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Introduction

The qualitative grading of raisins, as an important agricultural commodity, plays a critical role in determining
market value, pricing strategies, and competitiveness in both domestic and international markets. Conventional
intelligent grading approaches have largely relied on manual feature extraction and complex image
preprocessing techniques, which substantially increase computational cost and system complexity.
Consequently, there is an increasing demand for automated, accurate, and non-destructive grading methods
based on deep learning technologies, particularly for golden Sultana raisins.

The primary objective of this study is to develop a deep convolutional neural network (DCNN) capable of
grading and evaluating golden Sultana raisins without requiring explicit image preprocessing, while
simultaneously reducing processing time and computational overhead. Unlike previous studies that mainly
focused on computational limitations or restricted classification schemes, the proposed model automatically
extracts discriminative visual features; including texture, shape, and colour to accurately assess raisin quality and
size under varying imaging conditions. This capability enhances robustness against variations in illumination,
imaging angle, and background, thereby eliminating the need for complex preprocessing pipelines or manual
parameter tuning.

Materials and Methods

In this study, a dedicated deep convolutional neural network, referred to as Raisin_DCNN, was specifically
designed for grading golden Sultana raisin grains. The dataset consisted of 3,320 images representing four
distinct quality grades. All images were acquired using a flatbed scanner under controlled lighting conditions to
ensure consistency and uniform image quality.

To increase dataset diversity and reduce the risk of overfitting, data augmentation techniques were applied.
These techniques included random horizontal and vertical flipping, cropping, shifting, zooming, and rotation.
Notably, the proposed model was trained directly on the augmented images without applying complex
preprocessing operations or manual feature extraction methods.

The Raisin_DCNN architecture was purpose-built to effectively extract visual features from each raisin. It
comprises multiple convolutional layers with small kernel sizes, followed by MaxPooling layers for spatial
dimensionality reduction, and fully connected layers at the final stage. ReLU activation functions were employed
to facilitate the learning of nonlinear feature representations, while a Softmax function was used in the output
layer to perform four-class classification. The architecture was carefully optimised to achieve an appropriate
balance between classification accuracy and computational efficiency.

The dataset was divided into training, validation, and test subsets. Network training was performed using the
Adam optimisation algorithm in conjunction with the categorical cross-entropy loss function. Learning rate
scheduling and early stopping strategies were implemented to improve convergence and prevent overfitting.
Hyperparameter tuning was conducted through iterative experimentation based on validation performance.

For comprehensive performance evaluation, the proposed Raisin_ DCNN model was compared with transfer
learning approaches based on pre-trained InceptionV3 and InceptionResNetV/2 architectures, as well as classical
machine learning methods employing histogram-oriented gradients (HOG) and scale invariant feature transform
(SIFT) feature extraction combined with support vector machine (SVM), k-nearest neighbours (KNN), and
logistic regression (LR) classifiers.

Results and Discussion

Model performance was assessed using accuracy, precision, recall, and F1-score metrics. Experimental
results demonstrated that the Raisin_DCNN model achieved an overall classification accuracy of 96%,
outperforming both the transfer learning models and classical feature-based approaches. This superior
performance highlights the effectiveness of the proposed network in automatically learning discriminative
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features directly from images of raisins. Furthermore, the elimination of complex preprocessing stages
significantly reduced computational cost, thereby improving system efficiency and practical applicability.

Conclusion

The results of this study confirm that a dedicated deep convolutional neural network can provide an accurate,
robust, and reliable solution for the automatic grading of golden Sultana raisins. The proposed Raisin_DCNN
model demonstrates strong potential for real-world deployment in industrial grading systems and offers an
effective approach for enhancing quality control processes in agricultural product inspection.
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1- Convolutional neural networks (CNN)
2- Deep convolutional neural networks (DCNN)
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3- Self-organising map (SOM)



998 0,lods o oo (53y9LiS o iilo 4 pis S

Soslil Ly jogluas aldS 10 o)y 5l <ol slal b (3959 glas
godld iy o AV x OV olwl ay el lidley j0 (oS
OheriS slaasly paad ojlsl ja Ban o aa il 00l ojlul yus
5 (srlowlidd B3 g 0dl Jlley pgal CulS 398 Sl 5SS, 5
olal38l oo ooy Ll e85 salss plosil e (of stz
Al Olidss 4 do g b ool ojlul digy clls 1V cdly salgs

W3,5 Ol Sl AVY x OVY slel & casdS

slaodly degazme g0 pauad VoA Jold | svuw,liel degaze
Omanastio 45 g heutS &b paad Vel S S0 ilejl
5 Sk b jghiear Ol s ped (5)y5liS” Slisiod o)
53,5 Ll ol (st — oo a oy i) 3 izl
Gree 350 o Jie L)l Sl (ilol aesare o]
3y50 Oele (65500 y 500 o e g oS ol 3 ead Sk
Y Jsdo )0 LieudS sleodlrde sozme gols b 8,8 1,8 oolatul
4 (Egan (as 4w oh)oSll Sipl 4 drg L Cusl oad L))

oMb o35 GiesS Gilise slads )> sla She—) Jeia

Table 1- Golden raisin grading

a0 SR o3l Cdl g S
Grade Colour Size Shape & Texture
() ) sy GG g opbgy 2o O 9 S CElpSy cdl g plate IS
(Excellent) I_3right and Large and Reg_ular shape and

uniform golden uniform uniform texture
(Premium) Golden with slight Medium to Relatively regular with
spotting relatively large balanced texture
(55keal) Y a3 I)‘DM?( L )J)IZI o Lo ol )JT*D ulsl» 5 g»hwb }inw
Standard arker golden or - . rregular shape an
( ) spotted Medium size drier texture
( )\Gd~>)3 o)‘uggidblo.mb&) &959))) u9ﬂaﬁbuﬁb9p|ameiw

(Low Grade)

Inconsistent and
dark color

Small and tiny

Irregular shape and
undesirable texture

Mo 35 piedS a2y Jler sl tlejl g (omiwslisl (bigal slaodls w5 =Y Jgua
Table 2- The distribution of the training, validation, and test datasets
for the four grades of golden raisins

OhoalS A3, ijeel dlaaily  oviw,lasl dasi g0l Blae

Raisin grade Training samplesValidation samplesTest samples
(Grade 1)y 4> 560 270 30
(Grade 2) Y 4> 560 270 30
(Grade 3) ¥ 4 560 270 30
(Grade 4) ¥ 4> 560 270 30

(Sum) ggexe 2240 1080 120

B maplei phie iy B 3 01 iy ol
w2l 1) pgal mae plajer (3310 LSl asjlucslanes
alable p o 5 (gl (LS Glali8l el oS 48
waldadls 3 oolda cgemme plod ()l 5,L ay (g5l 1yj e 0
22 0 pbas plod (gojluil caldl )3 i 0)bSy g0ty s
Gy 50 pioren A5 00l s S OVY X OVY 4 diwd
1y 8 [+=¥00] (g0 3 il 3 45 U JuuSy yolie e 3lo Jloy
Gl bl b U s o polidie [+ ] (godga e 4y caizidly

295 pmld Jao 2al8 5l el

Shedlaiwl b yglas slaas law) daodls adol o315y (gdl> o 4o

Wl ol sl (b deedly eguas ili8l gla e,
0313 030] s e 9 03kl (glasid yguots pglias (gacgero
SSsl g g ;o yidy £oi ool wly Liuli8l 5 Gan La
Blas M | lasgorme glaie cnl (sl 92 G55l n i Sl
22 = OS2 g @lei SR 2l Al (W (siledig)ly ile
SFodpwS il (oyre 1) Jue CMss (pl S Jles] g5
0o s bas Jlasl g uad o )8 g als clyus |l
w0l il 38l lidee plogl 5l sy camd o yials 1y Jie bawes



(Grade 4) ¥ a>,>  (Grade 3) Y 4> >

(Grade 2) Y 4>, (Grade 1)V 4>

Fig. 1. Samples of golden raisins in four different grades
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Table 3- Raisin DCNN model architecture
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Bcl:c?crzlllllz BN layer fgr;\lluliyli/lraxpooling 16 5x5 512x512x16 6416
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Fig. 6. (a) Raisin_DCNN confusion matrix, and (b) receiver operating characteristic of the test raisins data
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Table 4- Performance of Raisin DCNN model using the test raisins dataset

Grade  Accuracy Precision Recall F1-Score
Grade 1 100.00 94.10 100.00  97.00
Grade 2 93.70 96.12 93.20  95.00
Grade 3 90.40 99.63 9333  96.25
Grade 4 100.00 90.12 93.34 9243
Accuracy 96.00
macro avg 94.99 94.97 95.17
weighted avg 94.99 94.97 95.17
Training and Validation Loss Training and Validation Accuracy
—— Training Loss 1.00
05
0.90
g g 0.85
o3 T
11 070 — Training Accuracy
[ 10 zgwm 30 a0 0 10 2;0(“ 30 40
b [ a

0,93 0+ Jgb ,> RaiSIN_DCNN s (s )licl g bj90l e ol Bg) (0 g (oriwwliel g gbjgel 8> g, (cill =Y JSKud
Fig. 7. (a) Training and validation accuracy, (b) Training and validation loss of Raisin_DCNN for 50 epochs
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Fig. 8. (a) Raisin_DCNN confusion matrix, and (b) receiver operating characteristic of the test raisins data
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Table 5- Performance of the InceptionVV3 model using the test raisins dataset

Grade

Accuracy Precision

Recall F1-Score

Grade 1
Grade 2
Grade 3
Grade 4
Accuracy
macro avg

91.10
89.20
89.30
90.40
90.00

weighted avg

88.20
96.30
100.00
79.50

91.00
91.00

97.30
87.40
87.10
90.00

90.45
90.45

92.00
91.50
93.20
84.30

90.25
90.25

oS sdily Liolejl slaodly (¢g, INCeptionResNEtV2 Juo 5 Slos =1 Jgu

Table 6- Performance of the InceptionResNetVV2 model using the test raisins dataset

Grade

Accuracy Precision

Recall F1-Score

Grade 1
Grade 2
Grade 3
Grade 4
Accuracy
macro avg
weighted avg

90.12
89.32
89.34
90.40
89.80

91.30
90.40
90.20
86.30

89.55
89.55

97.30
90.40
90.10
80.25

89.51
89.51

94.30
90.25
90.33
83.40

89.57
89.57

=15
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Fig. 9. Comparison of performance measures of Raisin_DCNN, InceptionV3, and InceptionResNetV2 models
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Table 7- Comparison of proposed work with similar studies
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3- Radial basis function
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1- Histogram oriented gradients (HOG)
2- Scale invariant feature transform (SIFT)



HOG + SVM) HOG + LR HOG + KNN

{Accuracy: 75.00%) 25 (Accuracy: 46.67%) {Accuracy: 40.00%)
16 14
Grade 1 Grade 1 Grade 1
20 14
12
§ Grade 2 15 § Grade 2 12 § Grade 2
5 5 10 ol 10
© o ©
2 10 2 8 2
g Grade 3 2 Grade 3 2 Grade 3 8
6
5 6
Grade 4 Grade 4 4 Grade 4
[} 2 a4
" b""b b”o) ¥ S S b kS - c“q' c"ﬂ) &
S o N & £ £ rod & S < £ e
<) © <) ) 9 <) € € ) ) ) )
Predicted Grade Predicted Grade Predicted Grade
SIFT + SVM SIFT + LR SIFT + KNN
(Accuracy: 27.50%) (Accuracy: 22.50%) " (Accuracy: 26.67%) n
Grade 1 1z Grade 1 10
10
@ 10 @ @ 9
© Grade 2 ° © Grade 2
I s 8 © 8
: ‘ : :
2 2 6 =1 7
© Grade 3 o ‘© Grade 3
< 6 < < 5
4
Grade 4 4 Grade 4 5
2 4
bo;\’ beq' bzo’ be,“ b‘?’\’ i bz’)" th
' & & & & & & &
) © <) € 9 <) €) )
Predicted Grade Predicted Grade Predicted Grade

calises Lg,\yc\m]o L;\.md’b” d‘)’. &99)’1 L;La:o.)b uw Cdd L ol).o.m u»l.w.,_cl dlmw)}‘.o —Ye Jﬂw
Fig. 10. Confusion matrices for different classification methods
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Table 8- Comparative analysis of the experimentation results of different methods for four grades of golden raisin
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Model Training Accuracy Test Accuracy

HOG-SVM 90.40 75

HOG-LR 95.30 46.67
HOG-KNN 82.25 40
SIFT-SVM 85.47 275

SIFT-LR 75.67 225

SIFT-KNN 79.59 26.67
Raisin_DCNN 92.34 96
InceptionV3 94.67 90

InceptionResNetV?2 90.45 89.80
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