Zero : Jurnal Sains, Matematika, dan Terapan
E-ISSN : 2580-5754; P-ISSN : 2580-569X
Volume 10, Number 1, 2026

DOI: 10.30829/zero.v10i1.28735

Page: 224-236

Geometric Data Augmentation with a Two-Stage Fine-Tuning Strategy
for EfficientNetB3-Based Fruit Condition Classification

"Hana Sajida Azhurra
Department of Mathematics, Ahmad Dahlan University, Yogyakarta, 55191, Indonesia

2Sugiyarto Surono
Department of Mathematics, Ahmad Dahlan University, Yogyakarta, 55191, Indonesia

3Aris Thobirin
Department of Mathematics, Ahmad Dahlan University, Yogyakarta, 55191, Indonesia

Article Info ABSTRACT

. . Accurate fruit condition classification 1s essential for automated food safety
Article history: assessment, particularly due to health risks associated with chemical
Accepted 25 March 2026 contaminants such as formalin. However, reliable generalization in automated
mspection systems remains challenging because limited visual variation in image
datasets often leads to overfitting in deep learning models. To address this
challenge, this study proposes an EfficientNetB3-based framework that
Integrates geometric data augmentation with a structured two-stage fine-tuning

Keywords: strategy to improve robustness and training stability. The proposed model
I achieved 99% test accuracy with consistent cross-dataset performance. The

Deep Learning; B K al ) ted stabl imization behavi .
. . ramework als >monstrated stable imization behavior across trainin,
EfficientNetB3: amework also demonstrated stable opt ation behavior across tra g

stages, indicating 1mproved generalization capability. From a practical
perspective, the proposed approach may support scalable food quality
monitoring and automated sorting in agricultural supply chains, as well as
preliminary food safety screening in large-scale inspection processes.

Fruit Condition Classification;
Geometric Data Augmentation;
Two-Stage Fine-Tuning.

This 1s an open access article under the CC BY-SA license.

©NOI®

Corresponding Author:

Hana Sajida Azhurra,

Department of Mathematics,

Ahmad Dahlan University

Email: 2200015015@webmail.uad.ac.id

1. INTRODUCTION

Recent advances in data availability and computational power have significantly accelerated the development
of deep learning methods for automated visual analysis, particularly in computer vision applications [1]. In the
food industry, computer vision techniques are increasingly applied to support food quality and safety monitoring
through automated inspection systems [2]. Digital fruit images containing variations in color, texture, and surface
conditions have therefore become an important resource for automated classification tasks in food quality
monitoring [3]. To effectively analyze complex visual characteristics such as fruit color and texture, deep learning,
particularly Convolutional Neural Networks (CNNs), has become the dominant approach for extracting
hierarchical visual features that are often difficult to detect through manual inspection [4][5][6].

Beyond quality assessment, identifying fruit conditions is critical for food safety, particularly regarding illegal
formalin preservation [7][8]. Since contaminated fruits often mimic fresh products, manual inspection is
frequently insufficient in resource-limited regions [9][10]. Consequently, automated visual inspection systems 1s
essential to prevent hazardous products from entering the supply chain and to support scalable regulatory
monitoring [11][12][13].
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To effectively implement such automated visual inspection systems, model robustness and generalization
are critical considerations. Limited visual variation in image datasets can lead to overfitting in CNN-based models,
thereby reducing their ability to generalize to unseen data [14][15]. Geometric data augmentation is widely used
to address this issue by introducing controlled spatial transformations that increase visual diversity without
expanding the dataset size [16][17]. Additionally, when target datasets differ substantially from large-scale
pretraining datasets such as ImageNet, careful adaptation strategies are required to ensure stable knowledge
transfer [18]. A two-stage fine-tuning strategy can therefore be applied to gradually adapt pretrained feature
representations to the target dataset while preserving useful pretrained features [19][20].

From an architectural perspective, EfficientNet represents a significant advancement in CNN architecture
by achieving a balance between accuracy and computational efficiency through compound scaling of network
depth, width, and resolution [21][22]. Among its variants, EfficientNetB3 provides a favorable trade-off between
representational capacity and computational cost, making it suitable for image classification tasks with moderate
dataset sizes [23]. Previous studies have reported strong performance of EfficientNetB3 in fruit image
classification tasks, including apple and tomato recognition [24].

However, most previous studies have primarily focused on distinguishing visual quality differences between
fresh and rotten fruit [25][26], leaving chemically treated samples and the integration of structured two-stage fine-
tuning strategies underexplored. To address these gaps, this study proposes an EfficientNetB3-based fruit
condition classification framework that integrates geometric data augmentation with a structured two-stage fine-
tuning strategy to improve model generalization and training stability. The proposed framework 1s designed to
facilitate automated visual screening of fruit conditions, including chemically treated samples, thereby supporting
scalable food safety monitoring and automated sorting processes.

2. RESEARCH METHOD

This study employed a quantitative experimental design using a computational deep learning approach.
The objective was to evaluate the performance of an EfficientNetB3-based classification model enhanced with
geometric data augmentation and a two-stage fine-tuning strategy. The experimental framework was designed to
ensure reproducibility through systematic data preprocessing, controlled training procedures, and standardized
evaluation metrics. The method of this study consists of several steps, start from collecting the data, splitting the
data, and preprocessing phases such as normalization, resizing, and applying geometric augmentation to the data.
The EfficientNetB3 model is trained using a two-stage fine-tuning strategy, followed by a model evaluation. The
complete workflow of this research 1s illustrated in Figure 1.

Dataset Splitting Preprocessing
Collection Data Data
| Resize |

Model Two-Stage
Evaluation Fine-Tuning Pretrained Model

Figure 1. Rescarch Flow

|
2

Geometric
Augmentation

Normalization

2.1 Dataset Collection

The dataset consisted of 10154 fruit images obtained from a public repository on Mendeley Data. The
dataset included five fruit types: apples, bananas, oranges, grapes, and mangoes. Each fruit type was categorized
ito three condition classes: fresh, formalin-mixed, and rotten. Representative examples of the dataset are
presented in Figure 2.
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Figure 2. Sample fruit images by type and condition category
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Although the primary dataset was obtained from a public repository [28], several methodological strategies
were implemented to mitigate potential dataset limitations and to evaluate model robustness under environmental
variability. According to the dataset documentation, the images were captured using multiple mobile cameras
under varying environmental conditions, including differences in lighting, camera angles, image resolution, and
weather conditions, which introduce natural variability in image acquisition [28]. The dataset metadata further
provides quantitative indicators of acquisition diversity. Specifically, the images were captured using three
different mobile devices (Apple iPhone 15 Pro Max, Redmi POCO M2 Reloaded, and Redmi Note 9 Pro), with
Image resolutions ranging approximately from 780 x 960 pixels to 3000 x 3000 pixels. Environmental metadata
also indicates that images were acquired under different weather conditions (primarily sunny and foggy
environments) with recorded temperatures ranging from approximately 24°C to 34°C across multiple collection
locations in Sylhet, Bangladesh. These characteristics provide measurable evidence of environmental variability
in terms of acquisition devices, illumination conditions, and image quality within the dataset. To further quantify
visual variability within the dataset, additional image-level statistics were computed, including brightness, edge
density, and entropy. Brightness provides a numerical indicator of lighting varation, while edge density and
entropy quantify structural and background complexity within the images. The summary of these quantitative
indicators 1s presented in Table 1.

Table 1. Quantitative Analysis of Image Characteristics Across Fruit Conditions

.. Brightness Edge Density Entropy
Condition (mean + std) (mean =+ std) (mean =+ std)
Formalin-mixed 154.73 + 11.04 0.004 = 0.002 449 £ 0.15
Fresh 168.65 + 35.60 0.008 = 0.002 3.91 +1.20
Rotten 159.99 + 17.73 0.011 £0.011 4.49 + 0.66
Table 1 shows measurable differences in visual characteristics across fruit condition classes. Fresh fruit

exhibits the highest mean brightness (168.65 + 35.60), indicating relatively stronger lighting conditions and surface
reflectance. Rotten fruit displays the highest edge density (0.011 + 0.011), compared with formalin-mixed (0.004
+ 0.002) and fresh fruit (0.003 = 0.002). This higher edge density reflects increased structural variability and
surface irregularities, which are commonly associated with visual degradation in spoiled fruit such as wrinkles,
dark spots, and uneven textures. In contrast, fresh fruit generally presents lower edge density due to smoother
and more uniform surface characteristics. Entropy values further indicate variations in visual complexity within
the images. Rotten and formalin-mixed samples exhibit higher entropy values (4.49 + 0.66 and 4.49 + 0.15)
compared with fresh fruit (3.91 + 1.20), suggesting more heterogeneous visual patterns caused by irregular
textures, color variations, and local structural changes. In addition to lighting conditions and texture variability,
viewpoint diversity was examined through an estimated camera angle distribution analysis in Table 2.

Table 2. Estimated Camera Angle Distribution

Camera Angle Images Percentage
Top view 102 85.0%

Oblique view 10 8.3%
Side view 8 6.7%

A random sample of 120 images (approximately 1% of the dataset) was selected to provide a representative
subset while maintaining computational feasibility for manual inspection. For each sampled image, the fruit object
was enclosed using a fruit bounding box, defined as the minimum rectangular region that fully contains the fruit
in the image. The camera angle was approximated using the aspect ratio of the bounding box, computed as the
ratio between the shorter and longer sides. Because most fruits exhibit approximately spherical shapes, top-view
images tend to produce nearly circular projections with similar width and height values. Based on this geometric
observation, heuristic thresholds were applied to categorize viewpoints: ratios greater than 0.90 indicate top-view
images, ratios between 0.75-0.90 indicate oblique views, and ratios below 0.75 correspond to side views where
the projected shape becomes increasingly elongated. The results show that approximately 85.0% of the images
correspond to top-view angles, while 8.3% represent oblique views and 6.7% side views. Although the dataset 1s
dominated by top-view images, the presence of oblique and side views indicates natural viewpoint variation within
the image collection.

To further evaluate model generalization beyond the five fruit types used during training, an independent
external dataset consisting of 100 fruit images was collected from heterogeneous sources, including publicly
available web images and self-captured photographs obtained under a standardized distance of approximately 25
cm with a fixed top-down camera angle. This external dataset includes fruit varieties not present in the training
data, such as pears, melons, and strawberries, enabling cross-variety evaluation of the model’s ability to learn
condition-related visual patterns rather than fruit-specific characteristics. Due to biosafety and regulatory
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considerations associated with handling chemically treated food samples, the formalin-mixed class was not
included in the external dataset. Preparing or handling fruit samples containing formalin requires controlled
laboratory conditions and certified chemical safety procedures, which were beyond the scope of this study.
Therefore, the external evaluation focuses on visually observable conditions (fresh and rotten), which represent
the most common quality degradation patterns encountered in retail markets and agricultural supply chains.

Importantly, the external dataset also enables an experimental comparison across environments, as the
images originate from heterogeneous acquisition conditions different from the primary dataset. The inclusion of
web-sourced 1mages and independently captured photographs introduces variations in background composition,
lighting conditions, and camera characteristics. Evaluating the trained model on this external dataset therefore
provides an indirect assessment of model robustness under diverse environmental conditions beyond the original
training distribution. To ensure evaluation independence, the external dataset was manually screened to avoid
any overlap with the primary dataset used for training, validation, and testing. Together, geometric data
augmentation, controlled hyperparameter selection, and cross-dataset evaluation serve as mitigation strategies to
reduce dataset bias and assess the robustness of the proposed model.

2.2 Data Splitting Procedure

The fruit dataset was split in two steps. Initially, 909 of the data was allocated to the training and validation
sets, and the other 109 was allocated to the test set. Out of the 90% allocated to the training and validation sets,
80% was allocated to the training set and 209% was allocated to the validation set. This resulted in a split of 72%
training, 18% validation, and 10% testing. This method has a final count of 7310 images for training, 1828 images
for validation, and 1016 images for testing. Splitting in two steps hierarchically ensures class balance 1s preserved
for all subsets of the data to maintain balance and proportion. It should be noted that this data splitting procedure
applies only to the primary dataset. The external dataset used for cross-dataset evaluation was kept entirely
separate and was not included in the training, validation, or testing partitions.

2.3 Pre-processing

The 1mages in the training set were preprocessed to align with the specifications of EfficientNetB3 and to
ensure stable training. The preprocessing process involved several steps. First, the images were resized to match
the model’s required iput resolution. Next, geometric data augmentation was applied, followed by data
normalization.

a. Resize

All 1mages were resized to 300 x 300 pixels to conform to the mput resolution required by the
EfficientNetB3 architecture [27]. This resizing step ensured uniform input dimensions across the dataset and
enabled the model to process the images consistently during training and evaluation. Standardizing the image size
also facilitated optimal feature extraction by aligning the spatial resolution of the input data with the pretrained
network configuration.

b. Geometric Data Augmentation

Geometric transformations were applied to the training images to increase visual diversity without altering
the class labels [28]. These transformations did not increase the total number of images in the dataset, as they
were generated on-the-fly during the training process through the data loader mechanism, meaning that no
additional images were permanently stored. Consequently, the total number of images remained constant, while
visual variability was continuously introduced through random transformations at each tramning iteration. To
improve the model’s ability to generalize to variations in real-world image conditions, geometric augmentation
was used to modify the position, scale, and rotation of objects within the images [29]. By introducing controlled
spatial transformations, this strategy helps mitigate spatial environmental bias by exposing the model to diverse
object orientations, positions, and scales. As a result, the model becomes less sensitive to camera angle and
framing differences while preserving semantic consistency across classes. The parameter values and application

IS

probabilities used for geometric data augmentation are summarized in Table 3

Table 3. Geometric Data Augmentation Parameters and Probability Values

Transformation Parameters Probability
Horizontal Flip - 0.5
Vertical Flip - 0.3
Random Rotate 90 - 0.3
Shift Scale Rotate shift_limit = 0.05, scale_limit = 0.10, 0.5

rotate_limit = 20°
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The probability values for Horizontal Flip, Vertical Flip, and Random Rotate 90 indicate how frequently
each transformation is applied to the images during training [30]. The Horizontal Flip operation mirrors the
image along the vertical axis, while the Vertical Flip mirrors the image along the horizontal axis. Horizontal Flip
was assigned a higher probability (p = 0.5) because horizontal orientation changes commonly occur in real-world
image acquisition. In contrast, Vertical Flip was applied with a lower probability (p = 0.3) to avoid generating
unrealistic object orientations that rarely occur in natural fruit photography. These transformations help expose
the model to different object orientations while preserving the semantic structure of the fruit images. The Random
Rotate 90 transformation randomly rotates the image by multiples of 90 degrees, introducing additional
orlentation variability without distorting object geometry. In the Shift Scale Rotate transformation, the parameters
control the maximum limits of positional shift, scaling variation, and rotation angle that can be randomly applied
to the images during training. The shift imit of 0.05 allows the object position to vary within 5% of the image
dimensions, simulating small camera framing variations commonly observed during image capture. The scale
limit of 0.10 enables moderate object size variation to account for differences in camera distance while avoiding
unrealistic magnification or shrinking of the fruit object. The rotation limit of 20° introduces moderate orientation
variability while preserving the natural appearance of the fruit images, since extreme rotations are less common
in typical fruit photography settings. The hyperparameter values for these geometric transformations were
determined based on preliminary experiments and commonly adopted practices in image-based deep learning
studies. This configuration aims to introduce sufficient spatial variability while preserving realistic fruit geometry
and preventing excessive distortions that could negatively affect model learning.

c.  Data Normalization

Each image pixel value was normalized using mean values of (0.485, 0.456, 0.406) and standard deviation
values of (0.229, 0.224, 0.225), following the preprocessing scheme applied to the ImageNet dataset [31]. Z-score
normalization was employed, where each pixel value was transformed as shown in (1) [32]:

X—u (1

Xnew =

Where X, represented the normalized pixel value, while X denoted the original pixel value. The symbol

U referred to the mean value of each color channel (R, G, B), and o represented the standard deviation of each

channel. To ensure that each pixel followed the distribution defined by the mean and standard deviation of the
EfficientNetB3 input, normalization was applied independently to each channel.

2.4 Pre-trained Model

This study utilized a pretrained model to facilitate the extraction of more complex features and enhance
visual pattern understanding within the dataset. The selected model, EfficientNetB3, consisted of multiple
convolutional layers and MBConv blocks arranged in various configurations. This architecture employed a
compound scaling technique that proportionally adjusted the network depth, width, and mput resolution,
resulting in more efficient feature extraction compared to conventional CNN architectures [21]. The
incorporation of Squeeze-and-Excitation (SE) modules within the MBConv blocks enhanced the model’s
sensitivity to intricate visual variations by adaptively recalibrating channel-wise feature responses [33]. With these
pretrained feature representations, EfficientNetB3 provided a strong initialization prior to the application of the
two-stage fine-tuning process.

2.5 Two-Stage Fine-Tuning

The model training process employed a two-stage fine-tuning approach to ensure more stable adaptation to
the characteristics of the target dataset. Training was conducted using the AdamW optimizer together with an
early stopping mechanism to prevent overfitting when the validation performance no longer improved [34]. In
Stage-1, the entire EfficientNetB3 backbone (feature extractor) was frozen, allowing weight updates to occur only
in the classifier layer, which had been modified to output three classes corresponding to the fruit condition
categories in the target dataset. At this stage, parameter updates conceptually followed the fundamental gradient-
based optimization rule [35], expressed in (2) and (3):

4 _ C
X backbone = Xbackbone (2)

x’cls = Xcis — 771ch15 3)

From equation (2), Xpgcrpone denoted the backbone parameter value alter an optimizer step, while
Xpackponerepresented the original backbone parameter. This indicated that no updates were applied to the
backbone parameters. From (3), only the classifier parameters were optimized using a learning rate of 1 X 1073,
where x/;; denoted the updated classifier parameters after the optimization step, 7, represented the learning
rate in Stage-1, and V., L denoted the gradient of the loss function with respect to the classifier parameters.
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Freezing the backbone in Stage-1 allowed the classifier layers to adapt to the target data without altering the
general visual features learned during ImageNet pretraining. In Stage-2, all EfficientNetB3 layers were unfrozen
so that the model could learn feature representations more specific to the target dataset. Training at this stage
employed a smaller learning rate of 1 X 10™%. Parameter updates continued to follow the fundamental gradient-
based optimization rule [35], and the update formulation became (4):

xlcls = Xcis — nzvxclsL (4)

Here, 1, represented the learning rate in Stage-2, where 17, < 7;. The use of a smaller learning rate
prevented excessively large parameter updates and helped preserve useful feature representations learned during
pretraining. This two-stage strategy effectively refines the model's feature extraction capability while ensuring
stable classification across the three categories. By initially freezing the backbone, parameter updates are
constrained to the classifier layer, which regulates early-stage adaptation and stabilizes the learning dynamics. This
approach prevents abrupt shifts in the learned feature space and preserves pretrained representations. Such a
controlled mechanism promotes stable convergence before transitioning to Stage-2, where deeper feature
refinement is performed under a reduced learning rate.

In addition to the training strategy described above, several training hyperparameters were specified to
ensure stable optimization during the fine-tuning process. The model was trained using the AdamW optimizer
with a batch size of 8 and a weight decay coeflicient of 1 X 1075 to improve regularization and reduce the risk
of overfitting. The learning rates applied in Stage-1 and Stage-2 correspond to the values defined in the
optimization formulations (; and 72) described earlier. Training was conducted for 10 epochs in Stage-1 and
up to 5 epochs in Stage-2, with an early stopping mechanism applied to terminate training when the validation
performance no longer improved. These hyperparameter settings help maintain stable gradient updates while
allowing gradual adaptation of the pretrained EfficientNetB3 representations to the target dataset.

2.6 Model Evaluation

The model was evaluated using the test set, which consisted of images that were not used during the training
or validation phases. Various evaluation metrics and a confusion matrix were employed to assess the model’s
performance. The confusion matrix comprised four components: True Positive (TP), False Positive (FP), True
Negative (TN), and False Negative (FN). These components enabled the assessment of prediction correctness
and error distribution. Evaluation metrics were computed based on the TP, FP, and FN values for each class k,
denoted as TPy, FPy, and F Ny. The formulas for precision and recall are presented in (5) and (6) [36]:

precicion — TP %)
recisiony = —TPk T FPk
TP, (©)
Recall, = ——*
Tk TP, + FN,

Where k = 1,2,3. To obtain a more balanced evaluation between precision and recall [36], the F1-score
was calculated as shown in (7):
Precision;, X Recall, (7)

Fl, =2x —
k Precision, + Recally

Accuracy was defined as the ratio of correctly predicted samples to the total number of evaluated instances
in multi-class classification. Accordingly, accuracy was calculated as shown in (8):
Y3 TP, ®)

N

Where TP;, denotes the number of correct predictions for class k, and N represents the total number of
samples 1n the test set. This formulation is consistent with the general definition of accuracy as the proportion of
correct predictions over the entire dataset [37], thereby enabling a fair evaluation of the model’s performance in
multi-class classification.

Accuracy =

2.7 Software and Hardware Environment

The proposed model was implemented in Python using the PyTorch deep learning framework, with
experiments conducted in Visual Studio Code. Training was performed on a laboratory workstation equipped
with an NVIDIA CUDA-enabled GPU (16 GB memory) to accelerate computation. Stage-1 fine-tuning was
conducted for 10 epochs (approximately 2.5 minutes per epoch), while Stage-2 fine-tuning required 5 epochs
(approximately 6.5 minutes per epoch). Overall, the complete two-stage training process required approximately
one hour. These results indicate that the EfficientNetB3-based two-stage fine-tuning approach is computationally

feasible for research-scale implementation without requiring high-end infrastructure.
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3. RESULT AND ANALYSIS

This section presents the results and discussion obtained from the series of experiments conducted
throughout the study. The content is arranged systematically to illustrate the model’s workflow from training to
final evaluation. This section 1s structured into five main components: the two-stage fine-tuning training strategy,
comparative performance analysis, augmented versus non-augmented evaluation, external validation for
generalization assessment, and discussion of ethical and technical imitations. Each part i1s supported by relevant
figures and tables to provide a comprehensive understanding of the findings.

3.1 Two-Stage Fine-Tuning

The EfficientNetB3 architecture was trained using a two-stage fine-tuning strategy to obtain more optimal
feature representations. This approach divided the weight-adjustment process into two stages, allowing the model
to gradually learn from general features to more specific visual patterns in the fruit images.

a. Stage-1 Fine-Tuning

In the first stage, as described in the methodology, only the classifier layer was trained, allowing the model
to adapt gradually to the fundamental characteristics of the dataset. Figure 3 illustrates the progression of training
and validation accuracy during Stage-1 fine-tuning, where only the classifier layer was updated while the pretrained
backbone remained frozen. A gradual upward trend is observed in both curves, indicating stable adaptation of
the classification layer to the fruit dataset.

—®— Train Acc —@—Val Acc
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Figure 3. Training and validation accuracy during Stage-1 Fine-Tuning

At epoch 1, training and validation accuracy were 0.6656 and 0.7226, respectively, indicating that pretrained
features already provided meaningful representations. From epoch 1 to 4, both metrics increased steadily,
reflecting effective adaptation of the classifier layer. Because only a limited number of parameters were updated,
training remained stable without abrupt fluctuations. Between epochs 5 and 10, accuracy continued to improve
gradually, reaching 0.7912 (training) and 0.8348 (validation). The consistent upward trend and absence of
oscillations indicate stable optimization. Validation accuracy remained slightly higher than training accuracy
across most epochs, suggesting that Stage-1 fine-tuning did not induce overfiting and maintained good
generalization despite limited parameter updates.

Figure 4 presents the training and validation loss curves during Stage-1 fine-tuning. The training loss exhibits
a steady downward trend across epochs, decreasing from approximately 0.9355 in the first epoch to 0.5253 at
epoch 10. This consistent reduction indicates that the classifier layer increasingly improved prediction confidence
and reduced classification error.
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w
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Figure 4. Training and validation loss during Stage-1 Fine-Tuning
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The validation loss curve exhibits noticeable fluctuations during Stage-1. Initially, validation loss was
relatively high before decreasing substantially to 0.7673 by epoch 4. Although a discernible gap between training
and validation accuracy is observed, this discrepancy does not progressively widen across epochs, nor is it
associated with a sustained increase in validation loss. Both accuracy metrics demonstrate consistent upward
trends, while validation loss ultimately declines to 0.4098 by epoch 10, closely following the downward trajectory
of the traming loss. The temporary spike around epoch 5 likely reflects the constrained adaptability of the
classifier under frozen backbone parameters. With feature representations fixed, the classifier layer adjusts
decision boundaries within a limited feature space, which may result in transient instability when processing
visually ambiguous samples. Importantly, the absence of sustained divergence between training and validation
loss suggests that Stage-1 did not induce progressive overfitting. Instead, it can be interpreted as a controlled
adaptation phase that stabilizes the classifier before full-network fine-tuning. From a transfer learning perspective,
this boundary-level adjustment helps preserve pretrained representations while enabling gradual task-specific
adaptation, thereby providing a stable foundation for Stage-2 refinement. Nevertheless, to further minimize
potential overfitting risks, several regularization strategies could be considered in future implementations, such
as Increasing augmentation intensity, incorporating dropout in the classifier layer, adjusting weight decay
parameters, or refining early stopping sensitivity. These approaches may provide additional control over training
dynamics during early-stage adaptation.

b. Stage-2 Fine-Tuning

Figure 5 illustrates the progression of training and validation accuracy across the five epochs of Stage-2 fine-
tuning. A consistent upward trend 1s observed in both curves, indicating stable optimization after unfreezing the
backbone layers.

—@—Train Acc —@—Val Acc

1
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g 09
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Figure 5. Training and validation accuracy during Stage-2 Fine-Tuning

At epoch 1, training and validation accuracy were 0.8348 and 0.9450, indicating strong pretrained feature
representations from Stage-1. After unfreezing the backbone, training accuracy increased sharply to 0.9316 at
epoch 2, reflecting rapid feature adaptation. From epoch 2 to 5, both metrics improved gradually, reaching 0.9758
(training) and 0.9907 (validation). The small final gap between training and validation accuracy suggests minimal
overfitting and strong generalization. The smooth convergence pattern further indicates that the reduced learning
rate in Stage-2 effectively stabilized parameter updates while refining deeper feature representations.
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Figure 6. Training and validation loss during Stage-2 Fine-Tuning
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Figure 6 illustrates the training and validation loss during Stage-2 fine-tuning, both exhibiting a consistent
downward trend that confirms stable optimization. Training loss decreased sharply from 0.4236 to 0.1832
between epochs 1 and 2 after backbone unfreezing, indicating rapid early adaptation. Loss values continued to
decline steadily, reaching 0.0631 (training) and 0.0267 (validation) by epoch 5. The small gap between training
and validation loss, along with the absence of divergence, demonstrates minimal overfitting and stable parameter
updates under the reduced learning rate. When interpreted alongside the increasing accuracy (Figure 5), the
decreasing loss confirms improved prediction confidence, reduced classification error, and enhanced
generalization performance. Overall, Stage-2 effectively refined feature representations, with rapid early
convergence followed by smooth stabilization, highlighting the benefit of gradual unfreezing from the pretrained
EfficientNetB3 backbone. A summary comparison of the training results from both stages 1s presented in Table
4.

Table 4. Final result of Two-Stage Fine-Tuning
Stage of Fine-Tuning Epoch  Train Acc Train Loss Val Acc Val Loss
Stage-1 10 0.7912 0.5253 0.8348 0.4098
Stage-2 5 0.9758 0.0631 0.9907 0.0267

Training accuracy increased from 0.7912 in Stage-1 to 0.9758 in Stage-2, while validation accuracy improved
from 0.8348 to 0.9907. Concurrently, training loss decreased from 0.5253 to 0.0631, and validation loss
decreased from 0.4098 to 0.0267, indicating more stable optimization and improved convergence during Stage-
2. The small gap between training and validation accuracy suggests minimal overfitting and strong generalization
performance. These findings confirm that gradual unfreezing combined with a reduced learning rate effectively
stabilized parameter updates and enhanced deeper feature adaptation, thereby improving discriminative
capability and overall generalization.

3.2 Model Accuracy Comparison
This section compares the performance of the augmented model with that of the non-augmented model to
evaluate the impact of geometric data augmentation on overall classification performance. Both models were
trained using the same two-stage fine-tuning strategy to ensure that performance differences were primarily
attributed to the use of augmentation. Table 5 presents the accuracy comparison between the two models.
Table 5. Model Accuracy of Augmented and Non-Augmented Model

Use of Augmentation Train Accuracy Validation Accuracy Test Accuracy
Augmentation 0.97 0.99 0.99
Non-Augmentation 0.98 0.97 0.98

The slightly lower training accuracy in the augmented model 1s expected because geometric data
augmentation is applied only during training, increasing data variability and making the learning task more
challenging. This acts as a regularization mechanism that encourages the model to learn more generalizable
features rather than memorizing training patterns. Consequently, despite slightly lower training accuracy, the
augmented model achieves higher validation and test performance than the non-augmented model.

To further examine whether the performance difference is statistically meaningful, the experiment was
repeated five times under identical training configurations. The augmented model achieved a mean test accuracy
of 0.9903 + 0.0006, whereas the non-augmented model achieved 0.9815 + 0.0043. A Welch’s t-test confirmed
that the difference between the two models 1s statistically significant (p = 0.01), indicating that the improvement
obtained through geometric data augmentation is unlikely to be caused by random variation. The mean accuracy
improvement was 0.0088 with a 95% confidence interval of [0.0034, 0.0142]. Moreover, the lower standard
deviation observed in the augmented model suggests improved training stability and robustness across repeated
runs Overall, the augmented model consistently achieved higher validation and test accuracy (0.99 and 0.99,
respectively) compared to the non-augmented model (0.97 and 0.98). Although the numerical improvement in
test accuracy 1s approximately 1%, this corresponds to about ten additional correctly classified samples in the test
set, demonstrating a practically meaningful performance gain.

3.3 Model Performance Evaluation
The model’s performance was further evaluated on the test set using precision, recall, and F1-score metrics
for each class. Table 6 presents the comparison between the augmented and non-augmented models.
Table 6. Precision, Recall, and F1-Score Comparison

Class Precision Recall F1-Score
Aug. Non-Aug. Aug. Non-Aug. Aug. Non-Aug.
Formalin-mixed 0.98 0.99 1.00 0.97 0.99 0.98
Fresh 0.99 0.97 0.99 0.99 0.99 0.98
Rotten 1.00 0.98 0.98 0.97 0.99 0.98
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The results in Table 6 indicate that the augmented model outperforms the non-augmented model in
precision, recall, and Fl-score, indicating the benefit of geometric data augmentation in improving classification
stability. This improvement is further supported by the confusion matrix shown in Figure 7.
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300

250

200
Fresh -

True label

150
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Figure 7. Confusion matrix

Figure 7 presents the confusion matrix analysis. Out of 1,016 test samples, 1,006 were correctly classified,
yielding an overall accuracy of approximately 99.01%. The formalin-mixed and fresh classes achieved high class
accuracies of 99.69% and 99.47%, respectively, with minimal misclassification. The rotten class showed slightly
lower performance at 97.80%, with most errors occurring between rotten and formalin-mixed samples, likely due
to overlapping visual features such as discoloration or surface irregularities. The macro-average accuracy reached
98.99%, indicating balanced performance across categories. These results align with the precision, recall, and F1-
score values and confirm strong feature discrimination and generalization capability on unseen data.

3.4 External Validation for Generalization Assessment

To address the concern regarding cross-dataset validation and to assess robustness under diverse real-world
conditions, the trained model was evaluated using an independent external dataset. The detailed classification
performance is presented in Table 7.

Table 7. External Dataset Classification Results

Class Total Samples Correct Predictions Accuracy
Fresh 50 50 1.00
Rotten 50 49 0.98
Overall 100 99 0.99

Beyond environmental variation, the external validation also implicitly evaluates cross-varietal
generalization. Although the training dataset was limited to five fruit types (apples, bananas, oranges, grapes, and
mangoes), the external dataset included fruit varieties not present during training, such as pears, melons, and
strawberries. The model's consistent performance across these unseen fruit types suggests that the learned feature
representations capture condition-related characteristics (fresh vs. rotten) rather than fruit-specific textures alone.
This cross-variety evaluation partially mitigates concerns regarding hmited dataset diversity and provides
preliminary evidence of broader applicability. As shown in Table 7, the model achieved perfect classification
performance for the Fresh class, correctly identifying all 50 samples (100% accuracy). For the Rotten class, one
misclassification was observed, resulting in an accuracy of 98%. Overall, the model achieved an external accuracy
of 99% across 100 independent samples. These results indicate that the proposed model maintains high
classification performance when applied to previously unseen data collected under varied environmental
conditions. The consistent performance across both classes suggests that the learned feature representations
generalize well beyond the distribution of the primary dataset.

3.5 Discussion on Ethical and Technical Limitations

While this study represents a research-level prototype, ethical considerations must be addressed before real-
world deployment. In food safety applications, misclassification may have significant consequences. False
negatives (misclassifying contaminated fruit as safe) could allow hazardous products to reach consumers, posing
potential health risks and undermining trust in automated mspection systems. Conversely, false positives
(rejecting safe fruit) may lead to unnecessary economic losses and supply chain inefficiencies. Therefore, the
proposed model should be regarded as a decision-support tool rather than a fully autonomous system, and its
predictions should be complemented by laboratory testing or expert verification to support responsible and
trustworthy deployment i food safety monitoring. Beyond these immediate operational considerations, the
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proposed approach may also have broader economic and regulatory implications for food safety monitoring.
Automated visual inspection systems have the potential to reduce reliance on labor-intensive manual inspection
and improve scalability in large agricultural supply chains, thereby lowering operational costs and enabling earlier
identification of potentially contaminated products. Farly detection may help reduce downstream economic
losses associated with large-scale product recalls, disposal of unsafe food, and reputational damage to producers
and distributors. However, regulatory authorities typically require rigorous validation and regulatory compliance
before automated systems can be incorporated into official food safety inspection protocols. In practice, chemical
contamination detection 1s still primarily verified through laboratory-based analytical methods due to their
established reliability and legal acceptance. Consequently, computer vision-based systems such as the proposed
model should currently be considered complementary screening tools rather than replacements for laboratory
verification.

Compared with previous computer vision studies on fruit quality assessment, several deep learning
approaches have been proposed for detecting fresh and rotten fruits. For example, Sharma and Kumar [40]
mvestigated a ResNet50 model to automatically classify fruit freshness, achieving an overall accuracy of 95%.
Similarly, Reka et al. [26] applied a VGG16 model for rotten fruit detection and reported an accuracy of 95%.
While these studies primarily focus on visual freshness or surface spoilage, the present study extends the scope
to chemically treated fruit conditions, particularly formalin-mixed samples. In addition to classification
performance, the proposed EfficientNetB3-based framework achieved a test accuracy of 999%, demonstrating
competitive performance while also incorporating statistical validation, dataset variability analysis, and discussion
of deployment-related considerations in real-world food safety monitoring scenarios. The improved performance
of EfficientNetB3 compared with architectures such as VGG 16 and ResNet50 can be attributed to its compound
scaling strategy, which systematically balances network depth, width, and mnput resolution to enhance feature
representation while maintaining computational efficiency. This architectural design enables the model to capture
finer visual patterns and subtle texture variations in fruit images that may not be effectively represented by
conventional CNN architectures. These comparisons indicate that the proposed EfficientNetB3-based
framework achieves competitive performance while addressing a less explored problem in computer vision-based
food safety monitoring. However, direct accuracy comparisons across studies should be interpreted cautiously
due to differences in datasets, class distributions, and experimental settings.

Despite these contributions, several practical limitations should be considered when interpreting the results.
Although the experimental setup employed a balanced dataset to support stable learning across classes, real-world
food safety scenarios are unlikely to exhibit perfectly balanced distributions. Formalin contamination is expected
to occur far less frequently than fresh or naturally rotten fruit, which may introduce frequency bias and increase
the risk of undetected contamination. In practical deployment, maintaining high recall for the formalin-mixed
category would therefore be particularly important due to its direct public health implications. Future
implementations may address this challenge through cost-sensitive learning strategies, such as weighted cross-
entropy loss, or through data-level techniques including targeted augmentation and controlled resampling.

4. CONCLUSION

This study proposed an EfficientNetB3-based framework for fruit condition classification that integrates
geometric data augmentation and a two-stage fine-tuning strategy. The proposed approach achieved 99% test
accuracy and demonstrated robust performance under visual variability while maintaining stable generalization.
These findings suggest that the framework has potential as a scalable visual screening tool to support automated
food quality inspection and preliminary food safety monitoring. Future work may explore several experimental
directions to enhance the practical applicability of the proposed framework. First, to improve variety-level
generalization, the dataset may be expanded to include additional fruit varieties, such as dragon fruit and durian,
by integrating larger public fruit image repositories including Fruits-360. Second, to better represent real-world
environmental variability, further evaluations may incorporate systematic lighting-controlled experiments ranging
from 200 to 1000 lux as well as testing under dynamic backgrounds commonly observed in retail conveyor-based
sorting environments. Third, the issue of class imbalance in formalin-treated samples may be addressed through
cost-sensitive learning strategies, such as the adoption of Focal Loss to improve minority-class recall. Finally,
future studies may investigate the feasibility of real-time deployment by evaluating the computational efficiency
and inference latency of the proposed model under continuous image streams, such as camera-based fruit
inspection systems. This may include performance benchmarking under high-frame-rate input scenarios and
assessing the model’s suitability for integration into automated visual inspection systems used in food quality
monitoring.
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