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Abstract: Gastroesophageal Reflux Disease (GERD) is a common digestive tract
disorder, and endoscopic image-based diagnosis still faces challenges due to
variations in lighting, image capture angles, and limited data that can cause deep
learning models to overfit and reduce generalization capabilities. While previous
studies frequently prioritize overall accuracy, this study distinguishes itself by
focusing on increasing recall as a critical indicator of clinical sensitivity for positive
case detection. This study aims to analyze the effect of applying image augmentation
on the performance of GERD endoscopic image classification using a lightweight
MobileNetV2 architecture, offering a practical solution for resource-constrained
clinical settings. The research methods include data collection, class mapping, 80:20
data split, and standardized preprocessing stages. Two training scenarios were
compared: without augmentation and with strategic on-the-fly augmentation applied
through a transfer learning approach. Evaluation was carried out using accuracy,
precision, recall, Fl1-score, and ROC-AUC. The results showed that augmentation
improved model performance, with accuracy increasing from 76.72% to 78.06%,
recall increasing from 79.33% to 85.27%, Fl-score increasing from 77.86% to
80.04%, and AUC increasing from 0.8317 to 0.8481. These findings indicate that the
augmentation strategy effectively improves the generalization of the lightweight
model, significantly reducing missed diagnoses to support early detection of GERD.
In addition, the results demonstrate that applying augmentation techniques can help
the model learn more robust visual features from limited medical image datasets.
This approach also contributes to reducing overfitting and improving model
reliability in practical clinical image analysis scenarios.
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INTRODUCTION

Endoscopy serves as a key diagnostic technique for indentifying disorders of thr upper digestive tract,
particularly Gastroesophageal Reflux Disease (GERD) (Siboni et al. 2025). GERD occurs when stomach acid
increases and irritates the esophageal mucosa, this condition can cause symptoms such as heartburn to serious
complications such as esophagitis or esophageal cancer (Shaqran et al. 2023). Although endoscopy is effective,
the quality of endoscopic images is often affected by lighting and the angle of the image, which can lead to
inaccurate diagnoses (Niu et al. 2025). In addition, the manual image capture process also takes a long time (Yen
et al. 2023). This condition encourages the need for an automatic classification system that is stable, accurate, and
has high sensitivity in detecting positive cases.

Deep Learning technology enables computer systems to learn to recognize complex visual patterns and
features from medical images, which makes it possible to assist in the automated diagnosis process (Tsuneki 2022).
Several studies, such as GerdNet-RF conducted by Yen et al., using a combination of transfer learning and machine
learning, have achieved accuracy of up to 92.5% (Yen et al. 2022). These results indicate that deep learning has
great potential to improve endoscopic image-based diagnosis.

In the context of medical diagnosis, evaluating model performance depends not only on accuracy, but also on
the model's ability to correctly detect all positive cases (Hicks et al. 2022). The recall (sensitivity) metric shows
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how well the model is able to identify patients who truly have GERD without missing any false negatives
(Abdulahi, Ogundokun, and Adenike 2024). In the detection of diseases such as GERD, errors in the form of false
negatives can have more serious consequences than false positives because they can cause delays in clinical
treatment.

However, due to the limited amount of data and high visual variation, deep learning modeling faces challenges
(Kebaili, Lapuyade-Lahorgue, and Ruan 2023). As a result, deep learning models experience overfitting and have
difficulty generalizing to new data (Pallikkavaliyaveetil and Chandrasekaran 2026). To address this issue, the
variation of artificial data is expanded through image augmentation techniques without re-acquisition. Image
augmentation techniques are the process of artificially expanding training data through transformations such as
rotation, translation, changes in brightness, contrast, and zoom (Park et al. 2023). The application of this technique
helps deep learning models learn more diverse visual patterns, thereby increasing robustness and generalization
capabilities, especially in endoscopic images (Khalifa, Loey, and Mirjalili 2022).

Several previous studies have shown that image augmentation techniques can improve model performance on
endoscopic images. A Generative Adversarial Networks (GAN)-based study produced synthetic augmentations
that improved model generalization and image variation of precancerous gastric lesions (Magalhdes, Neto, and
Cunha 2023). In addition, Malik et al., showed that deep learning models are capable of achieving high
performance on endoscopic images, with the VGG-19 + CNN model achieving an accuracy of up to 99.45% (Malik
et al. 2024). These results indicate that image augmentation contributes to enhancing the accuracy and stability of
deep learning models used in endoscopic image analysis.

However, no research has specifically evaluated the effect of augmentation techniques on the performance of
the MobileNetV2 architecture on GERD endoscopic images, particularly on limited datasets with varying lighting
and shooting angles. This has led to a lack of research in selecting the optimal augmentation strategy. While deeper
CNN architectures such as VGG or ResNet often deliver high accuracy, they suffer from massive parameter sizes
and heavy computational burdens, making them less practical for real-time clinical applications. Therefore, this
study selects the MobileNetV2 model as the primary architecture because it offers a significantly lower parameter
count and higher computational efficiency while still delivering strong, competitive performance in medical image
classification (Ali Hasan, Siwi Pradini, and Anshori 2025). MobileNetV2 achieves this through its depthwise
separable convolution and inverted residual block mechanisms, which allow a substantial reduction in parameters
without compromising feature extraction capabilities (Zhou et al. 2024). These advantages make MobileNetV2
highly capable of maintaining an optimal balance between high accuracy and low computational cost, making it
highly suitable for limited yet visually complex medical datasets (Zhou et al. 2024), (Fang et al. 2025).

Thus, this study aims to analyze the comparative performance of the MobileNetV2 model before and after
the application of image augmentation techniques. The main focus of the evaluation is directed at the effect of
augmentation on increasing recall and the generalization ability of the model in classifying GERD endoscopic
images. Therefore, this study is expected to provide two main contributions: first, demonstrating an image
augmentation strategy in improving recall and generalization ability of the MobileNetV2 model on endoscopy
datasets, and second, providing an accurate MobileNetV2-based implementable approach to support automated
diagnostic systems in GERD detection.

Fig. 1 Research Flow
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METHOD
The research flow consists of several main stages: data collection, class mapping, data splitting, preprocessing,
augmentation, modeling using MobileNetV2, evaluation, and comparative analysis. This flow separates two
training scenarios: without and with augmentation, so that the effect of augmentation on model performance can
be analyzed, as shown in Fig. 1.

Data Collection

This study used two endoscopic image datasets, namely GastroEndoNet and Kvasir V2, both of which contain
images of the esophageal mucosa (Kowshir et al. 2025), (Pogorelov et al. 2017). GastroEndoNet consists of 974
images for the GERD class and 1,103 for the Normal GERD class, while Kvasir V2 provides 1,000 images for the
Esophagitis and Normal Z-Line classes. Using these two datasets allows the study to obtain a wider variety of
endoscopic images for GERD classification.

Class Mapping

At this stage, the class mapping process is carried out to standardize the labels of the two datasets to suit
the needs of the two-class classification, as shown in Fig. 2.

GastroEndoNet Kvasir V2
- o “app‘ng
GERD ?
esophagitis
! Normal -
Gerd Normal normal-z-line

Fig. 2 Class Mapping for GERD Classification

Fig. 2 explains the binary class mapping process from two source datasets. The Esophagitis class in Kvasir V2
and the Gerd class in GastroEndoNet are combined into the GERD class, as both present esophageal mucosal
inflammation with endoscopic patterns such as erythema, erosion, or constriction (Shaqran et al. 2023).
Meanwhile, the Normal Z-Line class on Kvasir V2 and Normal Gerd on GastroEndoNet were combined into the
Normal class because both showed esophageal mucosa without signs of inflammation or damage (Pogorelov et al.
2017). The merger forms two final classes, namely GERD and Normal shown in Fig. 3.

(a) (b)
Fig. 3 Example of Endoscopic Images (a) GERD class and (b) Normal class

After the class mapping and merging process, a total of 1,974 GERD images and 2,103 Normal images were
obtained, thus forming a larger and more balanced combined dataset for model training.

Split Data

The combined dataset, which has undergone a class mapping process, is divided into two subsets, with 80% as
the training set and 20% as the test set. The division is done randomly while maintaining the class proportions in
each subset. This division aims to provide the model with sufficient data for learning, while also providing test
data that the model has never seen before to measure its generalization ability. The 80:20 proportion was chosen
as a common and optimal strategy in deep learning research on datasets with a limited number of images,
maximizing the data available for deep learning model learning (Bichri, Chergui, and Hain 2024).

Image Preprocessing

The Image Preprocessing stage is applied to all training and test data to standardize image quality before entering the model.
The first step is Crop Endoscopy Circle with circle fitting to form a circular binary mask, so that only the endoscopy area
becomes the Region of Interest (ROI), while the dark border is removed (Budd et al. 2023). After that, use Bilateral Filter to
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reduce noise without removing important edge structures (Lv et al. 2022). All images were then resized to the 224 x 224 pixels
standard input of MobileNetV2. This step ensures that the endoscopic images are cleaner, more uniform, and ready for the
feature extraction process, as shown in Fig. 4.

Fig. 4 Example of Image Preprocessing Application

Image Augmentation

The Image Augmentation stage is carried out to artificially add image variations so that the model is more
robust and does not overfit easily (Kebaili et al. 2023). Augmentation is only applied to the training data in the
augmented scenario, while in the unaugmented scenario, the data is used as is after preprocessing. The
augmentation process is performed on-the-fly via a custom data generator, so transformations are applied
dynamically to each batch (Oza et al. 2022). Augmentation was implemented using the Albumentations library,
which was chosen for its high performance, good flexibility, and for providing appropriate transformations for
medical images without altering important anatomical structures (Saputra et al. 2026).

The augmentation techniques used include RandomBrightnessContrast, RandomGamma, GaussianBlur,
Rotate, ShiftScaleRotate, and HorizontalFlip. The augmentation parameters used are RandomBrightnessContrast
(p=0.4), RandomGamma (p=0.3), GaussianBlur (p=0.3), Rotate (limit=20°, p=0.4), ShiftScaleRotate
(shift_limit=0.07, scale limit=0.10, rotate limit=10°, p=0.4), and HorizontalFlip (p=0.4). These parameters were
chosen to simulate variations in lighting and angle of endoscopic image acquisition without changing the main
anatomical structures.

Modeling Using MobileNetV2

The MobileNetV2 architecture is built on the concept of inverted residuals and linear bottlenecks, which are
designed to produce a lightweight model that is still capable of extracting important features from medical images
(Zhu et al. 2024). Each main block consists of three stages, namely 1x1 expansion convolution with ReLU6
activation, 3x3 depthwise convolution, and 1x1 linear projection convolution as a bottleneck (Sandler et al. 2018).
This structure is depicted in Fig. 5, which is adapted from the MobileNetV2 architecture diagram on (Zhu et al.
2024) and is used to clarify the feature processing flow in blocks with stride 1 and stride 2.
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Fig. 5 MobileNetV2 Architecture

The characteristics of MobileNetV2 are suitable for complex endoscopic image analysis with limited data. The
model was initialized using Transfer Learning with ImageNet pre-trained weights and received 224 x 224 pixel
input. To optimize the learning process, most of the MobileNetV2 backbone was frozen to maintain common
features, while the final layers and classifier head were unlocked for training. The additional classifier layer
included Global Average Pooling, followed by Batch Normalization and a Dropout layer (0.3) to serve as a
regularization strategy for minimizing overfitting. The output layer was Dense with sigmoid activation for binary
classification between GERD and Normal classes. The model was configured with the Adam optimizer at a
learning rate of 1 x 10"(-4) and utilized Binary Crossentropy as the loss function. The training process employed
batch size of 32 sample per batch over 30 epochs. To prevent overfitting, Early Stopping (patience=6) was used
based on validation accuracy, and ReduceLROnPlateau (factor=0.3, patience=4) to gradually adjust the learning
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rate if validation performance did not improve. Then it is trained on data that has gone through the preprocessing
and augmentation stages so that the classification performance is more stable and robust.

Evaluation and Analysis of Comparative Result

Model evaluation was conducted using test data to assess its performance in differentiating GERD and normal
images. The evaluation process was conducted in two different scenarios: without image augmentation and with
image augmentation. Model performance was assessed using several evaluation metrics, including accuracy,
precision, recall, F1-score, confusion matrix, and ROC curve and AUC. These metrics were applied to obtain a
comprehensive assessment of the model, particularly in terms of sensitivity and its capability to distinguish
between the two classes (Kocak et al. 2025). The ROC curve illustrates how the True Positive Rate and False
Positive Rate cary across different threshold values, while AUC quantifies the model’s capability to distinguish
between GERD and Normal classes (Miiller, Soto-Rey, and Kramer 2022).

a. Accuracy

Accuracy represents the ratio of correctly predicted instances to the total number of samples.
TP +TN

A = 1
Ay = TP X TN+ FP + FN ™
b. Precision
Precision is used to measure the level of accuracy of true positive predictions.
Precision TP )
recision = oo
c. Recall
Recall or sensitivity measures how well the model is able to recognize the positive class.
Recall = e 3
¢t = TP Y FN
d. F1-Score

F1-Score represents the harmonic mean of precision and recall.

Fl_s C 9w Precision X Recall )
core = Precision + Recall

In the context of GERD detection, recall (sensitivity) is a key metric because false negatives can lead to missed
inflammatory conditions, potentially delaying diagnosis and medical treatment. The evaluation results from both
scenarios were then compared to determine the effect of image augmentation on improving recall (sensitivity) and
the generalization ability of the MobileNetV2 model.

RESULT
Image Augmentation

Image augmentation was applied on-the-fly only to the training data to increase data variation and prevent
overfitting. The test data was not augmented to maintain the objectivity of the model evaluation. The
transformations applied included lighting, rotation, translation, scaling, blurring, and horizontal flipping. The
augmentation parameters were designed to maintain the anatomical structure of the esophagus so as not to change
the clinical meaning of the image.

Medical image augmentation is known to improve model generalization by enriching the variation of data
distribution without changing class labels, especially in datasets with high variation in lighting and shooting angles.
This is visually shown in Fig. 6, Augmentation produces variations in light intensity and object orientation that
resemble real conditions in endoscopic procedures, such as changes in lighting, camera angle movements and
changes in image orientation that are common in endoscopic procedures.

ot e
(ACACAEICAL

Fig. 6 Example of Image Augmentation Application
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Model Performance Without Augmentation

The MobileNetV2 model was first trained without applying image augmentation. The Adam optimizer was
applied during model training, with the learning rate, batch size, and training epochs selected through
experimentation. The training process showed a significant increase in training accuracy compared to validation
accuracy, indicating a tendency for overfitting to the training data, as shown in Fig. 7.

Corfuson Netnx

@no {

=

Fig. 7 Train vs Validation Accuracy Graph and Confusion Matrix Without Image Augmentation

The confusion matrix on Fig. 7, the model successfully classified 334 GERD images correctly, while 87 GERD
images were still misclassified as Normal (false negatives). The model successfully recognized 292 Normal
images, while 103 were incorrectly labeled as GERD (false positives). Quantitatively, the model without
augmentation produced an accuracy of 76.72%, a precision of 76.43%, a recall of 79.33%, and an F1-score of
77.86%. The recall value of 79.33% indicates that the model is able to recognize most GERD cases, but there are
still a number of false negatives that have the potential to impact the delay in clinical detection. In the context of
medical diagnosis, false negative errors are riskier than false positives because they can cause cases of disease to
go undetected.

Model Performance With Augmentation

The model was then retrained using the scenario with image augmentation. The training curve shows a smaller
gap between training and validation, indicating an improvement in the model's generalization ability, as shown in
Fig. 8.
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Fig. 8 Train vs Validation Accuracy Graph and Confusion Matrix with Image Augmentation

The confusion matrix is shown in Fig. 8, this scenario shows an increase in the number of correct predictions
in the GERD class to 359 images, while the number of false negatives decreased to 62 images. The model
accurately recognized 278 Normal images were correctly classified and 117 images were incorrectly predicted as
GERD. In general, the model trained with image augmentation obtained an accuracy of 78.06%, a precision of
75.42%, a recall of 85.27%, and an F1-score of 80.04%. The increase in recall from 79.33% to 85.27% indicates
that the application of image augmentation increases the model's sensitivity in detecting GERD cases and
significantly reduces the number of false negatives.
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ROC and AUC Curve
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Fig. 9 ROC and AUC Curve Graph

Based on the ROC Curve graph shown in Fig. 9, the figure shows a comparison of the performance of the
MobileNetV2 model in two scenarios, namely without augmentation and with augmentation. The ROC curve
illustrates how the True Positive Rate (TPR/sensitivity) varies against the False Positive Rate (FPR) across
different classification thresholds. Points closer to the upper-left corner indicate better classification performance
in separating GERD and non-GERD classes. The graph shows that the curve with augmentation (orange line) is
consistently slightly above the curve without augmentation (blue line), indicating that the model with augmentation
has better discrimination ability across almost the entire threshold range.

The AUC (Area Under the Curve) values support these findings. The unaugmented model achieved an AUC
of 0.8317, while the augmented model achieved an AUC of 0.8481. This improvement indicates that the
augmented model has a higher probability of providing a higher prediction score for GERD images compared to
normal images. Generally, an AUC value above 0.8 is categorized as good classification performance, so both
models are in the good category, but the augmented scenario demonstrates more optimal performance.

Thus, based on ROC and AUC analyses, the application of image augmentation has been shown to improve
the generalization ability and discriminative power of MobileNetV2 in classifying GERD endoscopic images. This
is consistent with the previously analyzed recall improvement results, thus strengthening the conclusion that
augmentation positively contributes to the overall model performance.

Comparative Analysis with Previous Research

The comparison of both scenarios indicates that the use of image augmentation improves the model results,
particularly in terms of recall, which is the primary focus of this study. An increase of 5.94% in recall, along with
a reduction in false negatives from 87 to 62 images, indicates improved effectiveness of the model in detecting
GERD cases. While the increase in accuracy is relatively moderate, the increase in sensitivity has more important
clinical implications because it reduces the risk of falsely detecting GERD cases. In medical classification systems,
recall or sensitivity is often considered a more critical metric than accuracy because it directly relates to the
system's ability to identify patients who truly have the disease.

Furthermore, the more stable training curve in the augmentation scenario indicates that the additional image
variations helped the model learn esophageal inflammation patterns more comprehensively. These results confirm
that the applied augmentation strategy is able to enhance the generalization ability of MobileNetV2 and improve
the GERD detection performance on datasets with varying lighting and image capture angles. To place these results
in the context of previous research, a comparison was made with several studies related to gastrointestinal
endoscopy image classification as shown in Table 1. Previous studies generally used more complex or ensemble-
based architectures, such as a combination of ResNet and Inception, which achieved accuracies of up to 87%—
94%. However, the model proposed in this study uses the lightweight MobileNetV2 architecture with a structured
augmentation approach.

To understand the broader significance of the findings of this study, the results obtained were then compared
with several previous studies on endoscopic image classification.
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Table 1. Summary of GERD Classification Model Performance and Previous Research

Author & Year Augmentation Model Accuracy Recall
Akshaj Singh Not mentioned DeepGastroNet 77% Gerd: 0.68
Bisht et al, 2025 (Modified Gerd Normal: 0.82
(Bisht 2025) SqueezeNet)
Abdul Kadar Data augmentation (Not ResNet-50 73% Gerd: 0.65
Masum et al., detailed) Gerd Normal: 0.78
2025 (Kadar, Inception-V3 77% Gerd: 0.80
Masum, et al. Gerd Normal: 0.61
2025)
Abdul Kadar Flip, Rotation, Skew, Zoom Ensemble 87% Gerd: 0.84
Masum et al., Gerd Normal: 0.84

2025 (Kadar,
Bitto, et al. 2025)

Muhammad John Horizontal flipping, rotation, GID-Xpert 75% Gerd: 0.66
et al., 2025 (Abbas brightness, contrast Gerd Normal:0.83
et al. 2025)
Our Research RandomBrightnessContrast, MobileNetV2 78% Gerd: 0.85
RandomGamma, Gerd Normal: 0.70

GaussianBlur, Rotate,
ShiftScaleRotate, dan
HorizontalFlip

Based on the comparison results on Table 1, It can be concluded that the application of image augmentation
contributes to improving classification performance, especially in the recall metric for the GERD class. Studies
without augmentation show a relatively lower recall for GERD, such as in Akshaj Singh Bisht et al. (Bisht 2025)
with a value of 0.68, while studies that apply more varied augmentation tend to produce higher recall, such as
Abdul Kadar Masum et al. (Kadar, Bitto, et al. 2025) with a recall of 0.84 in the ensemble model. In this context,
this study, which uses the MobileNetV2 architecture with a combination of RandomBrightnessContrast,
RandomGamma, GaussianBlur, Rotate, ShiftScaleRotate, and HorizontalFlip augmentations, shows a GERD
recall of 0.85 with an accuracy of 78%, which is the highest recall value compared to other studies in the table.
Although the accuracy is not the highest overall, the better recall achievement indicates that the MobileNetV2
model used is able to detect positive cases of GERD more sensitively.

In medical classification, increased recall has more important clinical implications because it is directly related
to reducing misdetection of disease cases, so this study occupies a strong position in terms of detection sensitivity
compared to previous studies. These findings indicate that this study successfully fills the gap in previous research
related to the evaluation of image augmentation strategies in the MobileNetV2 architecture for Gastroesophageal
Reflux Disease classification on limited endoscopy datasets.

DISCUSSIONS

The results showed that the application of image augmentation had a positive impact on the classification
performance of MobileNetV2, particularly on increasing the recall value of the GERD class. An increase in recall
demonstrates enhanced sensitivity of the model in recognizing disease cases and lowering the number of false
negatives, which is essential in medical imaging diagnostics. The contribution of the performance improvement is
influenced by a combination of six augmentation techniques, namely RandomBrightnessContrast and
RandomGamma which simulate lighting variations, GaussianBlur which increases robustness to noise, and Rotate,
ShiftScaleRotate, and HorizontalFlip which represent variations in orientation and angle of image capture. The
combination of these techniques produces realistic visual variations without changing the main anatomical
structure, thus helping the model learn esophageal inflammation patterns more comprehensively and improving
generalization capabilities.

Furthermore, the use of a combined dataset expands the image diversity, making the model less dependent on
the specific characteristics of a single data source, while augmentation helps address data limitations and variations
in endoscopic image conditions such as lighting changes, reflections, and camera movement. This explains why
the scenario with augmentation demonstrates more stable performance. Improved recall has important clinical
implications as it reduces the risk of GERD cases going undetected and potentially supports early detection. Thus,
this study confirms that a structured augmentation strategy can improve the sensitivity of lightweight models like
MobileNetV2, while also addressing a research need related to augmentation evaluation in endoscopic image-
based GERD classification on limited datasets.
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CONCLUSION

The experimental results show that the application of image augmentation can improve model performance
compared to without augmentation, indicated by an increase in accuracy from 76.72% to 78.06%, recall from
79.33% to 85.27%, F1-score from 77.86% to 80.04%, and AUC from 0.8317 to 0.8481. This increase in recall
indicates that the model is more sensitive in detecting GERD cases and is able to reduce false negatives, which are
important factors in medical image diagnosis systems, while also improving training stability and generalization
ability to new data. Overall, the combination of structured augmentation strategies has proven effective in
improving the sensitivity and discriminative ability of lightweight models such as MobileNetV2 on limited
endoscopy datasets with high image condition variations. For further development, research can focus on
comparing MobileNetV2 with other CNN architectures (such as EfficientNet, DenseNet, or ConvNeXt), testing
various targeted augmentation strategies, and employing cross-validation techniques. Additionally, future studies
should include validation on multi-center datasets or clinical data from different hospitals to improve robustness
and ensure generalization to real clinical cases.
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