, the segmentation
was optional, butinan online application the segmentation offillets
from the background would be necessary for the purpose of color
matching. Then, the segmented image was converted to atrue color
RGB image, isolating the fillet from the image background (not of
interest for further analysis). The image enhancement consisted of
filtering the filletimages from high frequent components and noise.
From the color scores of the Roche SalmoFan™ ruler and Roche
color card, we generated a look-up table by integra ing the color of
every color rectangle and finding its mean value. For the color eval-
uation of the fillets according to the Roche SalmoFan ruler, we used
all color scores (20 to 34), while for the evaluation according to the
Roche color card, we used the color scores designated with numbers
from 11 to 18 (Skrede and others 1990).

Normalized RGB and look-up table generation

In the look-up table, the information for each color score of the
Roche ruler was memorized in form of means of nonmalized red
(R), green (G), and blue (B) values. The normalization of RGB values
was done to remove the device dependency toward the RGB color
space and to remove the brightness. The normalized values were
calculated from these expressions:

R

"= Ry G+ B @)

matching algorithm

Figure 6 ~The sequence
image Acquisition of the classification/

___G
8= R+G+B
B
- 4
b=RiG+B @

Color feature extraction and classification

From the mean ri, g Teis and g; values, the algorithm created 15
color pairs (i gi),one for each value of the Roche SalmoFan ruler,
and 8 color pairs (7ci, g.:) for the Roche color card. Fora normalized
values of red, green, and blue (RGB), the relationship r + £+ b= 1
holds (Panigrahi and Gunasekaran 2001), and hence the value b is
not takeninto consideration, because it can always be calculated by
simply takingb=1 — (r + g). After the retrieval of mean values for
R and G for each Roche color score, the algorithm proceeded with
the calculation of the mean red and green values for the regions of
interest in the fillet (Figure 2). There were 5 regions of interest the
algorithm dealt with. Each region of interest was chosen simply by
clicking with a mouse on the region of interest in the fillet image for
classification according t0 Roche ruler. For each fillet, the algorithm
calculated 5 pairs of mean values for red and green, each pair corre-
sponding to the chosen region of interest, and compared these with
the matching pairs

mj=(7’j.gj),j=1,...15 (5)

from the Roche SalmoFan ruler. Geometrically, pairs 7,85 liein the
plane ;08 whereas pairs Iei. & lie in the plane 7:O8c. Determina-
tion of the matching Roche scores of the selected regions of interest
was done according to the nearest neighbor principle (Theodoridis
and Koutroumbas 2003). This means that the region of interest was
assigned the color of its nearest neighbor. Calculation of distances
for the nearest neighbor rule was done by calculating the Euclidian
distance between the fillet point P in red, green, and blue (RGB)
space and Ro che color vector (Gonzales and others 2004) which
is given by

Dﬂam=nw4w=um—mﬁ+un—myﬂz ®
The estimated Roche score of the fillet point p; is computed by

Ripn = 19 4+ arg jgilinlS De(pi, m;j) [€))]

Statistics

Mean, standard deviation was calculated and analysis of vari-
ance (ANOVA) was performed using Minitab 14.1 Minitab Inc., Pine
Hall, U.S.A.) statistical software. A significance level of P < 0.05was
chosen.

Results and Discussion

major finding regarding the fillet color (Figure 2) was that, for
both groups, no significant differences (P > 0.05; Table 2) in
the color values according to Roche card were found between the
computervision methodandthe traditional method of sensory eval-
uation of color by human inspectors. From Table 1, it is seen that
the color discrimination did not differ much from the sensory eval-
uation method and the computer vision method. By looking at the
means and the standard deviations (Table 1) between sensory evalu-
ation and computer vision method of color measurement according
to the Roche cards, it was noted that there was no significant differ-
ence between them. This was evident for both groups. As is seen
in Table 1, computer vision evaluation gave higher values in Roche
scores for 1 unit than the sensory evaluation method for 2 of over-
all 5 fillet locations. Statistical analysis (Table 2) for both groups of
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Table 1 — Comparison of color values in different 5 locations (Figure 2) on Atlantic salmon fillets as determined by

computer vision and the Roche SaimoFan ruler

Fillet color values

Method 1 2 3 4 5
Group I*
Roche SalmoFan-visual 23 23* 202 224 212
Computer vision 220 208 21 212 20°
Group |
L* (Minolta-M) 40 =1 39+2 38 +1 45 33 45+ 2.5
a (M) 11 +1 114+£05 12 +1 1242 1211
b* (M) 11 +£1 111 12+15 133 152
L*(computer vision-CV) 62x1 63+ 05 622 64 0.5 64 +1
a (CV) 3443 33+3 382 27 +3 28+ 2
b* (CV) 58 +£3 59 +3 612 54 +3 54 + 3
Roche SalmoFan-visual 28 +1 285+ 1 29 + 1 22+ 1 23 +1
Computer vision 29 +1 29t£1 30+ 1 23 +1 23+ 1
Group II!
L* (Minolta-M) 4025 = 2.4 40+ 2 38+ 13 51+3 51+6
a (M) 11.8 £1 12 +1 11561 15+ 15 13+13
b* (M) 12+2 128 =1 11.5+17 175+ 25 15+2
L {CV) 643+05 64 +05 64 +1 65.5 £ 0.5 66 = 0.5
a (CV) 26 £3 28+ 25 28+ 5 183 17+15
b* (CV) 59 +6 633 557 50+7 50+ 4.5
Roche SalmoFan-visual 27 +1 28 +1 27 +2 24 +2 23+2
Computer vision 28 + 1 28 + 1 28 £ 2 23+2 2312

agexually mature fish (n="1).

fillets included all fillets and their color scores (consequently all the ference between locations of assessment for both methods (Pointin
means of color valuesin Table 1) measured by the sensory evaluation Table 2), and the difference between the methods taking all points
method and the computer vision method. This analysis showed that into the account (Method+Pointin Table 2). The higher significance
there was no significant difference between the sensory evaluation level for the 1st group may be due to different illumination setups
method and computer vision method. used for the image acquisition but also due to the different group

Animmediate implication of these resultsis thatthe computer vi-  sizes. By analyzing L* values for both groups, it was noted that the
sion method is not different from the traditional sensory evaluation lstgroupwas slightly darkerin the muscle flesh (Table 1). Bylooking
of fillet color. The advantages of using computer vision in automat-  at the L* values generated by both the chromameter and the com-
ing the operation of color sorting of salmon fillets, as reported in puter vision algorithm, it is seen that the 1st group appeared slightly

(Irudayaraj and Gunasekaran 2001), aré the long-term consistency darker than the 2nd one. This was also confirmed by

the Roche color

and objectivity in color assessment. This is because in computer card scores obtained from the sensory evaluation and the computer
vision, there is no eye fatigue or lack of color memory, and illumina- vision algorithm. The means of color assessments according to the
tion conditions are uniform (Trudayaraj and Gunasekaran 2001).In Roche color card for both of these methods were higher for the 1st

addition, automation of this operation can bring a reduction in la- group.

bor costsand production costs. Automation canremove the need for Computer vision values for the color scores of fillets generated by
operator facilities, lighting, heating, clothing, and washing facilities the algorithm were consistent, because the algorithm gave the same

(Purnell 1998). An important ability of computer vision method is values under the given illumination conditions,
that once the image of fillet is captured, onecan measure the colorof  t0 illumination, provided that the illumination was
the entire fillet (the mean color value) or one can measure the color  all fillets, which were used in the classification. O

and was invariant
the same for
n the other hand,

of a specific region of interest, as in locations (1 to 5) in Figure 2. human ability to distinguish color tends to be subjective. This can
The color scores were significantly different from 1 point to an- make the same Roche scores be interpreted differently, depending
other point of assessment (P = 0.000) on the fillet for both groups of on light conditions, that is, whether human inspectors were per-
fillets no matter which method for color evaluation was used (color forming classification in the daylight conditions or in the artificial

of location 1 is different from the color of Jocation 5). This was pbe- illumination conditions. Provided thatilluminationis controlied, for

cause locations in the white muscle (1 to 3), where we measured the example, ina light box, the assessment of fillet color with computer

color, were redder than locations (4 to 5 in the belly flap. In Table 1, vision algorithm would be consistent and stable.

itis shown that L* values for the white muscle locations (1 to 3) were

lower from those of belly flap locations {4 to 5), which means that Table 2 Analysis of variance (ANOVA,) for the computer

the belly flap locations are brighter. The same conclusion is drawn
by looking at the values generated by the computer vision method

and sensory evaluation according to the Roche card standard. Both

man inspectors

vision method of evaluation and the method used by hu-

P value

of these methods gave higher {redder) Roche color card scores for Group |
the white muscle locations (1 to 3) than for those of belly flap Method
(410 5). Point

L. . Methodx Point
The significancelevel (0.997 > 0.119) for method comparisonwas  Group Il

higher for the 1st group {Method*Point in Table 2) than for the 2nd. Method

In this table are shown the difference between sensory evaluation Point

method and computer vision method (Method in Table 2), the dif- Methods Point

0.715
0.000
0.997

0.188
0.000
0.119
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When it comes to the Minolta chromameter measurements, the
CIELab values generated by the Minolta chromameter and those
generated by the computer vision algorithm showed large devia-
tions inmeanvalue (Table 1).Forinstance, the mean of the computer
generated L* value for a certain location of color assessment was on
average 23 units higher than the value measured with chromame-
ter. This deviation is within the standard range reported earlier in
the Kim and others (2005), and it is due to the brighter illumina-
tion used by the computer vision setup. The Minolta chromame-
ter uses a pulse of xenon light to illuminate the examination area,
which is 8 mm in diameter and measures the reflected light fromthe
flesh.

This made CIELab values generated by the Minolta chromame-
ter not comparable with the CIELab values generated from the
computer vision algorithm, as reported in Kim and others (2005).
The CIELab values by algorithm were obtained by converting the
normalized RGB values into the CIELab color space. However, the
converted color values may differ considerably from the standard
CIELabvalues takenwith chromameter and, therefore, wouldnotal-
low the comparison of values between those generated by algorithm
and those generated by chromameter (Kim and others 2005).

Conclusions

he results have demonstrated the ability of the method based

on computer vision to classify fillets according to color. This
method was a fast, nondestructive, and contact-free evaluation and
was not significantly different from the traditional method of evalu-
ating the color by human vision. The results have demonstrated that
the computer vision-based method of evaluating color was just as
good as the traditional one. The better side of the computer vision
method is that this method is faster, robust, and consistent. Since
human operators are a factor in product contamination, the costs
of preserving hygiene with the large numbers of staff present in a
fish processing plant increase the overall production cost. The use
of computer vision would result in a decrease of product contami-
nation. With the automation of fish processing, there would also be
less need for lighting and heating of the production premises and
automation would allow processing in environments beneficial to
quality of fish products, for example, sustained low temperatures.
Time savings would also be considerable. A computer vision sys-
tem is designed to process a minimum of 1 fillet per second, while
human inspectors use longer time when using either a sensory or
instrumental method because they are susceptible to fatigue and
because of the involved labor. And finally, the fish processing plants
would save $1 per kilogram in labor costs. These are the estimated
labor cost savings for the Norwegian fish processing industry. When
it comes to implementation of the computer vision system in the fu-
ture, it is preferred to use controlled illumination conditions for the
purpose of classification of fillets, for example, by using a light box
with a uniform illumination. Results showed that computer vision-
based classification can be successfully used to replace human in-
spectors in the color assessment of salmon fillets.

paper no.2
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