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Abstract

Fruit variety recognition using digital images is an important component in developing automated systems for agricultural
handling and food-industry processing. The task is difficult because different fruit types may present nearly identical visual
patterns, while image acquisition factors such as illumination, viewing position, and image quality can reduce classification
reliability. To address this issue, this study designed a deep learning model for 131 fruit classes by adapting InceptionV3
through a transfer learning scheme. The pre-trained feature extraction layers were retained without retraining, while the
original output structure was replaced with task-specific layers consisting of global average pooling, a 1024-unit dense layer
with ReLU activation, and a softmax classifier. The image data were standardized to 224 x 224 pixels, augmented to
increase visual variation, and divided into training, validation, and testing subsets using an 80:10:10 ratio. The proposed
model produced an accuracy of 99.80%, with precision, recall, and F1-score values of 0.9900. These results exceeded the
performance of GoogLeNet, ResNet, and VGGNet, showing that the use of pre-trained InceptionV3 features, customized
classification layers, and augmentation can improve prediction consistency and reduce classification errors. Further
evaluation on unconstrained real-world images and optimization for real-time use are recommended for future development.
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1. Introduction

The increasing adoption of information technology and
artificial intelligence (AI) has accelerated the
development of automated solutions in many sectors,
including agriculture and the food industry [1], [2]. In
these sectors, the ability to identify and classify fruit
varieties accurately has become an important
requirement for supporting supply chain management,
product quality control, and operational efficiency in
agricultural distribution and trade [3-5]. As digital
agriculture continues to generate larger and more
complex visual data, automated fruit recognition
systems are increasingly needed to provide fast,
consistent, and accurate classification results [6], [7].
Compared with manual inspection, image-based
classification offers a more scalable alternative because

it reduces human dependency, processing time, and
subjective errors [8], [9]. Nevertheless, fruit
classification remains challenging when different
varieties share similar visual properties, particularly in
terms of shape, color, and surface texture. This problem
becomes more difficult when images are affected by
variations in illumination, viewpoint, resolution, and
overall image quality [10], [11].

Visual similarity among fruit varieties is one of the
main obstacles in image-based classification tasks [12].
Subtle differences between fruit classes may be difficult

to capture, especially when the dataset contains
heterogeneous images collected under different
conditions [13-15]. Changes in lighting, camera

position, image resolution, and object quality may alter
the visual cues used by the model during the learning
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process. In addition, environmental factors may cause
deformation, color variation, or texture changes in fruit
samples, further increasing the complexity of the
recognition task [16], [17]. Therefore, a more adaptive
deep learning approach is required to extract
discriminative features from visually similar fruit
varieties while maintaining robustness against image
variability.

Convolutional Neural Networks (CNNs) have been
widely used for image classification because of their
ability to learn hierarchical visual representations from
image data. Several CNN architectures, including
VGGNet [18-21], ResNet [22-24], and GoogLeNet [25-
28], have shown strong capability in handling complex
visual recognition problems. ResNet introduces residual
connections that help overcome the vanishing gradient
problem, allowing the network to learn from deeper and
more complex image representations [27], [29], [30].
GoogLeNet applies the Inception mechanism to capture
multi-scale features, enabling the model to recognize
both local details and broader contextual information
within an image. Meanwhile, VGGNet uses a simple
and structured convolutional design with small filters to
produce rich feature representations. The performance
of these architectures can be further strengthened
through transfer learning and data augmentation, which
help improve model adaptability under variations in
lighting, viewpoint, and image quality [31-33].

Several previous studies have demonstrated the
effectiveness of deep learning architectures in different
image classification domains. Chang (2024) [34]
applied MobileNet to identify implant-ridge
relationships and reported an accuracy of 95.28% on the
complete dataset and 99.21% under specific conditions.
The study showed that MobileNet can provide efficient
classification performance and is suitable for
implementation on devices with limited computational
resources, which is useful in clinical dentistry.
However, the study also had limitations because it used
only a single cross-sectional CBCT slice, which may
not fully represent the three-dimensional structure of
ridge defects. Furthermore, the analysis was limited to
fully healed posterior mandibular ridges, indicating the
need for further evaluation across different anatomical
regions and unhealed ridge conditions.

Al-Khater (2024) [18] also investigated deep learning-
based image classification by applying 3D VGG-16 and
3D ResNet-18 with the FABEMD technique for
malware detection. The method achieved strong
classification results, with VGG-16 obtaining 96.14%
and ResNet-18 achieving 99.64% on the Malimg
dataset, while the corresponding results on the MaleVis
dataset reached 98.60% and 99.46%. These findings
indicate that deep learning models can effectively
handle complex classification problems, including
previously undetected malware. However, the study
also emphasized that model performance depends
heavily on the availability of balanced and sufficiently
large datasets. In addition, although FABEMD
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increased the amount of training data, image
modification may change the original characteristics of
malware samples and increase the possibility of
misclassification.

Previous studies confirm that deep learning, particularly
CNN-based models, can achieve strong results in image
classification and has been increasingly applied in
agricultural image analysis [35-37]. Architectures such
as VGGNet, ResNet, and GoogleNet have proven
effective in learning complex visual patterns. However,
maintaining high classification accuracy remains
difficult when the data contain visually similar objects
and high image variability [38-41]. In the context of
fruit variety classification, many existing studies have
not specifically focused on designing a model that can
distinguish classes with highly similar shapes, colors,
and textures. This gap indicates the need for a
classification model that combines high accuracy,
robustness to image heterogeneity, and practical
relevance for agricultural image processing and food
industry applications [42], [43].

Although CNNs have shown strong potential in image-
based pattern recognition, standard architectures may
still be insufficient when applied to complex and
heterogeneous fruit image datasets [4], [44]. For this
reason, combining CNN architectures with transfer
learning, data augmentation, and architectural
optimization is considered a relevant strategy for
improving classification performance [11], [45], [46].
Transfer learning allows the model to reuse pre-trained
visual representations, reducing the need for extensive
training while improving feature extraction capability.
Therefore, this study develops a deep learning model
based on InceptionV3, transfer learning, and data
augmentation to improve the accuracy, robustness, and
efficiency of fruit classification across 131 classes. The
proposed model is expected to address the challenge of
distinguishing visually similar fruit varieties and to
support the development of automated classification
systems for agriculture and the food industry.

2. Methods

This study adopts a quantitative experimental design to
develop and assess a deep learning-based model for
image classification. The main objective is to evaluate
the model’s capability in recognizing and classifying
different fruit varieties based on visual image features.
To measure its performance objectively, the proposed
model is benchmarked against several widely used
CNN architectures, namely VGGNet, ResNet, and
GoogleNet. The evaluation is conducted using
standard classification metrics, including accuracy,
precision, recall, and Fl-score. The experimental
process uses an image dataset containing multiple fruit
varieties, which is first processed through a
preprocessing stage to produce consistent and suitable
input data. This stage plays an important role in
improving data quality, supporting the learning
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process, and enhancing the overall classification
performance of the model.

2.1 Dataset

The dataset in this study comprises fruit images with
diverse visual characteristics, such as variations in
shape, color, surface texture, and overall appearance.
The images were collected from a publicly accessible
Kaggle repository and represent fruit samples captured
under different lighting conditions, viewpoints, and
image resolutions. This variability is important
because it reflects practical classification conditions,
where differences between fruit varieties are often
subtle and visually difficult to separate. The dataset
includes several fruit categories, ranging from
common fruits such as apples, bananas, and oranges to
more specific varieties, including green grapes, kiwi,
and red mangoes. The image samples were divided
proportionally into training, validation, and testing
subsets to support model development and enable
objective performance evaluation. Representative
examples of the fruit images used in this study are
shown in Figure 1.
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Figure 1. Images of Various Fruit Varieties in the Dataset

apple_hit_1

This research utilized an image dataset of fruits and
vegetables sourced from an open-access Kaggle
repository. The dataset comprises 90,483 images
grouped into 131 classes, representing diverse visual
properties such as shape, color, texture, and general
appearance, as illustrated in Figure 1. From this
dataset, 67,692 images were used for training and
22,688 images for testing. The classes include widely
known fruits, such as apples, bananas, and oranges, as
well as more specific varieties, including green grapes,
red mangoes, kumquat, and persimmon. A structured
naming system is used in the dataset, allowing
different varieties of the same fruit type to be treated
as independent class labels.

The source images were originally provided at 100 x
100 pixels and were collected under controlled
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acquisition conditions. During image capture, the fruit
samples were placed on a motorized rotating platform
and recorded using a Logitech C920 webcam against a
white background to facilitate object separation. To
improve the clarity of the samples, a flood-fill-based
segmentation process was applied. This process
identifies background regions from the image
boundaries by measuring color similarity and then
converts those regions into a uniform white
background. As a result, the fruit objects are more
clearly separated from the background and become
more suitable for model training.

Before being processed by the classification models,
all images were resized to 224 x 224 pixels to satisfy
the input format required by the CNN architectures.
Data augmentation was then applied through several
transformations, including rotation, horizontal
flipping, zooming, and shifting. These transformations
were used to increase image variability and strengthen
the model’s robustness to changes in lighting, object
orientation, and camera perspective. Furthermore,
images from the “test-multiple fruits” folder, captured
with a Nexus 5X smartphone, were included to
evaluate how well the model performs under less
controlled and more realistic imaging conditions.

2.2 Proposed Model

The proposed model is designed by adapting and
improving the  GoogLeNet-based InceptionV3
architecture to handle the classification of fruit
varieties that share similar visual patterns. Several
architectural components are refined to strengthen the
model’s ability to learn detailed and discriminative
image features. In particular, the convolutional and
pooling mechanisms are utilized to capture complex
visual representations that are important for
distinguishing fruit classes with subtle differences in
shape, color, and texture.

In addition to architectural refinement, the model
applies transfer learning, extensive data augmentation,
and hyperparameter optimization to improve
classification performance. Transfer learning enables
the model to reuse feature representations learned by
InceptionV3 from large-scale image data, allowing
more efficient adaptation to the fruit dataset while
reducing training time. The complete structure of the
proposed model is illustrated in Figure 2.

Figure 2 presents the visual architecture of the
modified InceptionV3 model. To improve dataset
diversity, an extensive data augmentation strategy is
applied, including rotation, flipping, zooming, shifting,
and contrast adjustment. These techniques enhance the
model’s robustness against variations in lighting
conditions, camera angles, and image quality.
Hyperparameter tuning is also performed to optimize
the learning process and improve model accuracy and
stability.

A key modification in the proposed model is the
freezing of early layers in the original GoogLeNet-
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based InceptionV3 architecture, followed by the
addition of custom layers tailored to the fruit
classification task. These custom layers enable the
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model to focus on domain-specific features while
preserving the general feature extraction capability of
InceptionV3.
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Figure 2. Proposed Method Architecture

The detailed architectural modifications, including
frozen layers and additional customized layers, are
summarized in Table 1. This structured approach helps

the model maintain high classification accuracy while
improving its adaptability and robustness in real-world
fruit classification scenarios.

Table 1. Proposed Model Overview

Aspect

Description

Base Architecture
Transfer Learning
Strategy

Frozen Early Layers

Rationale for Freezing

Added Custom Layers

Custom Layer
Configuration

Optimizer and Loss
Function

Advantages of the
Proposed Model

The proposed architecture is built on InceptionV3, which belongs to the GoogLeNet family. This backbone is
selected because its Inception blocks can process image information at several feature scales within the same
network structure.

The feature extractor is initialized using weights obtained from large-scale image training, such as ImageNet.
By using these learned representations, the model can begin training with existing visual knowledge instead of
learning all features from the beginning.

The lower-level layers of the InceptionV3 backbone are kept fixed during training. These layers are excluded
from weight updates so that their previously learned visual representations remain unchanged.

The early convolutional blocks usually detect basic image cues, including edges, textures, contours, and simple
geometric patterns. Because these features are generally useful across different image datasets, they can be
reused without additional retraining.

The default classification part of InceptionV3 is replaced with a new head designed for fruit classification.
Global Average Pooling is used to summarize feature maps and reduce model complexity. This is followed by
a 1024-neuron dense layer with ReLU activation to learn task-related patterns, and a softmax layer to produce
class probabilities.

The output features from InceptionV3 are passed into a Global Average Pooling operation, followed by a
1024-unit dense layer using ReLU activation. The final layer applies softmax activation, with the number of
output neurons adjusted to the total number of fruit classes.

The training process uses Adam as the optimizer because it can adjust parameter updates adaptively during
learning. For the objective function, categorical cross-entropy is applied since the task involves classification
into multiple fruit categories.

This design improves efficiency by reducing parameter complexity through Global Average Pooling. It also
benefits from reusable visual features learned by the pre-trained backbone, while the added classification layers
allow the model to focus on visual characteristics that are specific to fruit varieties.

Table 1 presents the technical configuration used in the
proposed architecture. The model employs
InceptionV3 from the GoogleNet family as the main
feature-learning backbone because its Inception blocks
can process image information at different spatial
scales. To shorten the training process and retain
transferable visual knowledge, the backbone is
initialized with pre-trained weights, while the early
feature-extraction layers are kept fixed. These lower
layers are preserved because they commonly encode
general image cues, including edges, contours,

textures, and simple shapes, which remain useful for
fruit image recognition.

The default classification component of InceptionV3 is
replaced with a task-oriented head for fruit variety
classification. This head applies Global Average
Pooling to summarize feature maps and reduce model
complexity, followed by a 1024-neuron dense layer
with ReLU activation to learn more specific fruit-
related patterns. The final softmax layer generates
class probabilities for multi-class prediction. The
training process uses the Adam optimizer together
with categorical cross - entropy loss to support stable
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learning. Overall, this configuration is designed to
reduce unnecessary trainable parameters, improve
generalization, and strengthen the model’s ability to
distinguish visually similar fruit varieties.

2.3. Method Framework

This study is arranged as an experimental workflow
for developing and validating an image-based fruit
classification model. The proposed system is designed
to learn subtle visual cues, including color distribution,
shape structure, and surface texture, while remaining
robust to image variability caused by illumination
changes, camera viewpoint, and image quality. Based
on these conditions, the research process is divided
into several sequential stages.

The workflow shown in Figure 3 begins with dataset
preparation. In this stage, fruit images are collected

Input Various Fruit Varieties
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from public sources and processed to obtain
standardized input data. The images are resized to 224
x 224 pixels, cleaned through background removal,
and enriched using augmentation techniques such as
rotation, flipping, zooming, and shifting. The next
stage focuses on constructing the proposed CNN
architecture by combining transfer learning,
customized classification layers, and hyperparameter
adjustment. After that, the model is trained and
evaluated using standard classification indicators,
namely accuracy, precision, recall, and Fl-score. In
the final stage, the proposed model is compared with
VGGNet, ResNet, and GoogLeNet to determine its
effectiveness in classifying fruit varieties with
challenging visual similarities.
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Figure 3. The Method Framework

3. Results and Discussions
3.1 Data Preprocessing and Augmentation

The image dataset used in this experiment contains
fruit samples with diverse visual properties, including
differences in color, surface pattern, shape, and overall
appearance. Before the training stage, preprocessing
was carried out to make the input data more consistent,
while augmentation was applied to expand the visual
variation of the training images. Pixel normalization
was performed through rescaling so that the model
could process the image values more stably. Rotation
and zoom transformations were introduced to simulate
changes in viewing distance and angle, whereas width
and height shifting allowed the model to learn fruit
objects appearing in different image positions.
Horizontal flipping was also applied to increase
orientation diversity.

Through these transformations, the training data
became more varied and better suited for improving
model robustness. Figure 4 shows examples of

augmented images generated from the original fruit
samples. The augmented variations help the model
avoid depending on fixed object positions or specific
image orientations. As a result, the model can learn
more general fruit patterns and become more adaptable
when handling images captured under different visual
conditions.

Augmented Imgl Augmented Img2 Augmented Img3 Augmented Img4 Augmented Img5

JO000

Figure 4. Sample Images of Augmented Data

After the augmentation process, the dataset was
separated into training, validation, and testing subsets.
The training subset, representing 80% of the data, was
used to build the model’s ability to recognize visual
patterns from fruit images. The validation subset,
representing 10%, was used during training to observe
model behavior and control overfitting. The remaining
10% was assigned as the testing subset to measure the
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final performance of the trained model on unseen
samples. Stratified sampling was applied so that each
subset maintained proportional class representation,
allowing the evaluation process to remain fair and
consistent across all fruit varieties.

3.2 Model Training Classification

Four CNN architectures were evaluated in this study:
ResNet, GoogLeNet, VGGNet, and the Proposed
Model. The purpose of this comparison was to observe
how each architecture learned visual patterns from the

1.0
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fruit dataset and how effectively it performed the
classification task. Figure 5 presents the accuracy
curves during training, which show the development
of model performance across epochs.

Figure 5 presents the accuracy development of ResNet,
GoogLeNet, VGGNet, and the Proposed Model
throughout the training process. The curves show that
each architecture learns at a different rate because of
differences in network structure and optimization
behavior.
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Figure 5. Training Accuracy Curve: (a) ResNet, (b) GoogleNet, (c¢) VGGNet, (d) Proposed Model

ResNet (Figure 5.a) improves gradually in both
training and validation accuracy, indicating a stable
learning trend and acceptable generalization. However,
its slower increase suggests that additional epochs are
needed before the model reaches its best performance.
GoogLeNet (Figure 5.b) obtains high validation
accuracy during the early training stage, showing rapid
convergence. Even so, the early flattening of its
validation curve may indicate that the model reaches
its learning capacity quickly and has limited
improvement in later epochs. VGGNet (Figure 5.c)
shows unstable accuracy at the beginning of training
before becoming more consistent. This early variation
suggests that regularization techniques, such as
dropout or weight decay, may be useful for improving
its training stability.

The Proposed Model (Figure 5.d) shows the most
stable and effective accuracy pattern among the
evaluated models. It reaches high accuracy within

fewer epochs and maintains a close distance between
the training and validation curves. This indicates that
the model learns efficiently while reducing the
possibility of overfitting. The use of transfer learning,
customized classification layers, and augmentation
strategies helps the model capture more relevant fruit
features and improve classification performance.
Compared with VGGNet, the Proposed Model
produces a smoother accuracy curve, and compared
with ResNet, it reaches strong performance more
quickly.

Figure 6 shows the loss curves of the training and
validation processes for each model. These curves
describe how classification errors decrease as training
progresses. ResNet (Figure 6.a) produces a steady
reduction in loss, which indicates that the model
gradually learns useful image patterns. However, the
slight increase in validation loss during the later
epochs suggests a possible early sign of overfitting.
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GoogLeNet (Figure 6.b) reduces loss quickly at the
beginning of training, with both training and validation
loss approaching very low values. This result confirms
its fast learning ability, although the very low
validation loss also suggests early convergence.
VGGNet (Figure 6.c) decreases loss more slowly and
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shows fluctuations, especially in the initial epochs.
Although the loss continues to decline, the early
difference between training and validation loss
indicates that VGGNet requires better training stability
to achieve stronger generalization.
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The Proposed Model (Figure 6.d) demonstrates the
most consistent loss reduction among the evaluated
architectures. Its training and validation loss curves
remain close throughout the training process,
indicating that the model can reduce classification
errors without losing its ability to perform well on
unseen images. Compared with the other models, the
validation loss of the Proposed Model is lower and
more stable, showing that the applied transfer learning
scheme, refined layer configuration, and augmentation
strategy contribute to a more controlled and effective
learning process.

Figure 7 presents the confusion matrix results for
ResNet, GoogLeNet, VGGNet, and the Proposed
Model. These matrices provide a detailed view of how
each model assigns image samples to the correct or
incorrect fruit classes. Correct predictions are
concentrated along the main diagonal, while values
outside the diagonal represent classification mistakes.
Therefore, the confusion matrix helps reveal how well
each architecture separates fruit categories with similar
visual appearances.

ResNet (Figure 7.a) produces moderate classification
results, as several samples are still assigned to
incorrect classes outside the main diagonal. This
indicates that ResNet has difficulty separating fruit
varieties with close visual resemblance. GoogleNet
(Figure 7.b) performs better, with most predictions
appearing along the diagonal, suggesting stronger
feature learning and better generalization. VGGNet
(Figure 7.c) shows less consistent results, with more
errors than GoogLeNet, indicating that it may be less
effective in learning complex fruit-related visual
patterns.

The Proposed Model (Figure 7.d) achieves the clearest
classification pattern among all models. Most
predictions are concentrated on the main diagonal, and
only a small number of samples are misclassified. This
result shows that the model can distinguish fruit
varieties more accurately. The improvement is
supported by the combination of transfer learning,
fine-tuned classification layers, and optimized
augmentation. Overall, the confusion matrix confirms
that the Proposed Model provides the most reliable
classification performance, while ResNet produces
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moderate results and VGGNet shows higher
instability.
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Figure 7. Confusion Matrix (a) ResNet, (b) GoogleNet, (c) VGGNet, (d) Proposed Model

3.3 Discussion classifying different fruit varieties. The results indicate

. . . . that each model produces a distinct learning pattern,
This section discusses the comparative performance of . . . . )
which  influences its classification accuracy,

the four evaluated architectures, namely ResNet, convergence behavior, and ability to generalize to
GoogLeNet, VGGNet, and the Proposed Model, in genee ’ g
unseen fruit images.
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Figure 8. Comparison of Training Results: (a) Accuracy; (b) Loss
Figure 8 compares the training performance of Figure 8(a), the Proposed Model achieves the most

VGGNet, GoogLeNet, ResNet, and the Proposed consistent improvement in accuracy and reaches the
Model in terms of accuracy and loss. As shown in highest final performance among all tested
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architectures. GoogLeNet also shows rapid learning
during the early epochs, but its accuracy curve
becomes relatively stable after several iterations.
ResNet demonstrates gradual improvement, indicating
a slower but steady learning process. Meanwhile,
VGGNet records the lowest accuracy trend, suggesting
that it requires more training effort to extract
discriminative features from the fruit image dataset.

Figure 8(b) illustrates how the loss values of the four
evaluated architectures change during training. The
proposed architecture shows the most favorable loss
pattern, as its loss decreases more quickly and remains
lower than the other models across most epochs. This
indicates that the model can reduce prediction errors
more effectively during the learning process.
GoogLeNet also produces relatively low loss values,
although its curve tends to become stable earlier.
ResNet shows a more gradual loss reduction,
suggesting that it requires longer training to approach
optimal convergence. In contrast, VGGNet maintains
higher and more fluctuating loss values, indicating less
stable learning behavior.

The combined accuracy and loss trends in Figure 8
confirm that the proposed architecture achieves the
strongest balance between rapid convergence, high
classification accuracy, and stable error reduction.
These results indicate that the integration of transfer
learning, customized layers, and data augmentation
enables the model to learn fruit-related visual patterns
more effectively than the baseline CNN architectures.
The testing performance of ResNet, GoogleNet,
VGGNet, and the Proposed Method is summarized in
Table 2.

Table 2. Performance Evaluation of All Models

Model Recall  Precision F1-Score  Accuracy
Propose Method ~ 0,9900 0,9900 0,9900 0,9980
GoogleNet 0,9800 0,9800 0,9800 0,9870
ResNet 0,9200 0,9100 0,9100 0,9120
VGGNet 0,8800 0,8700 0,8700 0,8850

Table 2 reports the testing results of all evaluated
models using recall, precision, F1-score, and accuracy.
The Proposed Method produces the highest scores,
with recall, precision, and Fl-score values of 0.9900
and an accuracy of 0.9980. These results show that the
model can classify fruit varieties with very high
consistency and a low error rate.

GoogleNet ranks second, achieving 0.9800 for recall,
precision, and Fl-score, with an accuracy of 0.9870.
Although this result indicates strong -classification
capability, it remains slightly below the Proposed
Method. ResNet obtains moderate performance, with
an accuracy of 0.9120, while VGGNet shows the
weakest result, with an accuracy of 0.8850. The lower
performance of ResNet and VGGNet suggests that
these models are less effective in representing fine
visual differences among fruit varieties. Overall, the
results demonstrate that the proposed transfer learning-
based architecture provides the most reliable
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performance among the tested models. Figure 9 shows
several prediction examples generated by the Proposed
Method.

Pred: apple_braeburn_1

| 1 Pred: apple_bracbum_1
True: apple_braeburn 1

¥ i Pred: apple_braeburn_1
True: apple_braeburm 1

| 1 Pred: apple_braeburn_1
True: apple_braeburn_1

¥ . Pred: apple_braeburn_1
True: apple_braeburm 1

True: apple_braeburn_1

Pred: apple_braeburn_ 1 Pred: apple_braeburn 1 Pred: apple_braebum_1  Pred: ap Pred: apple_braeburn_1
True: app\ “braebum True: app\ bracbun 1 True: app\ bracbum 1 True app\c orad b o T app\c ~oracbum 1

Figure 9. Classification Results of the Proposed Model

Figure 9 presents several classification examples
produced by the Proposed Method. Each image is
accompanied by the predicted label and the actual
label, allowing direct observation of the model’s
prediction correctness. In the displayed samples, all
fruit images are classified correctly, as indicated by the
matching predicted and true labels. This result shows
that the model can recognize the visual characteristics
of the tested fruit samples accurately.

Although the displayed examples confirm strong
prediction performance on this subset, further
evaluation remains necessary using images captured
under more varied real-world conditions. Since the
dataset was mainly obtained in a controlled setting,

additional testing with uncontrolled lighting,
background variation, and camera viewpoints is
important to assess the model’s practical

generalization ability.

4. Conclusions

This study proposed and evaluated a CNN-based deep
learning model for fruit variety classification using
image data. The experimental results show that the
proposed architecture achieved the best overall
performance compared with ResNet, GoogLeNet, and
VGGNet. The model obtained an accuracy of 99.80%,
with precision, recall, and Fl-score values of 0.9900,
indicating highly accurate and consistent classification
with a very low misclassification rate.

The superior performance of the proposed model is
supported by the integration of transfer learning,
refined convolutional components, and extensive data
augmentation. These strategies enable the model to
capture detailed visual characteristics and improve its
ability to distinguish fruit classes with similar
appearances. The comparative results further indicate
that GoogLeNet achieved competitive performance but
tended to converge earlier, ResNet required a longer
training process, and VGGNet produced lower results
due to weaker feature representation.

The confusion matrix, accuracy curve, and loss curve
confirm that the proposed architecture learns stably,
converges efficiently, and generalizes well to unseen
data. Therefore, the model offers a promising solution
for automated fruit classification, particularly for
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agricultural monitoring, post-harvest sorting, and food
industry automation. Future research should evaluate
the model using more diverse real-world images,
optimize the architecture for real-time implementation,
and incorporate explainable artificial intelligence to
improve model transparency and interpretability.
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