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Abstract

Introduction: Jujube (Ziziphus jujuba Miller) is an economically and nutritionally valuable fruit crop,
particularly in arid and semi-arid regions. Drying is a critical postharvest operation that extends shelf life,
facilitates storage and transportation, and increases the commercial value of jujube. However, precise
determination of the drying status is essential for achieving consistent product quality. Inadequate drying
may result in excessive residual moisture and reduced storage stability, whereas over-drying can cause
undesirable changes in product quality and unnecessary energy consumption. Conventional approaches for
determining drying status, including moisture measurement, weight loss, and visual inspection, are often
time-consuming, destructive, or dependent on operator expertise. Computer vision combined with deep
learning offers a rapid and non-destructive alternative for automated assessment of agricultural products.
Although previous studies have demonstrated the effectiveness of deep learning for jujube maturity grading,
defect detection, quality classification, and non-destructive evaluation, relatively limited attention has been
given to the direct classification of jujube drying statuses using RGB images. Therefore, this study aimed to
develop a dedicated deep convolutional neural network, termed DCNN_Jujube, for automatic classification
of different drying statuses of Ghaenat jujube kernels and to compare its performance with transfer-learning
and conventional machine-learning approaches. In this study, drying was performed using a hot-air dryer at
70 °C with an air velocity of 1 m/s.

Materials and Methods: A dataset comprising 1,840 images of Ghaenat jujube kernels was established and
categorized into four drying-status classes: fresh, semi-dried, dried, and excessively dried. The dataset
consisted of 1,280 training images and 560 validation images, while an independent test set of 160 images
was used for final performance evaluation. All images were cropped and resized to 512 x 512 pixels. To
increase training-data variability and mitigate overfitting, augmentation techniques, including flipping,
cropping, translation, scaling, and rotation, were applied. The proposed DCNN_Jujube architecture was
specifically designed for the target four-class classification problem. The network comprised ten
convolutional blocks and two fully connected blocks and incorporated batch normalization, ReLU activation,
max-pooling, and dropout layers. A Softmax layer was used for final classification. For comparative
evaluation, two pretrained architectures, InceptionVV3 and InceptionResNetV2, were fine-tuned using the
jujube dataset. In addition, conventional machine-learning methods based on handcrafted HOG and SIFT
features were evaluated using support vector machine (SVM), k-nearest neighbors (KNN), and logistic
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regression classifiers. Model performance was evaluated using accuracy, precision, recall, Fl-score,
confusion matrix, and receiver operating characteristic (ROC) analysis.

Results and Discussion: The proposed DCNN_Jujube achieved the highest classification performance, with
an overall test accuracy of 97.00%. The corresponding precision, recall, and F1-score were 96.91%, 96.88%,
and 96.88%, respectively. These results demonstrate the strong capability of the proposed architecture to
discriminate among the four drying statuses. The fine-tuned transfer-learning models also achieved high
classification performance. InceptionV3 and InceptionResNetV2 obtained test accuracies of 95.63% and
96.25%, respectively. Although both pretrained models provided competitive results, their performance was
slightly lower than that of DCNN_Jujube. This finding suggests that a task-specific architecture can learn
visual representations more closely associated with the characteristics of jujube drying than general-purpose
pretrained models. In contrast, the conventional machine-learning approaches based on HOG and SIFT
features achieved lower classification accuracies, ranging approximately from 85.00% to 92.50%. The lower
performance of these methods may be related to the limitations of handcrafted features in representing the
complex and progressive changes in color, texture, shape, shrinkage, and surface appearance that occur
during drying. In comparison, the proposed convolutional network automatically learned hierarchical and
discriminative features directly from the images. The confusion matrix demonstrated that the majority of
samples were correctly assigned to their corresponding drying statuses. Some misclassification between
adjacent statuses was observed, which is reasonable because drying is a continuous process and the visual
differences between consecutive statuses may be subtle. The ROC analysis further confirmed the strong
discriminative capability of DCNN_Jujube. Overall, the findings demonstrate that RGB image-based deep
learning can provide an effective and relatively simple approach for non-destructive classification of jujube
drying statuses.

Conclusion: A dedicated deep convolutional neural network, DCNN_Jujube, was successfully developed for
the automatic classification of four drying statuses of Ghaenat jujube kernels using RGB images. The
proposed model achieved a test accuracy of 97.00%, with precision, recall, and F1-score of 96.91%, 96.88%,
and 96.88%, respectively, and outperformed both fine-tuned transfer-learning models and conventional
machine-learning approaches based on handcrafted features. The results demonstrate that a task-specific
deep-learning architecture can effectively extract discriminative visual characteristics associated with
progressive jujube drying and provide accurate multi-class classification. The proposed RGB-based approach
has potential as a rapid, non-destructive, and relatively cost-effective tool for drying-status assessment, online
quality monitoring, and intelligent process control. Further research should evaluate the model using larger
and more diverse datasets covering different cultivars, drying conditions, illumination environments, and
imaging configurations, followed by validation under real industrial processing conditions.
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Table (1) Characteristic of different Jujube drying status classes

Moisture —
Classes Drying Status Content (%) ctectable Alppeal’egnce Characteristicsby | -0 poced Indicators
(Wet Basis) mage Processing

Mean color (RGB/HSV), high
brightness, uniform texture,
large area
Decreased brightness, increased
texture features, slight
reduction in area
Coarse texture, high contrast,

Class 1 Fresh jujube  65-75% Bright red to yellowish-red colqr, smooth
and glossy surface, full size

Class2 Semi-dried  45-65% Dark red color, onset of W.rlnkllng, slight

volume reduction

Dark brown color, pronounced wrinkling,

Class 3 Dried 20-45% . . GLCM and LBP features,
noticeable volume reduction .
reduced diameter and area
Very dark brown to black color, severe \gzrgom brrlllghrt]gteesrs(,) ';ﬁg:d‘:r
Class 4 Over-dried <20% wrinkling, deformation, and possible ges, ighly 9

texture, pronounced reduction

crackin - ; .
g in area and circularity

Table (2) The distribution of the training, validation, and test datasets for the four classes of Jujube
drying status
Classes Training samples Validation samples  Test samples

Class 1 320 140 40
Class 2 320 140 40
Class 3 320 140 40
Class 4 320 140 40

Sum 1280 560 160
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Figure (1) Samples of Jujube kernels in four classes of Jujube drying statuses
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Table (3) Jujube DCNN model architecture
Filter

Block Operational layers Filters # size Activation Parameters
S e o s szesxis 1
Blockz  ENlayer + Relu - Mapooling 18 5%5 512x512x16 6416
Boks  ENlayer + Relu - Mapooling 2 33 256x256x16 440
Bcl:c?glll.zl BN layer f;re]z\lluliylsllraxpooling 32 33 128x128x32 9248
Bloks  ENlayer+Relu Magooling 04 33 04xBAxeL 18496
Bcl:c?glllé BN layer f;re]z\lluliylsllraxpooling 64 3x3 32x32x 64 36928
B?gglllf BN layer fgg\lluliy:/lraxpooling 128 3x3 16x16x128 73856
B?ggll/é BN layer f gr;\lluliyﬁ/lraxpooling 128 3x3 8x8x128 147584
Bcl:cc:gllllg BN layer Jrcgé\lluliy:/lraxpooling 192 3x3 4x4x192 147584
Blcé)%rllvio BN layer fg;\lluliyﬁ/lraxpooling 192 3x3 2x2x192 221376
B::dg:k 1 BN layer +DF§2fueialg‘argpout layer 1x1x192 37056

F.C. Dense layer + Softmax layer

Block 2 1x1x4 e

e NS F.C. (slats (55l 5 BN (2 4 55" :Conv™

1- Overfitting
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Figure(2) Jujube_DCNN model architecture
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Figure (6) (a) Jujube_DCNN confusion matrix, and (b) receiver operating characteristic of the test
Jujube data

Table (4) Performance of Jujube DCNN model using the test Jujube dataset
Classes Accuracy Precision recall  fl-score
Class 1 97.60 97.50 9750 97.50
Class 2 95.20 95.00 95.00 95.00
Class 3 97.60 95.12 97.50 96.30
Class 4 97.60 100.00 97.50 98.73
Accuracy 97.00
macro avg 96.91 96.88 96.88
weighted avg 96.91 96.88  96.88




Yoy

...‘5\ﬁé¢w&i}ljl§&4§?&d.\»wj20‘)&.«.»}@)»

100 Training and Validation Accuracy of jujube_DCNN -, Training and Validation Loss of Jujube DCNN
’ —— Training Accuracy ' —— Training Loss
0.95 Validation Accuracy Validation Loss
1.2
1.0
g 0.8
© a
3 S
4 0.6
0.4 \
0.2 -
0.60 | oy
S Sy
053 5 T 15 20 25 s 3 4 45 s °° 5 10 15 20 25 30 35 40 45 50
Epoch Epoch
(b (a
Figure (7) () Training and validation accuracy, (b) Training and validation loss of Jujube _DCNN for
50 epochs
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Figure (8) (a) Jujube _DCNN confusion matrix, and (b) receiver operating characteristic of the test
Jujube data

Table (5) Performance of InceptionVV3 model using the test Jujube dataset
Classes  Accuracy Precision recall fl-score
Class 1 95.60 97.44 95.00 96.20
Class 2 94.20 92.68 95.99 93.83
Class 3 96.90 95.00 95.00 95.00
Class 4 95.80 97.50 97.50 97.50
Accuracy 95.63
macro avg 95.66 95.87 95.63
weighted avg 95.66 95.87 95.63

Table (6) Performance of InceptionResNetVV2 model using the test Jujube dataset
Classes Accuracy Precision recall  fl-score
Class 1 97.20 97.50 96.50 97.50
Class 2 95.00 95.00 9450 95.00
Class 3 95.80 95.00 95.00 95.00
Class 4 97.00 97.50 9750 96.50
Accuracy 96.25

macro avg 96.25 95.88 96.00
weighted avg 96.25 95.88  96.00
97.50
97.00 W Accuracy M Precision Recal | Fl-Score
97.00
96.50 96.25
96.00
95.63
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Figure (9) Comparison of performance measures of Jujube _DCNN, InceptionV3, and
InceptionResNetV2 models
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Table (7) Comparison of proposed work with similar studies

Reference dataset size  Classes Model Accuracy
Yu, etal., (2011) 480 4 Support vector machines (SVM) 95
Incekara, et al., Pattern recognition artificial
(2024) 6300 2 neural network (PRNN) 895

Current reseach 1840 4 Jujube_ DCNN 97
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Figure (10) Confusion matrices for different classification methods
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Table (8) Comparative analysis of the experimentation results of different methods for four classes of
Jujube drying statuses

model Training Accuracy Test Accuracy
HOG-SVM 91.00 90.62
HOG-LR 88.20 87.50
HOG-KNN 84.30 85.00
SIFT-SVM 91.40 92.50
SIFT-LR 80.35 90.62
SIFT-KNN 80.12 88.12
Jujube_DCNN 95.00 97

InceptionV3 93.50 95.63
InceptionResNetV?2 92.80 96.25
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