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Abstract

Egg damage detection is important for maintaining food safety and operational efficiency in poultry production. Manual
inspection is often inconsistent and difficult to scale, creating a need for accurate and computationally efficient automated
methods. This study aims to develop and evaluate a transfer learning framework for automated egg damage classification using
pretrained EfficientNet-B0. Three configurations were compared, namely Frozen Backbone Standard CE, Full Fine-Tuning
Standard CE, and Full Fine-Tuning Weighted CE. The dataset was divided using a stratified 70:15:15 split, and the models
were trained with AdamW, differential learning rates, early stopping, and image augmentation. Performance was assessed
using accuracy, balanced accuracy, macro precision, macro recall, macro F1-score, weighted F1-score, confusion matrices,
inference time, and Gradient-weighted Class Activation Mapping. The results show that Full Fine-Tuning Standard CE
achieved the best overall performance, with an accuracy of 0.9917, balanced accuracy of 0.9947, macro F1-score of 0.9876,
and weighted F1-score of 0.9917. The model correctly classified all non-damaged eggs and misclassified only one damaged
egg, while maintaining an inference time of 29.53 ms per image. Weighted cross-entropy did not improve overall performance
and increased false-negative predictions. Grad-CAM analysis showed that the model generally focused on relevant shell
defects, although several errors were associated with background and contextual features. These findings demonstrate that full
fine-tuning of pretrained EfficientNet-B0 provides an accurate, efficient, and interpretable solution for automated egg damage
classification.
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1. Introduction

Eggs are an important source of animal protein and are
consumed extensively across the world. For this reason,
preserving egg quality is essential not only for food
safety but also for the economic sustainability of
poultry production systems [1-4]. Among the defects
that commonly reduce egg quality, eggshell cracking is
one of the most significant. Cracked eggs are more
vulnerable to microbial contamination and tend to
deteriorate rapidly during storage and transportation
[5], [6]. Therefore, early identification of eggshell
defects is necessary to prevent unsafe products from
entering the market and to minimize financial losses
throughout the supply chain.

In industrial settings, egg quality inspection is generally
conducted through manual visual examination or
candling techniques. Candling applies light to identify
internal abnormalities or cracks in the eggshell [7].
However, the effectiveness of these methods relies
strongly on the experience, attention, and consistency
of the operator, making them prone to human error and
subjective judgment [8]. In high-throughput production
environments, where thousands of eggs may need to be
inspected every hour, manual inspection is difficult to
standardize and becomes increasingly inefficient.
Beyond manual methods, industrial egg sorting systems
also employ technologies such as acoustic analysis,
spectroscopy, and machine vision. Although these
technologies support high-speed inspection, their
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effectiveness often depends on specialized hardware
and predefined algorithms. Moreover, many existing
systems have only been evaluated under laboratory
conditions, which limits their robustness and
applicability in real production environments. These
constraints have encouraged the development of
automated inspection systems based on computer vision
and machine learning [9], [10].

Recent progress in deep learning has substantially
enhanced the performance of automated visual
inspection systems. Convolutional neural networks
(CNNs) have been widely used for food quality
evaluation and agricultural inspection applications [11-
14]. Botta et al., for example, introduced a CNN-based
method for eggshell crack detection using image
patches and reported an accuracy of 95.38% [15].
Although the method achieved strong predictive
performance, the use of image patches requires
additional  preprocessing steps and increases
computational cost, which may reduce its suitability for
real-time implementation.

Object detection approaches have also been
investigated for eggshell crack identification. Caballero
et al. compared several object detection models,
including YOLOv4, YOLOv7, Faster R-CNN, SSD,
and RetinaNet, for detecting cracks in duck eggs [16].
The study found that YOLOv7 produced the highest
performance, with a mean average precision of 0.792.
While object detection models provide accurate defect
localization, they generally require detailed annotation
procedures and greater computational resources than
conventional classification models.

More recent studies have attempted to address
variations  across  datasets and  operational
environments. Cheng et al. proposed a multi-domain
training framework based on NSFE-MMD to learn
domain-invariant features from multiple datasets [17].
Their framework improved detection performance on
previously unseen domains, obtaining mAP values of
86.6% and 88.8% with YOLOvS and YOLOVS,
respectively. Nevertheless, this method introduces
additional complexity because it requires multi-domain
datasets and domain alignment procedures during
model development.

Despite these improvements, many existing methods
still depend on complex model architectures, extensive
preprocessing, detailed annotations, or domain
adaptation mechanisms. These requirements may
restrict their implementation in practical production
environments. In applications where the main objective
is limited to binary classification between damaged and
non-damaged eggs, a more straightforward and
computationally efficient method is preferable.

To address this limitation, this study proposes a transfer
learning framework for automated egg damage
classification using a pretrained EfficientNet model
[18]. Transfer learning allows knowledge obtained from
large-scale datasets to be adapted to a specific
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classification task, even when the available task-
specific dataset is limited [19]. EfficientNet was
selected because it offers strong classification
capability while maintaining parameter efficiency [20].
The proposed framework is intended to provide an
accurate, lightweight, and practical solution for
integration into real-world egg inspection systems.

2. Methods

This study proposes a transfer learning framework for
automated egg damage classification. The pipeline
includes dataset preparation, preprocessing and data
splitting, model training, performance evaluation, and
Grad-CAM interpretation. The complete workflow is
shown in Figure 1.

Dataset
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Preprocessing & Split

|

Transfer Learning
(EfficientNet-BO)

}

Classifier

}

Training

i

Evaluation

|

Grad-CAM Interpretation

Figure 1. Process of the proposed framework
2.1 Hardware and Computational Environment

The experiments in this study were conducted using a
cloud-based computational environment with the
hardware specifications summarized in Table 1. The
system is equipped with dual NVIDIA Tesla T4 GPUs,
each providing 15 GB of memory, enabling efficient
training and inference of deep learning models. In
addition, a multi-core CPU and 30 GB of RAM support
data preprocessing and model execution, while 57.6 GB
of storage is utilized for dataset handling and model
artifacts.

This configuration ensures sufficient computational
resources to perform model training and evaluation
effectively while maintaining a balance between
performance and resource efficiency.

Table 1. Hardware Specifications

Component Specification
GPU NVIDIA Tesla T4 (2 units)
GPU Memory 15 GB per GPU
CPU Multi-core CPU
RAM 30GB
Storage 57.6 GB
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2.2 Dataset

The dataset was obtained from Kaggle and contains egg
images labeled as damaged or non-damaged
(https://www .kaggle.com/datasets/abdullahkhanuet22/
eggs-images-classification-damaged-or-not). The
images vary in orientation, lighting, and crack visibility.
Damaged eggs show visible cracks or shell defects,
while non-damaged eggs remain intact. Representative
samples are shown in Figure 2.

Sample Images - Damaged
Damaged

Damaged
B el

Damaged

Sample Images - Not Damaged

Not Damaged Not Damaged

Figure 2. Samples from the dataset

Figure 3 shows an imbalanced class distribution, with
more damaged than non-damaged egg images. The
dataset was split using stratified sampling into 70%
training, 15% validation, and 15% testing sets. A fixed
random seed of 1234 ensured reproducibility, and the
same partitions were used for all models. The training
set was used for optimization, the validation set for
model selection and early stopping, and the test set for
final evaluation.
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Figure 3. Class distribution
2.3 Preprocessing

All images underwent standardized preprocessing to
ensure compatibility with the pretrained EfficientNet
model [21]. First, the images were resized to the
required input resolution to maintain uniform spatial
dimensions. Second, the pixel values were normalized
using the standard parameters associated with
EfficientNet pretraining to align the input distribution
with the ImageNet dataset [22], [23]. Third, the images
were converted to RGB format and transformed into
tensor representations. These steps reduced variability
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caused by heterogeneous acquisition conditions and
ensured consistent model inputs.

2.4 Transfer Learning Framework

EfficientNet-BO0 is used as the backbone of the transfer
learning framework for automated egg damage
classification. The architecture provides strong feature
extraction with relatively low computational
complexity through compound scaling of network
depth, width, and input resolution [24], [25]. Pretraining
on ImageNet supplies general visual representations,
including edges, textures, contours, and object shapes,
which are subsequently adapted to distinguish damaged
and non-damaged eggs.

The original classifier is replaced with a dropout layer
of 0.4 followed by a fully connected layer with two
outputs. Three configurations are evaluated, namely
Frozen Backbone Standard CE, Full Fine-Tuning
Standard CE, and Full Fine-Tuning Weighted CE. In
the frozen-backbone configuration, only the classifier is
trained. In both full fine-tuning configurations, the
entire backbone and classifier are optimized. The
overall architecture is illustrated in Figure 4.
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Figure 4. EfficientNet Architecture

Table 2 summarizes the differences among the three
configurations.

Frozen Backbone Standard CE serves as the baseline
and uses standard cross-entropy loss. Full Fine-Tuning
Standard CE applies standard cross-entropy while
updating all network layers. Full Fine-Tuning Weighted
CE uses the same full fine-tuning procedure but
replaces the standard loss with class-weighted cross-
entropy. The class weights are calculated from the
training subset using inverse class frequency to increase
the contribution of the underrepresented class during
optimization.

For both full fine-tuning configurations, differential
learning rates are applied, with 1 x 107 assigned to the
pretrained backbone and 3 x 10* assigned to the
classifier. All configurations use the AdamW optimizer,
a weight decay of 1 x 1074, a batch size of 32, and a
maximum of 30 epochs. Early stopping based on
validation loss is applied to retain the model with the
best validation performance. This experimental design
isolates the effects of backbone adaptation and class-
weighted optimization while maintaining identical
architecture and training conditions.

2.5 Evaluation Metrics

Model performance is evaluated using accuracy,
balanced accuracy, macro precision, macro recall,
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macro F1-score, weighted F1-score, and inference time.
Balanced accuracy is used as the primary metric
because it calculates the average recall across classes,
allowing damaged and non-damaged eggs to contribute
equally despite the imbalanced class distribution.

A confusion matrix is used to summarize true-positive,
true-negative, false-positive, and false-negative
predictions [26-28]. This analysis helps identify class-
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specific and systematic misclassification

patterns.

€Irors

Macro-averaged precision, recall, and F1-score assign
equal importance to both classes, while weighted F1-
score accounts for the number of samples in each class
[29]. Accuracy measures overall prediction correctness,
and inference time per image is reported to assess the
computational suitability of each configuration for
practical deployment.

Table 2. Comparison of Experimental Configurations

Aspect Frozen Backbone Standard CE Full Fine-Tuning Standard CE Full Fine-Tuning Weighted CE
Pretrained Model EfficientNet-B0 EfficientNet-BO EfficientNet-BO
Backbone Frozen Fully trainable Fully trainable
Trainable Layers Classifier only Backbone and classifier Backbone and classifier
Classifier Dropout (0.4) and fully connected ~ Dropout (0.4) and fully connected ~ Dropout (0.4) and fully connected
layer layer layer
Loss Function Standard CrossEntropyLoss Standard CrossEntropyLoss Weighted CrossEntropyLoss
Class Weighting Not applied Not applied Inverse-frequency weights from
training data
Optimizer AdamW AdamW AdamW
Backbone Learning Not applicable 1x10°* 1x10°*
Rate
Classifier Learning 3x10* 3x 10 3x 10+
Rate
Weight Decay 1x10* 1x10* 1 %10
Batch Size 32 32 32
Maximum Epochs 30 30 30

2.6 Grad-CAM

Grad-CAM was applied to improve the interpretability
of the image-level classification results. The method
generates class-discriminative heatmaps that highlight
image regions contributing most strongly to a
prediction. Gradients from the predicted class were
calculated with respect to the final convolutional feature
maps of EfficientNet, and the resulting importance
weights were used to produce an activation map.

The heatmaps were normalized, resized to the original
image dimensions, and overlaid on the corresponding
images. Representative true-positive, true-negative,
false-positive, and false-negative samples from the
testing subset were analyzed. This analysis was used to
determine whether the model focused on relevant
eggshell regions, such as visible cracks and structural
defects, or on irrelevant patterns such as shadows,
reflections, and background edges.

3. Results and Discussions

This study evaluates three EfficientNet-BO transfer
learning configurations for automated egg damage
classification. The evaluated configurations are Frozen
Backbone Standard CE, Full Fine-Tuning Standard CE,
and Full Fine-Tuning Weighted CE. Their performance
is examined through learning curves, balanced
accuracy, confusion matrices, quantitative metrics,
inference time, and Grad-CAM-based visual
interpretation.

The learning patterns of the three evaluated
configurations are shown in Figure 5. Figures 5(a) and
5(b) present the results of Frozen Backbone Standard
CE. The training loss decreases from approximately

0.53 to 0.17, while the validation loss falls from about
0.41 to 0.17. The small gap between the two curves
indicates stable optimization with limited overfitting.
However, the final loss values remain higher than those
obtained by the full fine-tuning configurations.
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Figure 5. Learning behavior of the three EfficientNet-BO
configurations

This pattern is also reflected in the balanced accuracy
curve shown in Figure 5(b). The frozen-backbone
model improves gradually throughout training, with
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validation balanced accuracy increasing rapidly during
the early epochs before stabilizing between
approximately 0.91 and 0.94. Training balanced
accuracy reaches about 0.90 near the final epochs. The
validation curve is often higher than the training curve
because data augmentation is applied only to the
training subset, making the augmented training images
more challenging than the deterministic validation
images. These results show that the frozen ImageNet
backbone already provides useful general visual
features. However, restricting optimization to the
classification head limits the model’s ability to learn
eggshell-specific damage patterns.

The effect of adapting the entire network becomes more
evident in Figures 5(c) and 5(d), which present the
learning behavior of Full Fine-Tuning Standard CE.
The training loss declines from approximately 0.51 to
below 0.04, whereas the validation loss decreases from
around 0.38 to nearly 0.07. Both curves show a
consistent downward trend, and the validation loss does
not exhibit a sustained increase. This behavior indicates
effective optimization without severe overfitting.

A similar improvement is observed in the balanced
accuracy curves in Figure 5(d). Validation balanced
accuracy exceeds 0.90 within approximately five
epochs, followed shortly by training balanced accuracy.
Both curves then remain between approximately 0.95
and 0.99. Their close alignment suggests that full fine-
tuning enables the pretrained EfficientNet-BO backbone
to adapt effectively to shell cracks, broken contours,
shell openings, and other damage-related structures.

Confusion Matrix
Frozen Backbone Standard CE

90

Confusion Matrix
Full Fine-Tuning Standard CE
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To examine whether class weighting could further
improve performance, Figures 5(e) and 5(f) present the
learning behavior of Full Fine-Tuning Weighted CE.
The training loss decreases from approximately 0.63 to
0.05, while the validation loss falls from around 0.55 to
approximately 0.11. Although both curves indicate
stable convergence, the final validation loss remains
higher than that of Full Fine-Tuning Standard CE. The
gap between the training and validation curves also
becomes more visible during the later epochs.

This result is consistent with the balanced accuracy
shown in Figure 5(f). Training balanced accuracy
approaches 0.99, whereas validation balanced accuracy
stabilizes between approximately 0.95 and 0.98. These
findings suggest that weighted optimization increases
class sensitivity but does not improve generalization
beyond standard cross-entropy. Overall, Figure 5 shows
that full fine-tuning produces stronger learning
behavior than the frozen-backbone baseline. Among the
three configurations, Full Fine-Tuning Standard CE
achieves the best combination of low validation loss,
high balanced accuracy, and stable convergence.

The differences observed during training are further
supported by the confusion matrices presented in Figure
6. Figure 6(a) shows that Frozen Backbone Standard CE
correctly classifies 92 damaged eggs and 22 non-
damaged eggs. Three damaged eggs are misclassified as
non-damaged, while three non-damaged eggs are
predicted as damaged, resulting in six total errors. This
finding confirms that pretrained EfficientNet-B0
features provide a strong baseline, although the fixed
backbone remains insufficiently adapted to subtle
eggshell damage patterns.
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Figure 6. Confusion matrices of the three EfficientNet-B0 configurations on the testing subset

A clear improvement appears in Figure 6(b), which
presents the confusion matrix of Full Fine-Tuning
Standard CE. The model correctly classifies 94 of 95
damaged eggs and all 25 non-damaged eggs. Only one
damaged egg is predicted as non-damaged, while no
non-damaged egg is classified as damaged. When
damaged eggs are treated as the positive class, this

single error is considered a false negative. This
configuration therefore produces the strongest
classification result among the three experiments.

In comparison, Figure 6(c) shows that Full Fine-Tuning
Weighted CE correctly classifies 90 damaged eggs and
all 25 non-damaged eggs. However, five damaged eggs
are misclassified as non-damaged. Although this
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configuration eliminates false positives, it produces
more false negatives than Full Fine-Tuning Standard
CE.

This error pattern is particularly important in practical
egg inspection. A damaged egg classified as non-
damaged may pose a greater food safety risk than an
intact egg that is incorrectly rejected. Therefore, the
higher number of false negatives produced by Full Fine-
Tuning Weighted CE makes this configuration less
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suitable for deployment than Full Fine-Tuning Standard
CE, despite its relatively high balanced accuracy.

The quantitative performance of the three
configurations is summarized in Table 3. Frozen
Backbone Standard CE achieves an accuracy of 0.9500
and a balanced accuracy of 0.9242. The corresponding
macro precision, macro recall, and macro F1-score are
all 0.9242. These values confirm that the frozen
backbone already performs well, although further task-
specific adaptation is still required.

Table 3. Performance Comparison of the EfficientNet-BO Configurations

Model Configuration  Accuracy Balanced Macro Macro Macro F1-  Weighted F1- Inference Time
Accuracy Precision Recall score score (ms/image)

Frozen Backbone 0.95 0.9242 0.9242 0.9242 0.9242 0.95 31.05

Standard CE

Full Fine-Tuning 0.9917 0.9947 0.9808 0.9947 0.9876 0.9917 29.53

Standard CE

Full Fine-Tuning 0.9583 0.9737 0.9167 0.9737 0.941 0.9597 29.27

Weighted CE

Full Fine-Tuning Standard CE produces the best overall
result. It achieves an accuracy of 0.9917, balanced
accuracy of 0.9947, macro precision of 0.9808, macro
recall of 0.9947, macro Fl-score of 0.9876, and
weighted Fl-score of 0.9917. Compared with Frozen
Backbone Standard CE, this configuration improves
accuracy by 4.17 percentage points, balanced accuracy
by 7.05 percentage points, and macro F1-score by 6.34
percentage points.

These improvements indicate that updating the entire
EfficientNet-B0 backbone enables the network to learn
more discriminative and task-specific representations.
The model becomes more responsive to shell cracks,
openings, broken surfaces, and structural irregularities.
The balanced accuracy is slightly higher than the overall
accuracy because recall is very strong across both
classes, as also reflected in Figure 6(b).

Full Fine-Tuning Weighted CE achieves an accuracy of
0.9583, balanced accuracy of 0.9737, and macro F1-
score of 0.9410. Although this configuration improves
balanced accuracy relative to the frozen-backbone
baseline, it does not outperform standard full fine-
tuning. Its macro recall remains high at 0.9737, but
macro precision decreases to 0.9167.

This difference shows that class weighting changes the
class-specific decision boundary but does not improve
the overall balance between precision and recall. In the
current dataset, the damaged class contains more
samples than the non-damaged class. Inverse-frequency
weighting therefore gives greater importance to the
non-damaged class. As a result, the model becomes
more conservative when predicting damage and
produces more damaged eggs classified as non-
damaged.

The inference times of the three configurations are
comparable. They range from 29.27 to 31.05 ms per
image. Full Fine-Tuning Weighted CE records the
lowest inference time, although the difference from the
other configurations is less than two milliseconds. Since

all three models use the same EfficientNet-BO
architecture during inference, these minor differences
are more likely caused by runtime variation than by
structural differences.

Full Fine-Tuning Standard CE therefore provides the
strongest balance between predictive performance and
computational efficiency. It achieves the highest
accuracy, balanced accuracy, and Fl-based metrics
while maintaining an inference time of approximately
29.53 ms per image.

Grad-CAM is used to examine the image regions that
contribute to model predictions. The visual
explanations are presented in Figure 7. Figure 7(a)
shows a correctly classified damaged egg with a
confidence score of 0.9990. The strongest activation is
concentrated around the visible shell defect. This
indicates that the model uses a meaningful damage-
related region when producing its prediction.

Figure 7(d) presents another damaged egg incorrectly
classified as non-damaged with a confidence score of
0.7418. The activation is directed mainly toward the
background, hand, and object contour rather than the
damaged shell. This result shows that the model may
rely on contextual or spurious visual features when the
image composition is complex.

Because the true class in Figures 7(c) and 7(d) is
damaged and the predicted class is non-damaged, both
examples are false negatives. These visual results
complement the confusion matrix analysis and show
that the remaining errors are associated with insufficient
attention to the most relevant damage regions.

Figure 7(b) presents a correctly classified non-damaged
example with a confidence score of 0.8835. In this case,
the activation is distributed more broadly around the
eggs and surrounding background. This suggests that
the model may recognize non-damaged eggs partly
through the absence of localized crack-related evidence
and partly through broader contextual patterns.
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Figure 7(c) shows a damaged egg incorrectly classified
as non-damaged with a confidence score of 0.5409. The
Grad-CAM heatmap is broadly distributed around the
egg and background, while the damaged shell region
receives relatively weak activation. This indicates that
the model fails to treat the broken shell as the dominant
discriminative feature.

Jurnal RESTI Vol. 10 No. 5 (2026)

Overall, the Grad-CAM analysis confirms that the
model learns meaningful defect-related representations
when damage is clear and visually distinct. However,
the false-negative examples reveal sensitivity to
background, illumination, hand position, egg
orientation, and scene composition. These findings
support the use of egg segmentation, object-centered
cropping, background normalization, and more diverse
environmental augmentation in future work.

[ (a) Correctly classified damaged egg
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Figure 7. Grad-CAM visualizations of representative classification outcomes.

Table 4 compares the three configurations proposed in
this study with previous egg damage detection methods.
The comparison includes the applied method, task type,
key technique, reported performance, and availability
of Grad-CAM or other visual explanation methods.

Table 4 compares the proposed EfficientNet-BO
framework with previous studies on egg crack and
damage detection. Botta et al. employed a CNN-based

classification approach with patch extraction and
reported an accuracy of 95.38%. This result is
comparable to the 95.00% accuracy obtained by the
Frozen Backbone Standard CE configuration in the
present study. However, the earlier approach requires
an additional patch extraction stage, whereas the
proposed framework performs direct image-level
classification.

Table 4. Comparison with Previous Egg Damage Detection Studies

Grad-CAM or Visual

Ref Method Task Type Key Technique Performance Explanation

[15] CNN-based crack  Classification Patch extraction with CNN Accuracy 95.38% Not reported
detection

[16] YOLOv4, YOLOV7, Object CLAHE preprocessing and multi- Best result obtained by Bounding-box
Faster R-CNN, SSD, detection model comparison YOLOv7 with mAP 0.792 localization; Grad-CAM
and RetinaNet not reported

[17] YOLOVS5 and Object Multi-domain training and YOLOVS mAP 86.6% and Detection localization;
YOLOVS with detection domain adaptation YOLOvVS mAP 88.8% Grad-CAM not reported
NSFE-MMD

Proposed Pretrained Classification Comparative evaluation of Accuracy of 95.00%, 99.17%, Grad-CAM applied to
Study  EfficientNet-B0O Frozen Backbone Standard CE,  and 95.83%, respectively; representative correct

Full Fine-Tuning Standard CE,
and Full Fine-Tuning Weighted

CE

Full Fine-Tuning Standard
CE achieved the best result

and false-negative
predictions
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Caballero et al. evaluated several object detection
architectures and reported the best performance using
YOLOv7 with an mAP of 0.792. Their approach
provides explicit defect localization through bounding
boxes, but it requires spatial annotations and a more
complex training pipeline. Cheng et al. also used object
detection models and incorporated NSFE-MMD to
improve robustness across different domains. Their
method achieved mAP values of 86.6% with YOLOvVS
and 88.8% with YOLOvS. Although this approach
improves cross-domain generalization, it depends on
multi-domain  datasets and additional domain
adaptation procedures.

The proposed study evaluates three transfer learning
configurations within a single EfficientNet-BO
framework. Frozen Backbone Standard CE achieved an
accuracy of 95.00%, Full Fine-Tuning Standard CE
achieved 99.17%, and Full Fine-Tuning Weighted CE
achieved 95.83%. The results show that full fine-tuning
with standard cross-entropy provides the strongest
performance, indicating that adapting the complete
pretrained backbone is more effective than training only
the classifier or applying inverse-frequency class
weighting.

Direct numerical comparison between the proposed
classification framework and object detection studies
should be interpreted cautiously because accuracy and
mAP evaluate different tasks. Accuracy measures
image-level classification correctness, whereas mAP
evaluates both localization and classification.
Therefore, the comparison primarily highlights
differences in annotation requirements, methodological
complexity, and interpretability rather than direct
numerical superiority.

The previous classification study did not report Grad-
CAM-based interpretation. The object detection studies
provide spatial localization through bounding boxes,
but Grad-CAM was not reported. In contrast, the
proposed study applies Grad-CAM to representative
correct and false-negative predictions. This additional
analysis provides qualitative evidence of whether the
model focuses on relevant eggshell regions or is
influenced by background and contextual features.

Several limitations should be acknowledged when
interpreting the findings. First, the experiments rely on
a single publicly available dataset, which may not
capture the full variability of industrial egg inspection
environments. Differences in shell color, illumination,
camera position, background conditions, and conveyor
systems could affect model performance. In addition,
the testing subset contains only 120 images, making
external validation on larger and more diverse datasets
necessary before broader deployment.

The reported results are also based on one fixed
stratified data split. Although this split preserves the
class distribution, repeated experiments or stratified
cross-validation would provide a more reliable estimate
of performance stability and variability. Grad-CAM

Jurnal RESTI Vol. 10 No. 5 (2026)

improves model interpretability by highlighting
influential image regions, but its explanations remain
qualitative and spatially coarse. Therefore, it should not
be considered a substitute for precise localization
methods based on object detection or segmentation.

Future research should focus on expanding the dataset,
conducting repeated validation, and evaluating the
model under more realistic operational conditions.
Object-centered preprocessing, background removal,
egg segmentation, and targeted augmentation may help
reduce contextual bias and improve robustness. Real-
time deployment testing should also be conducted,
while lightweight detection or segmentation models
may be explored when exact crack localization is
required.

4. Conclusions

This study developed and evaluated a transfer learning
framework for automated egg damage classification
using pretrained EfficientNet-B0. Three configurations
were compared, including Frozen Backbone Standard
CE, Full Fine-Tuning Standard CE, and Full Fine-
Tuning Weighted CE, to examine the effects of
backbone adaptation and imbalance-aware
optimization. The results show that Full Fine-Tuning
Standard CE provides the strongest overall
performance, achieving the highest accuracy, balanced
accuracy, macro F1-score, and weighted F1-score while
maintaining low inference latency. The confusion
matrix further confirms that this configuration produces
only one false-negative prediction and no false
positives, demonstrating strong reliability across both
damaged and non-damaged classes. In contrast, the
frozen-backbone configuration offers a competitive
baseline but remains limited by its fixed feature
representations, while weighted cross-entropy improves
sensitivity to the non-damaged class at the cost of
additional damaged eggs being misclassified as intact.
These findings indicate that full adaptation of the
pretrained EfficientNet-BO backbone is more effective
than training only the classifier or applying inverse-
frequency weighting for the present dataset. Grad-CAM
analysis also provides qualitative evidence that the
model can focus on relevant shell defects when damage
is visually clear and spatially distinct. However, several
incorrect predictions reveal residual sensitivity to
background, illumination, object orientation, and
contextual features. The original contribution of this
work lies in presenting a unified comparison of frozen-
backbone learning, standard full fine-tuning, and
weighted full fine-tuning within a lightweight
EfficientNet-BO framework, supported by post hoc
visual interpretation. From a practical perspective, the
framework offers a simple image-level classification
solution that avoids bounding-box annotation while
retaining strong predictive performance and near-real-
time inference capability. This makes it potentially
suitable for automated screening in poultry production
and food quality inspection systems. Future work
should validate the framework using larger and more
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diverse datasets, repeated experimental runs, and real
industrial acquisition conditions. Additional object-
centered preprocessing, segmentation, and lightweight
localization methods may further improve robustness
and support precise defect identification.
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