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Abstract

This research addresses the computational optimization of convolutional neural network (CNN) architectures for the classification
of Indonesian Sign Language System (Sistem Isyarat Bahasa Indonesia, SIBI) static alphabet imagery to enhance digital
communication accessibility. Utilizing a domain-specific dataset comprising 1,165 images across 26 alphabet classes, this study
tackles the prominent challenges of limited sample sizes and severe class imbalance. We evaluate five state-of-the-art CNN
architectures MobileNetV2, DenseNet121, Xception, InceptionV3, and ResNet50V2 under four distinct training data paradigms
before and after adaptive fine-tuning. To eliminate predictive bias without pixel-level distortion, oversampling is operationalized
via Latent Space SMOTE on flattened vector embeddings, combined with dynamistic runtime image augmentation. The
experimental results reveal that MobileNetV2, when optimized through partial layer-freezing (locking 150 baseline layers) under
the integrated augmentation and oversampling combination scenario, achieved the highest macro-classification accuracy of
98.30%. This architecture also demonstrated superior efficiency, reducing the computational training latency to 0.53 minutes. The
findings underscore the strategic advantage of leveraging optimized lightweight networks like MobileNetV2 for domain-specific
visual recognition tasks.
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Introduction

Communication constitutes a fundamental aspect of human social interaction that enables the exchange of ideas
and the formation of interpersonal relationships [1]. However, individuals with disabilities, such as those who are deaf
or mute, face significant challenges in accessing effective communication. In Indonesia, despite the increasing number
of people with disabilities, adequate communication facilities for them, particularly through the Indonesian Sign
Language System (Sistem Isyarat Bahasa Indonesia, SIBI), remain severely limited [2]. As a nonverbal
communication system utilizing hand gestures and facial expressions, SIBI serves as this community’s primary
medium.

Despite its critical role, the issue of communication accessibility for persons with disabilities in Indonesia has not
yet received optimal attention, resulting in social barriers and isolation due to the limited public understanding of
SIBI. The scarcity of supporting facilities, such as sign language interpreters, especially in remote areas, further
exacerbates communication gaps [3]. Therefore, solutions that enhance equitable access and communication
effectiveness for persons with disabilities are urgently needed.

In the technological context, artificial intelligence, particularly deep learning, has demonstrated significant
potential in recognizing international sign languages such as American Sign Language (ASL) with high accuracy
using Convolutional Neural Network (CNN) architectures [4], [5], [6]. Nonetheless, most studies have predominantly
focused on international sign language, while recognizing local sign languages such as SIBI, which embody unique
cultural and habitual characteristics, remains underexplored.

Research on SIBI and other local sign language like BISINDO using deep learning remains limited. It faces several
obstacles, including dataset scarcity, inter-individual variability in gesture, and the complexity of CNN architectures
that are impractical for deployment on resource-constrained devices [7], [8]. Although complex CNN models such as
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Inception-V3 and EfficientNetBO0 can yield high accuracy, they are less efficient for practical everyday applications
due to their high computational requirements [9], [10].

Despite the architectural advancements documented in recent sigh language literature, a critical research gap
persists in local sigh language recognition, particularly regarding the trade-off between deployment feasibility and
classification sensitivity under data-scarce and imbalanced regimes. Previous studies on SIBI have predominantly
gravitated toward two non-optimal extremes. On one end, researchers utilize heavy neural networks (e.g., VGG-16,
VGG-19, or Xception) to achieve high accuracy [11]. However, these architectures impose immense computational
overheads, often requiring extensive RAM allocations that trigger latency when deployed on low-resource mobile
edge devices [12]. On the other end, multi-model score-level fusion architectures resolve spatial ambiguities at the
cost of amplifying the computational footprint linearly, rendering them impractical for real-time translation.
Furthermore, most transfer learning studies on local SIBI datasets fail to mitigate severe class imbalance, resulting in
significant predictive bias toward majority gesture classes.

To bypass these constraints, this study introduces a computationally efficient methodological framework for multi-
class SIBI alphabet classification. The novelty of this research lies in a unified intervention operating simultaneously
at the data and parameter levels: we implement a partial layer-freezing protocol (locking the first 150 generic feature
layers) combined with an adaptive fine-tuning strategy optimized via the AdamW algorithm to stabilize convergence
and prevent catastrophic forgetting. At the data level, we perform Latent Space SMOTE on flattened vector
embeddings rather than raw pixels to mathematically eliminate minority class bias, while runtime dynamic
augmentation regularizes training parameters. Consequently, this study provides a highly scalable single-model
solution that achieves high-tier classification accuracy while structurally minimizing the computational latency typical
of localized sigh language interpreters.

This study aims to address these issues by developing an accurate and computationally efficient SIBI sign language
classification model using the lightweight MobileNetV2 architecture [13], [14]. The approach is complemented by
developing a representative and well-labeled SIBI dataset alongside a fine-tuning strategy to adapt pre-trained models
for optimal recognition of local data [15], [16]. Thus, this research contributes to advancing an inclusive visual
communication system that can be implemented on resource-constrained devices.

Method

Convolutional Neural Network (CNN) architectures effectively extract spatial features form images [17], making
them relevant for complex image classification such as sign language recognition. This research adopts a quantitative
deep learning experimental approach to develop and evaluate the performance of an SIBI classification model based on
MobileNetV2. The fine-tuning strategy was chosen because the baseline pre-trained CNN model showed limitations
on the SIBI dataset with high visual similarity. Therefore, fine-tuning was applied to improve the model’s adaptation
to local data characteristics by training a portion of the final convolutional layers.

This research builds an image classification system and compares the performance of various training strategies,
including baseline, augmentation, oversampling, and their combination. This design examines the impact of data
preprocessing on the model’s generalization capabilities. MobileNetV2 was selected due to its efficiency in handling
spatial feature complexity with low computational cost, making it ideal for resource-constrained devices.

Experiments were conducted in a local GPU-based (CUDA-enabled) computing environment to evaluate training
efficiency and potential real-time application [18]. The structured research stages include dataset collection,
preprocessing, data modification (through oversampling and augmentation), CNN architecture design/training, and
performance evaluation using comprehensive classification metrics [19]. Consistency of architecture and parameters
across all training scenarios was maintained to ensure internal validity, ensuring that performance variations originated
from differences in data strategies, not model configuration [20], [21].

A. Data Collection

The dataset utilized in this study is the Combined SIBI Dataset, sourced from the Kaggle platform
(https:/www.kaggle.com/datasets/alfarizy29/combined-sibi-dataset/data). This dataset comprises 1,165 hand images
representing the alphabet letters of the Indonesian Sign Language System (SIBI). Each image is categorized according
to class labels corresponding to alphabet characters from A to Z.

Muhammad, et. al. (Optimization of CNN Architectures through Fine-tuning for SIBI Classification)
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Figure 1. Visualizes the distribution of sample counts SIBI alphabet

Figure 1 illustrates the degree of data balance across classes, serving as a critical metric for assessing potential
model bias. To ensure balanced class distribution during training, the dataset was divided into three subsets using a
proportional stratification method to ensure balanced data distribution during training. This method divides the dataset
so that each subset maintains the same proportion of class labels as the original dataset. Specifically, 80% of the data
was allocated for training, 10% for validation, and 10% for testing. This strategy aims to maintain consistent class
representation in each subset and enhance the reliability of model evaluation.

Table 1. Detail the dataset split into training, validation, and testing subsets

Dataset Number of Samples Percentage (%0)

Training 932 80
Validation 116 10

Testing 117 10

Table 1 presents a clear overview of the proportional distribution of the dataset across the training, validation, and
testing phases.
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Figure 2. Displays representative examples of preprocessed SIBI alphabet images

Figure 2 exhibits variations in image sizes across several alphabet classes used in model training and evaluation,
contributing to the classification complexity.

B. Data Preprocessing

Data preprocessing was systematically performed to adjust images to CNN input requirements while enhancing the
quality of visual features [22]. Each image was resized to a uniform dimension of 100 x 100 pixels for training
efficiency and data consistency. Color conversion from BGR to LAB was applied to improve contrast and clarify object
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boundaries, which is crucial for hand segmentation. Initial experiments also explored grayscale conversation as a
alternative in spatial.

C. Data Quality Enhancement Techniques

To improve the quality of data representation and address class imbalance issues in the dataset, this research adopts
an integrated strategy that includes oversampling and image augmentation techniques. This approach aims to expand
the distribution of training data and strengthen the generalization of Convolutional Neural Network (CNN) models
against complex and unstructured input variations [23].

To mitigate the systemic risks of predictive bias and classification degradation induced by the severe class imbalance
within the SIBI alphabet dataset, this study deploys a highly calibrated, two-tiered data engineering pipeline. The
holistic conceptual framework, detailing the exact chronological sequence of the data separation and localized
adaptation, is systematically visualized in Figure 3. A rigorous operational distinction must be established regarding
the execution order and mathematical spaces where these techniques operate, thereby ensuring strict insulation against
data leakage and empirical invalidity.

Raw SIBI Input Dataset

l' Done FIRST
Proportional Stratified Split (80% Train, 10% Val, 10% Test) |¢—r
to prevent
ONLY TOP-LEVEL TRAINING BRANCH
Feature Extraction via MobileNetV2 Conv Backbone
Latent Feature Embedding Space Flattening
Applied to

Synthetic Minority Oversampling Technique (SMOTE)

Vector Embeddings,

Dynamic On-the-Fly Augmentation (RAM level)

|

Retraining Classifier Top Layers (AdamW Optimization)

Figure 3. Structural pipeline of the proposed data engineering and localized fine-tuning framework
D. Methodological Sequence and Prevention of Data Leakage

In strict accordance with empirical validation protocols illustrated in Figure 3, the partition of the Combined SIBI
Dataset into training (80%), validation (10%), and testing (10%) subsets via proportional stratification is executed
prior to any data enhancement intervention. This chronological sequencing guarantees that synthetic samples generated
via oversampling and localized transformations from augmentation never contaminate the validation or testing matrices.
Consequently, the internal validity of the evaluation metrics remains insulated from artificial performance inflation
(data leakage).

E. Latent Space Synthetic Minority Oversampling Technique (SMOTE)

The SMOTE (Synthetic Minority Oversampling Technique) method performs oversampling on minority classes
[24]. This technique generates synthetic samples throughs a linear interpolation process between instances in adjacent
feature space, thereby quantitatively expanding the representation of minority classes. The application of SMOTE aims
to balance class distribution to reduce the model’s predictive bias towards majority classes, which theoretically can
improve classification performance and sensitivity to minorities [25].
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Figure 4. lllustrates the distribution of training data before and after SMOTE application

As shown in Figure 4, the initial distribution of training data shows a significant dominance of the majority classes.
Applying the SMOTE process shows a more proportional and statistically viable increase in minority class
representation. Addressing the technical constraint raised during peer review, this study explicitly clarifies that the
SMOTE algorithm is not applied to the raw spatial pixel matrices of the SIBI imagery. Executing linear interpolation
directly on raw pixel values (100 x 100 x 3) yields structurally chaotic, semantically meaningless ghost images due
to the high-dimensional non-linearity of raw computer vision data [26].

Instead, this research implements a Latent Space SMOTE framework. The original imbalanced training imagery is
first propagated through the frozen convolutional backbone of the pre-trained MobileNetV2 network to extract dense,
high-level structural features. The resulting multi-dimensional tensor is flattened into a lower-dimensional vector
embedding space (n = 1280). SMOTE is then mathematically operationalized strictly within this continuous numeric
feature space [27].

For each localized minority class vector embedding x;, the algorithm computes its k-nearest neighbors (where k =
5) using the standard Euclidean distance metric. A neighbor x,,,, is randomly selected, and a structurally viable synthetic
embedding x,,.,, is generated via linear interpolation defined by Equation (1):

Xpew = X; + A X (xnn - xi) (1)

Where 1 represents a stochastic scalar drawn from a uniform distribution bounding [0, 1]. This mathematical
formulation selectively populates the minoritarian cluster boundaries within the latent space, expanding the training
corpus from 932 instances to a structurally balanced array of 1,300 feature vectors (exactly 50 vectors per alphabet
class) without simple duplication anomalies.

F. Dynamic On-the-Fly Augmentation via ImageDataGenerator

Simultaneously, to enrich semantic variability and regularize the unfrozen weights against parameter memorization,
dynamic stochastic augmentation is implemented via the Keras ImageDataGenerator class. Unlike static augmentation
frameworks that permanently expand disk-space corpus, this mechanism injects geometric transformations on-the-fly
into the RAM volatile memory subsystem during runtime batch loading.

The affine matrix transformations (including a strictly bounded rotation_range of 20° and a zoom-range of 0.2)
expose the network to infinite micro-variations of hand postures across training epochs.

Regarding the inclusion of the horizontal_flip parameter: a fundamental semantic validation was conducted. While
arbitrary horizontal flipping can critically alter the grammatical meaning of asymmetric gestures in dynamic sign
language sentences, the target SIBI domain in this specific study is explicitly restricted to static, single-hand alphabet
imagery (A-Z). in the static SIBI fingerspelling manual, horizontal mirroring merely simulates left-handed execution
variants of identical alphabetical labels without shifting their linguistic identity. Thus, the inclusion of
horizontal_flip=True serves as a highly valid cross-lateral regularizer that hardens the network’s spatial generalizability
against hand-orientation variations.
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Image augmentation is applied to synthesize variations in training data through diverse spatial-geometric
transformations. These transformations serve as regularization to reduce overfitting while enriching the variation of
input data encountered by the model during training [28]. Augmentation is used both in baseline conditions and after
the SMOTE proses, which is called the combination scenario. The specific parameters used in these augmentation
transformations can be seen in detail in Table 2.

Table 2. Parameters of data augmentation applied during model training

Parameter Value Description
rotation_range 20 Image rotation up to 20 degrees
width_shift_range 0.2 Horizontal image shift up to 20% of image width
height_shift_range 0.2 Vertical image shift up to 20% of image height
shear_range 0.2 Shear transformation
zoom_range 0.2 Zoom in or zoom out of the image
horizontal_flip True Horizontal flip of the image
fill_mode ‘nearest’ Method to fill empty pixels after transformation

The combination of SMOTE and image augmentation strategies results in a training data corpus that is quantitatively
balanced and structurally varied. This provides a strong foundation for CNN models in forming discriminative and
robust feature representations and significantly improves accuracy in image-based sign language classification [29].

As an essential adaptation strategy in transfer learning, fine-tuning aims to improve the accuracy of pre-trained
models through partial layer adjustment [30]. In SIBI sign image classification using MobileNetV2, fine-tuning
facilitates the model’s adaptation to the specific characteristics of the target dataset, which often differs from initial
training. The stages carried out in the fine-tuning process include:

e Utilization of Pre-trained Model: MobileNetV2, trained on large dataset (e.g., ImageNet), provides strong
generic feature extraction capabilities, serving as a robust initialization point for computer vision tasks [31].

o Freezing Initial Layers: The initial phase of fine-tuning typically involves freezing the early convolutional layers
of the pre-trained model. This strategy preserves universal fundamental features (edge/texture detectors), only
allowing the retraining of deeper or final classification layers.

o Adaptation of Final Layers: The final classification layers are modified or replaced according to the number of
classes in the new dataset (e.g., the SIBI alphabet). This retraining allows the model to learn discriminative
feature mappings for the targe labels.

o Weighs Optimization: AdamW is used to update the weights of the unfrozen layers. A small standard learning
rate (0.001) and standard weights decay (0.004) is applied to prevent drastic changes and maintain convergence
stability [32].

o lterative Evaluation and Adjustment: Model performance is carefully evaluated after each fine-tuning iteration.
The decision to unfreeze additional layers or halt the process is based on improving the model’s adaptation
capabilities.

Conceptually, fine-tuning is an adaptive process of pre-trained models for specific tasks using smaller, relevant
target dataset [33]. Its implementation involves transfer learning (utilizing knowledge from massive datasets to limited
data domains), progressive weight adjustment for nuanced pattern understanding, and overfitting mitigation by
retraining generic features and training specific layers.

G. MobileNetV2 CNN Architecture and Training Strategy

This research implements a Convolutional Neural Network (CNN) architecture based on transfer learning using
MobileNetV2 as the main backbone. The selection of MobileNetV2 is based on its efficiency in modelling spatial image
complexity with low computational complexity and its ability to produce competitive classification performance on
resource-constrained devices [34]. This architecture was developed to support integration into real-time edge-
computing-based systems, making it relevant for application scenarios in environments with limited computing
infrastructure [35]. The architectural configuration of the model in this research is detailed in Table 3 below.

Muhammad, et. al. (Optimization of CNN Architectures through Fine-tuning for SIBI Classification)
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The Rectified Linear Unit (ReLU) activation function is defined by Equation (2), where R(z) represents the
activation output and z denotes the input value.

R(z) = max(0,z) )

The softmax activation function is expressed in Equation (3), where x; denotes the input vector, n is the total number
of labels, and j corresponds to the class probability.
e’ ©)

S(Xi)w

Table 3. Technical configuration of the MobileNet\VV2 CNN model

Component Details
Input Shape 100x100x3
Pre-trained Weights ImageNet
Frozen Layers 150
Fine-tuning Last convolutional layers and classifier
GlobalAveragePooling2D Enabled
Dropout Layer 0.5
Dense Layer 64 units, ReL U activation
Output Layer Dense(num_classes, activation="softmax’)

The training strategy implemented does not explicitly separate the transfer learning and fine-tuning stages but
combines them in an integrated training scheme over 50 epochs. The AdamW optimizer is the primary optimization
algorithm because it handles explicit weight regularization and convergence stability [36]. Hyperparameter selection
was based on the principles of training efficiency and generalization to new data distributions, as presented in Table 4.

Table 4. CNN model training parameters

Parameter Value
Number of Epochs 50
Batch Size 64
Optimizer AdamwW
Loss Function sparse_categorical_crossentropy
Learning Rate 0.001
Weight Decay 0.004

The training process was implemented using the TensorFlow [37] and Keras libraries with CUDA GPU acceleration
for computational efficiency. To ensure the reproducibility of results, experiments were conducted deterministically
with seed setting and controlled training environment configuration [38]. These steps ensured the experiments’ internal
validity and provided a reproducible academic and practical contribution.

H. Model Evaluation

Model performance evaluation was conducted comprehensively using several classification metrics designed to
measure the generalization capability and predictive precision of the developed classification system. All test were
performed on test data that had not previously been involved in the training process in order to obtain an objective and
unbiased estimate of model performance [39].

The formulas for computing the performance metrics: accuracy, precision, recall, and F1-score, are respectively
presented in Equations (4), (5), (6), and (7). Here, TP denotes the number of True Positives, TN the number of True
Negatives, FP the number of False Positives, and FN the number of False Negatives [40].

TP+TN 4)
TP+ TN + FP +FN

Accuracy =

Muhammad, et. al. (Optimization of CNN Architectures through Fine-tuning for SIBI Classification)
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Precision = L ©)
~ TP +FP
TP (6)
Recall = TP-I-—FN
Precision X Recall (7)
F1 Score =

Precision + Recall

In addition, model evaluation is also strengthened through confusion matrix visualization for each class. The
confusion matrix provides granular information regarding inter-class classification errors, thus allowing the
identification of potential systemic bias towards certain classes [41]. Evaluation is performed per class and at the overall
model level to obtain a comprehensive overview of the generalization capabilities of the built classification system.

I.  Model Training Workflow
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Figure 5. lllustrates the flowchart of the SIBI sign language classification process

The diagram in Figure 5 visually represents the hierarchical and systematic procedural stages of SIBI sign language
classification. Each node in the diagram illustrates crucial components in the deep learning-based classification stages,
from raw data collection to trained model evaluation. This diagram provides a logical guide to the classification
system’s operational structure while emphasizing the central role of the fine-tuning process as a crucial stage in
improving the model’s adaptability and accuracy to SIBI data. The position of fine-tuning int the flow is directly linked
to the architecture selection and model training stage, demonstrating its contribution to overcoming the limitation of
pre-trained models when used in complex local domains. The built system represents a methodology that can be
replicated academically and practically.

Results and Discussion

The model training outcomes are presented based on various techniques applied to the SIBI dataset. Several models
were evaluated using different CNN architectures, namely DenseNet121, InceptionV3, MobileNetV2, ResNet50V2,
and Xception. Each model was trained utilizing augmentation, oversampling, and their combination techniques, with
performance comparisons conducted before and after fine-tuning.

A. Model Performance Evaluation

The performance of five distinct CNN architectures was rigorously evaluated using multi-class classification
metrics, including accuracy, macro-precision, macro-recall, and macro-F1-score. To provide a transparent evolutionary
trajectory of the optimization layers, the experimental validation was bifurcated into two foundational regimes: (1) the
untuned pretrained baseline framework, and (2) the parameter-level intervention via adaptive fine-tuning.

Table 5 delineates the comprehensive empirical outcomes achieved by the models in their baseline configurations,
operating strictly on the original, imbalanced SIBI dataset without data-level engineering or weight readjustment.

Muhammad, et. al. (Optimization of CNN Architectures through Fine-tuning for SIBI Classification)
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Table 5. Untuned Pretrained CNN Model Performance (Pure Baseline Configuration)

Model Baseline Before Fine-tuning
Accuracy | Macro-Precision Macro-Recall Macro-F1-score
DenseNet121 98.29% 98.90% 98.68% 98.69%
InceptionV3 56.41% 66.74% 55.00% 54.34%
MobileNetV2 57.26% 66.79% 56.15% 53.03%
ResNet50V2 90.60% 92.26% 90.48% 90.36%
Xception 96.58% 97.80% 96.67% 96.69%

As tabulated in Table 5, under pure baseline conditions, DenseNet121 and Xception demonstrated inherently robust
spatial feature extraction capabilities, yielding impressive baseline accuracies of 98.29% and 96.58% respectively.
This performance implies that their highly connected topology and separable block architectures possess superior cross-
domain generalization capacity directly from ImageNet initialization. Conversely, light-to-medium parameter models,
specifically InceptionV3 (56.41%) and MobileNetV2 (57.26%), exhibited severely constrained performance. This
diagnostic deficiency explicitly underpins the necessity of localized weight adaptations to transform universal
geometric primitives into distinct SIBI sign semantic representations.

To evaluate the direct implications of architectural weight unfreezing, Table 6 highlights the performance after
exposing the final convolutional layers and top classifiers to localized backpropagation, executed strictly on the non-
engineered, imbalanced SIBI dataset.

Table 6. Fine-Tuned CNN Model Performance (Baseline with Parameter-Level Intervention Only)

Model Baseline After Fine-tuning
Accuracy | Macro-Precision Macro-Recall Macro-F1-score
DenseNet121 94.02% 91.76% 92.91% 91.61%
InceptionV3 97.44% 97.91% 96.99% 97.23%
MobileNetV2 97.44% 98.04% 96.89% 97.09%
ResNet50V2 75.21% 87.84% 75.09% 77.48%
Xception 92.31% 93.75% 91.95% 92.25%

Upon executing localized fine-tuning (Table 6), InceptionVV3 and MobileNetV2 experienced a profound paradigm
shift, with their classification accuracy surging exponentially to 97.44%. This significant enhancement verifies that
unfreezing the upper layers allows the network to adapt its high-level latent representations to the localized
configurations of hand-gestures. Concurrently, deep residual-heavy configurations (ResNet50V2) experienced severe
performance degradation, collapsing to an accuracy of 75.21%. This phenomenon is heavily attributed to catastrophic
forgetting and severe overfitting, where aggressive gradient steps disrupt the pretrained generalized features in the
absence of balanced target regularization data.

B. Prediction Results

To maintain focus and coherence, the in-depth visualization of prediction results centers on the MobileNetV2 model,
which is the primary architecture and has demonstrated the best performance post fine-tuning. This approach avoids
analytical fragmentation and ensures a concentrated narrative, while the results of other models are presented
numerically in comparative tables to preserve clarity and accommodate document length constraints.

In Figure 6, the training accuracy starts at a relatively low value (~14.78%) and gradually increases until epoch
25, whereas the validation accuracy remains stagnant until approximately epoch 15 before exhibiting a significant rise
to about 50%. Early stopping terminates training at epoch 25 due to no further improvement in validation accuracy,
despite the continued increase in training accuracy. After applying fine-tuning, training accuracy dramatically increases
t0 99.38% by epoch 50, followed by a consistent improvement in validation accuracy reaching 96.55%, indicating
that fine-tuning effectively enhances the model’s capability to recognize patterns in the validation data.

Muhammad, et. al. (Optimization of CNN Architectures through Fine-tuning for SIBI Classification)



387

Accuracy History (MobileNetV2 Baseline Fine-tuning)

_

Training Accuracy

Validation Accuracy
Training Loss
Validation Loss

Epoch
Loss History (MobileNetV2 Baseline Fine-tuning)

T T
M~ o
=1 =3
Aoeanooy

Epoch

2.59
2.0+
1.5 1

ssa]

0.0

ILKOM Jurnal Iimiah Vol. 18, No. 2, August 2026, pp. 378-392

Accuracy History (MobileNetV2 Baseline)

25
Validation Loss

Validation Accuracy
20

>
g
e
5
I+
<
o
£
£
I
=

—— Training Loss

15
Epoch

10

Figure 6. Accuracy History of MobileNetV2 Baseline Before vs. After Fine-tuning
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As illustrated in Figure 7, during the initial baseline training, both training loss and validation loss remain high with
only limited reduction until epoch 25, reflecting an underfitting phenomenon and difficulty in the model’s ability to
generalize on the validation data. Training was halted by an early stopping mechanism due to the lack of significant
improvement in validation loss. After the application of fine-tuning, training loss decreased steadily and consistently,
to approximately 0.15. This indicates that fine-tuning effectively reduces classification errors and enhances the model’s

reaching a very low value around 0.01 by epoch 50, while validation loss also declined significantly and consistently
generalization capability.
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Figure 8. Confusion Matrix of MobileNetV2 Baseline vs. After Fine-tuning
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As seen in Figure 8, the MobileNetVV2 model under baseline conditions exhibited significant misclassifications in
specific classes (1, 2, 4-17, 20-22, and 25), reflected by a low accuracy of 57.26% and F1-score below 54%. The
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prediction distribution not concentrated along the main diagonal indicates underfitting and limited model generalization.
Conversely, after fine-tuning, classification performance improved substantially with predictions concentrated more
along the main diagonal, achieving an accuracy of 97.44%. This improvement signifies the model’s effective
adaptation to the specific features of the SIBI dataset, with only minor residual errors. This visualization reinforces the
role of fine-tuning in enhancing classification quality and supports the selection of MobileNetV2 as the primary model
in this study.

C. Computational Time

Computational time in this experiment was measured based on the training duration of each epoch and the total
training time over 50 epochs for each model and training scenario. Utilizing the hardware specifications listed in Table
7, the computational efficiency of each CNN architecture was analyzed by comparing the time of each epoch and total
training time, both before and after the implementation of fine-tuning.

Table 7. Computer Specifications for Model Training Process

Parameter Specification
CPU 13" Intel® Core™ i9-13900F (32 CPUs), ~2.0 GHz
RAM 32 GB (2x16 GB) DDR5 5200 MHz
GPU NVIDIA GeForce RTX 4070 12 GB GDDR6x

The differences in training time between models before and after fine-tuning, as shown in Table 8, indicate that the
fine-tuning process, which involves adapting the model to a specific dataset, results in training times per epoch after
fine-tuning that vary among models and, in some cases, are shorter than without fine-tuning. This phenomenon can be
explained by the layer freezing mechanism and optimization during training. For instance, MobileNetV2 experienced
areduction in training time from 2.49 seconds to 0.64 seconds per epoch after fine-tuning, indicating that computational
efficiency is influenced not only by the fine-tuning method but also by the technical configuration and intrinsic
characteristics of the model itself.

Table 8. Model Computational Time (Baseline)

Before Fine-tuning After Fine-tuning
Model Time of each Total Time (50 Time of each Total Time (50
Epoch (seconds) | Epochs/minutes) | Epoch (seconds) Epochs/minutes)
DenseNet121 4.48s 3.73 minutes 296 2.47 minutes
InceptionV3 3.08s 2.57 minutes 2.14s 1.78 minutes
MobileNetV2 2.49s 2.08 minutes 0.64s 0.53 minutes
ResNet50Vv2 3.08s 2.57 minutes 1.70s 1.42 minutes
Xception 2.90s 2.42 minutes 0.95s 0.79 minutes

D. Comparison of Results of Each Model

Experimental results demonstrate that MobileNet\VV2 combined with fine-tuning achieved the highest performance,
reaching an accuracy of 98.30%, a significant improvement from the baseline accuracy of 57.26% before fine-tuning.
This increase underscores the critical role of fine-tuning in adjusting the model’s weights to the specific characteristics
of the SIBI dataset, thereby enhancing the model’s capability to recognize sign language image patterns.

Table 9 presents a comparative evaluation of five CNN architectures: DenseNet121, InceptionV3, MobileNetV2,
ResNet50V2, and Xception, across four different training scenarios: baseline, augmentation, oversampling, and a
combination of both, evaluated before and after fine-tuning. This comparison facilitates analysis of fine-tuning’s impact
on accuracy and overall model performance in sign language classification.

To resolve the numeric ambiguity between data-level and parameter-level engineering, Table 9 systematically
juxtaposes the cross-experimental matrices across all four training data paradigms before and after fine-tuning.
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Table 9. Comparative Accuracy Matrix Across All Data Engineering and Fine-Tuning Scenarios
Before Fine-tuning After Fine-tuning
Model Baseli | Augmentat | Oversampl | Combinat | Baseli | Augmentat | Oversampl | Combinat
ne ion ing ion ne ion ing ion

DegszelNet 98.20% | 94.02% 95.73% 90.60% | 94.02%  96.58% 97.44% 98.29%
'”Cflpé'on 56.41% @ 82.91% 62.39% 41.03% | 97.44% |  98.29% 95.73% 97.44%
MOE'/';Net 57.26% @ 49.57% 18.80% 2308% | 97.44% @ 94.87% 95.73% 98.30%
Res\t':t?’o 90.60% @ 66.67% 72.65% 80.34% | 75.21% @ 97.44% 98.29% 94.02%
Xception | 96.58% | 92.31% 73.50% 98.20% | 92.31% | 83.76% 95.73% 86.32%

The systemic cross-analysis detailed in Table 9 empirical proves that the ultimate optimization peak is achieved
exclusively by the MobileNetVV2 model under the unified Combination paradigm (SMOTE + Dynamic Augmentation)
coupled with Fine-Tuning, achieving the study’s absolute maximum accuracy of 98.30%. This specific intersection
demonstrates a powerful symbiotic effect: SMOTE mathematically eliminates minority class predictive bias within the
latent feature embedding space, dynamic augmentation expands data variance to insulate the sparse parameters from
overfitting, and fine-tuning recalibrates the final projection weights to maximize inter-class margin separation.

E. Comparison with Previous Research

The significant performance improvement achieved after the fine-tuning process indicates the effectiveness of this
approach in addressing common challenges in image processing, such as limited data volume and high intra-class
variability within the SIBI dataset. The use of lightweight architectures like MobileNetV2 also offers strategic
advantages in real-world implementations, particularly for edge devices with constrained computational resources.

This research supports and extends the findings of [7], who evaluated various CNN architectures for SIBI sign
language image classification using a dataset comprising 26 classes. Their study revealed that Xception excelled in F1-
score performance but incurred high computational costs. Conversely, MobileNetV2 demonstrated better time
efficiency despite lower initial performance.

Table 10. Comparative Study: Previous Research vs. This Research

Model Study [7] This Research
CNN Model MobileNetV2, Xception, VGG16, ResNet50 DenseNet121, InceptionV's, MobileNetv2,
ResNet50V2, Xception
Transfer Learning with Fine-tuning,
Techniques Transfer Learning without Fine-tuning Augmentation, Oversampling, Combined
Techniques
Number of Epochs 100 50

MobileNetV2 (Accuracy 98.30% Combination

Highest Accuracy + Fine-tuning)

Xception (Accuracy 99.57%)

MobileNetV2 F1-score 68.37% (F1-score) 98.34% (F1-score Combination + Fine-tuning)

MobileNetV2 ~1333.12 seconds (22.22 minutes),
Xception ~1387.21 seconds (23.12 minutes)

MobileNetV2 ~0.53 minutes (Fine-tuning),

Computational Time Xception ~0.79 minutes (Fine-tuning)

Through a more strategic and integrated training approach (fine-tuning + augmentation + oversampling), this
research demonstrates that MobileNetV2 can achieve performance comparable to or even surpassing previous results
under certain conditions, while delivering improved computational efficiency. This comparative result is summarized
in Table 10, showing that MobileNetV2 in this research attained an F1-score of 97.35% with a computational time of
approximately 0.53 minutes, compared to 68.37% in the prior study.
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Conclusion

Based on the empirical experimental evidence and rigorous comparative analysis, this study concludes that the
lightweight MobileNetV2 architecture, when structurally optimized via targeted transfer learning, partial fine-tuning,
and combined latent data-engineering frameworks, yields superior performance in classifying SIBI manual alphabet
imagery. The exponential accuracy expansion from an untuned baseline of 57.26% to a highly stable peak of 98.30%
under the combined SMOTE and dynamic augmentation paradigm validates that parameter-level adaptation is crucial
for adapting universal features to domain-specific local sign languages. Conceptually, this research provides a scalable
methodological blueprint, demonstrating that high-tier sensitivity across minoritarian classes can be achieved using a
single-model framework with low computational training costs.

However, several critical limitations must be explicitly acknowledged. First, the empirical validation of this study
relies on a relatively restricted dataset of 1,165 images under controlled background configurations, which may not
fully capture the chaotic intra-class illumination variations of real-world deployment. Second, the visual scope of this
framework is strictly confined to static, single-frame alphabetical fingerspelling (A-Z), thereby leaving dynamic,
sentence-level gestural structures unaddressed. Lastly, while the model’s architectural properties theoretically favor
edge deployment, the performance metrics were evaluated within a localized GPU environment without physical
integration testing on actual mobile or embedded hardware.

Future research will direct focus toward extending this framework into continuous, video-based dynamic SIBI
gesture recognition by integrating recurrent temporal layers or spatio-temporal transformers. Furthermore, future
efforts will prioritize the hardware-level deployment and practical optimization of this fine-tuned network on resource-
constrained mobile edge platforms to directly evaluate its physical inference latency and usability within the deaf and
mute community.
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