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Detection of Different Chickpea Varieties Using a Computer Vision
System Based on Computational Intelligence

Razieh Pourdarbanit‘and Sajad Sabzi'

1- Department of Biosystem Engineering, Faculty of Agriculture, University of Mohaghegh Ardabili, Ardabil, Iran
*Corresponding author: r_pourdarbani@uma.ac.ir

Abstract

Chickpea is one of the legumes that have different nutritional uses. It is important to identify different chickpea varieties.
For this reason, the aim of the present study was to develop a computer vision system to identify three similar chickpea
varieties, namely, Adel, Arman and Azad using different artificial neural network hybrids including hybrid ANN- DE,
hybrid ANN- CA, hybrid ANN-BA and hybrid ANN- ICA. In order to perform the segmentation, the image was first
converted to YCbCr color space, and chickpeas were isolated from the background. Then, different properties were
extracted in two color and texture areas based on gray surface co-occurrence matrix (GLCM). The YCBCR, Y1Q, CMY,
HSV and HSI color spaces were also extracted. Textural properties are extracted using the gray-area coherent matrix
based on the position of the pixels of equal value. The multilayer perceptron artificial neural network divides the whole
data into three categories data for training, the data for validation, and the third data for testing. Result showed that in all
three classifications, the area under the curve for the correct class is lower than for the others, which means that the
classifiers did not correctly identify the examples for this class and there is probably a high degree of sharing of selective
affective properties between Adel, Arman and Azad classes. All classifiers have acceptable performance. Comparing the
values of the classifier parameters, it can be seen that hybrid ANN-CA has higher values than the other classifiers, so it
can be concluded that this classifier performs better than the other two classifiers. The results showed that the correct
detection rates of hybrid ANN-CA, hybrid ANN-BA and hybrid ANN-ICA were 98.92, 99.46 and 92.92, respectively.

Keywords: Chickpea, Color properties, Hybrid artificial neural network, Optimization algorithm, Texture properties
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Table 1. Parameters of Multilayer PANN Adjusted by Different Algorithms
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Fig 3. Box diagram of some evaluation criteria of ANN-CA Algorithm for 1000 iterations. A: The correct
classification rate and B: The area under the curve of the Adel, Arman, and Azad classes
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Table 3. Confusion matrix and correct classification rate ANN-CA algorithm for test data in 1000 iterations
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Fig 4. Box diagram of some evaluation criteria of ANN-BA Algorithm for 1000 iterations. A: The correct
classification rate and B: The area under the curve of the Adel, Arman, and Azad classes
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Table 4. Confusion matrix and correct classification rate ANN-BA algorithm for test data in 1000 iterations.
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Fig 5. Box diagram of some evaluation criteria of ANN-ICA Algorithm for 1000 iterations. A: The correct
classification rate and B: The area under the curve of the Adel, Arman, and Azad classes
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Table 5. Confusion matrix and correct classification rate ANN-ICA algorithm for test data in 1000 iterations

L oIS Jsle oot o3 ool 5 oLl et duo s RS I ey
fonasd
Total : e o Correct
Classes Adel Arman Azad Data Misclassification% Classification%
Jle 54865 3843 3202 62000 11.51
Adel
obe! 1915 59083 2 61000 3.14 93.11
Arman
alsT
’ 3701 0 58299 62000 5.97
Azad

as Al & e 45 oS ouline lessa osdal Lg[m/.:.ol)b:
2lo aced L polie Gl (o8 oSl = (estan
snail cpl a8 C8)5 am (g oe alply WAk baai b
18 5500wl 93 s (55 o Sles

Ol 5o ol FanalS (ol pis 3,8doe (cusy 5l g
5 b b ol awglio wilize loandinb ) oolizl b aslllas
2l plp 0 golpibnn e Codbge (lie alie Olidss
9 Ldiged g5 3g Dolite Jdoar wiz jo e oo laS 1) Lo,
TP abse @l A Jouz wil oo memeo anslie Glol Lo
b adllae ol 55 ot soliial cilisee slaidils pomo aniis
38,5 s0 odmliv aSaisSles oo o olis 1) olages  ple
AV o (ais 25 addlhas (pl o eals eolitul s b,
ALl b gy plwds S

Lassaid & Sloc dwslio -0-Y
3o 0 oolaiwl calizes glaandads o Slos auglio 4y Lidu (pl 4o
S35k e slaons 5 ROC (sl fogai oluly aallne ]
e PSS ghie ailopy Fojlae g 2o (S oo
ol 1y LS5 Ve e gl calises slaasaids saSedl o Slles
) g wndiab du ;e 50 005 oo cdalive AT AeKiles 00 o
Gl g 28los LS plo 5l S Jole (S abgiye (e
Ol Nl by e sbadige banails o5 coul Jxe oy
Fgo Sleogas S1xil e Y] g Wloolss Laseidsd gww,yo
Jgoz ol e ol o131 5 Lo, (sl WS g Jole WISy oL
Sy Gl slavnai b s Slos o)) Jlne &y arbogy o @ls 7
AT 50 00,5 oo cawlive aSasSilan s o plias 1) SIS V.-
C8)F Al Gl &S aibloe doys A0 (YL oyl o)l
g e polie dnlie baiyls Jod b o Slas brossail sden



Ol o (B ks il 4 S S ud ]

True Postive Rate

=
o

=
=

=
s

=
b3

lr prre———e e - {
f Adel r’ — Adel
Arman 0.8 Arman
— Azad n ' —_— T
DnE; 0.6
=
2
&o04
&4
[_.
0.2
(A) (B)
0 0 ' ' ' ' |
0 0.2 0.4 0.6 0.8 1

0 0.2 0.4 0.6 0.8 1

False Positive Rate False Positive Rate

1
r_ el
g Artnan
» —— Azad
éﬁ 0.6
=
]
&
% 04}
&
09 (€)
0

0 0.2 0.4 0.6 0e 1
False Positive Rate

9901 — (o giue s AKds e gl (Al 1T Voo (51 i (glaasaiinb swiiS dly y Slles Jixie —F JSib
By pia )aNI = (L g (omas Al W b Widib 10 )95 ok )eRl — (L oiuan (ouas AU B b wudlb 10 (S0 3
6)[&.&}4&‘

Fig 6. Operational curve of different classifiers for 1000 iterations. A: ANN-CA; B: ANN-BA; C: ANN-ICA
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Table 6. Five performance evaluation criteria of the classifications for test data in 1000 iterations
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Table 7. Comparison of the accuracy of the segmentation algorithm
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