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Abstract. 
Purpose: Sign language recognition systems based on 3D hand keypoints frequently experience generalization issues when trained 

on limited and homogeneous datasets, particularly under single-subject data collection settings. In BISINDO alphabet recognition, 
this limitation often leads to significant performance degradation when models are applied to unseen users or different acquisition 

devices. This study aims to improve cross-domain generalization of BISINDO alphabet recognition models by introducing realistic 

feature-level augmentation applied directly to 3D hand keypoints. 

Methods: A realistic 3D keypoint augmentation framework was proposed, consisting of Gaussian Jitter, Anisotropic Scale, Bone 

Length Scale, and Depth & Tilt Jitter to simulate sensor noise, anatomical variability, and viewpoint changes. Hand keypoints were 
extracted using MediaPipe Hands and classified using a multilayer perception (MLP). Model performance was evaluated through k-

fold cross-validation on a single-subject internal dataset and cross-domain testing on an external dataset involving unseen subjects 

and different acquisition devices. 
Results: The experimental results indicate that the proposed augmentation strategy substantially improves generalization performance 

without degrading in-domain accuracy. The cross-domain F1-score increased from 67.20% in the baseline model to 89.55% after 

applying realistic 3D keypoint augmentation, while performance variability across validation folds was also reduced, indicating more 
stable learning behavior. 

Novelty: This work highlights that controlled geometric manipulation at the 3D keypoint level provides an effective and 

computationally efficient approach to mitigating overfitting in low-resource BISINDO recognition scenarios. By focusing on feature-
level augmentation rather than image-based transformations or algorithm replacement, this study offers a practical strategy for 

enhancing robustness in real-world sign language recognition systems. 
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INTRODUCTION 
Sign language functions as the primary medium of communication within the Deaf community, relying on 

structured visual gestures to convey linguistic meaning. In Indonesia, Bahasa Isyarat Indonesia (BISINDO) 

is widely used in daily interactions among Deaf individuals. However, sign language proficiency among 

the general population remains limited, which continues to create communication barriers in social, 

educational, and public service contexts [1] In practice, communication between Deaf and hearing 

communities often depends on human sign language interpreters. While effective, the availability of 

professional interpreters is limited and frequently associated with high operational costs, making large-

scale and continuous deployment difficult [2]. These constraints have motivated increasing interest in 

computer vision–based automatic sign language recognition systems as a technological alternative to 

support more inclusive and scalable communication [3]. 

 

Recent developments in sign language recognition have been dominated by deep learning–based 

approaches, particularly pixel-level methods that operate directly on image data. Convolutional Neural 

Networks (CNNs) and object detection architectures have shown strong performance in controlled 

experimental settings [4], [5]. Despite their success, pixel-based models are inherently sensitive to visual 

variability. Changes in illumination, background complexity, camera quality, and skin tone often lead to 

performance degradation when such models are deployed outside laboratory conditions [6]. This limitation 

arises because pixel-level approaches tend to exploit appearance-based patterns rather than explicitly 
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modeling the geometric structure of hand gestures [7]. As a result, high accuracy reported in controlled 

environments does not always translate into reliable performance under real-world conditions. 

 

To address these limitations, recent studies have increasingly shifted toward keypoint-based representations 

that model hand gestures as structured geometric configurations [8], [9], [10], [11]. Frameworks such as 

MediaPipe Hands enable real-time extraction of three-dimensional (3D) hand keypoints with relatively low 

computational overhead, making them suitable for mobile and edge-device deployment [12]. By 

representing gestures as coordinate-based vectors, keypoint-based approaches are less dependent on 

background appearance and lighting conditions, while significantly reducing data dimensionality [13]. In 

the context of BISINDO recognition, several studies have demonstrated that keypoint-based models 

provide competitive accuracy and improved robustness compared to pixel-based methods, particularly for 

real-time and resource-constrained applications [14]. 

 

Despite these advantages, keypoint-based sign language recognition models are not immune to 

generalization problems. A major challenge lies in the limited availability of diverse training data. 

Collecting large-scale BISINDO datasets that involve multiple subjects with varying hand anatomies and 

recording conditions is often constrained by logistical complexity and acquisition costs [15]. Consequently, 

many studies rely on datasets collected from a single subject or a small number of participants. Under such 

conditions, neural network models are prone to overfitting, learning subject-specific characteristics such as 

hand size or finger proportions rather than subject-invariant geometric patterns [16]. While this issue may 

be masked by high internal evaluation scores, it becomes evident during cross-domain testing, where 

models are evaluated on unseen subjects or different acquisition devices, often resulting in a significant 

drop in performance [17], [18]. 

 

Data augmentation is a widely adopted strategy to mitigate overfitting under limited data conditions by 

increasing data diversity without additional data collection [19], [20]. In keypoint-based recognition tasks, 

spatial augmentation has been shown to improve robustness by introducing controlled geometric variations 

during training. Evidence from skeleton-based human action recognition indicates that techniques such as 

noise injection and geometric scaling can enhance generalization by encouraging models to learn invariant 

structural relationships rather than memorizing exact joint coordinates [21], [22], [23]. However, 

augmentation strategies designed for full-body motion cannot be directly transferred to hand sign language 

recognition. Hand gestures exhibit higher spatial complexity, where subtle variations in finger configuration 

may alter semantic meaning. Previous studies have reported that inappropriate augmentation, such as 

aggressive cropping, can degrade performance by removing critical joint information [23]. This highlights 

the need for augmentation strategies that preserve anatomical plausibility and semantic consistency, 

particularly for finger-level representations [24]. 

 

Recent work in pose-based and sign language recognition suggests that feature-level geometric 

transformations, including noise injection, scaling, and rotation, offer a more stable alternative to image-

level augmentation when working with keypoint data [25]. Unlike pixel-based manipulation, these 

transformations operate directly on coordinate representations, allowing precise control over spatial 

variation without disrupting hand topology. Prior studies also emphasize that such augmentation is most 

effective when parameter ranges are carefully constrained to reflect realistic anatomical variation, 

especially in low-resource settings [26], [27]. These findings indicate that well-designed geometric 

augmentation at the 3D keypoint level has the potential to improve generalization while maintaining the 

semantic integrity of hand gestures. 

 

Based on these considerations, this study focuses on improving generalization in BISINDO alphabet 

recognition under limited data conditions through realistic feature-level 3D keypoint augmentation. Four 

complementary augmentation techniques are applied: Gaussian Jitter to simulate sensor noise and natural 

hand tremors, Anisotropic Scale to model variations in hand proportions, Bone Length Scale to account for 

inter-individual differences in finger anatomy, and Depth & Tilt Jitter to represent changes in camera 

distance and viewpoint. The effectiveness of these augmentations is evaluated using a Multi-Layer 

Perceptron (MLP) model trained on a single-subject dataset and tested under cross-domain conditions 

involving unseen subjects and different acquisition devices. The main contribution of this work lies in 

demonstrating that controlled geometric manipulation at the 3D keypoint level can serve as an effective 

and computationally efficient strategy for mitigating overfitting and enhancing cross-domain robustness in 

low-resource BISINDO recognition scenarios. 
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METHODS 

This study adopts an experimental research design to evaluate the effectiveness of realistic 3D keypoint–

based data augmentation in improving the generalization capability of BISINDO alphabet recognition 

models. The overall workflow follows a structured machine learning lifecycle consisting of data 

preparation, feature extraction and normalization, feature-level data augmentation, model training, and 

performance evaluation. [28], [29]. To ensure a fair and interpretable comparison, two experimental 

configurations are constructed: (1) a baseline model trained without augmentation and (2) a proposed model 

trained with realistic 3D keypoint augmentation. Both configurations employ identical feature 

representations, model architecture, and training protocols. This design allows the observed performance 

differences to be attributed specifically to the effect of the augmentation strategy rather than architectural 

or optimization factors. The overall research workflow is illustrated in Figure 1. 

 

 
Figure 1. Research flow 

Dataset preparation 

Two datasets with distinct acquisition characteristics are utilized to assess both in-domain performance and 

cross-domain generalization. The internal dataset serves as the sole source for model training and 

validation, while the external dataset is reserved exclusively for cross-domain evaluation. This strict 

separation ensures that no samples from unseen subjects or devices influence the training process. 

 

Internal dataset 

The internal dataset used in this study comes from the Indonesian-Sign-Language-BISINDO-Hand-Sign-

Detection-Dataset [30], which is publicly available on GitHub and was accessed in September 2025. In 

total, the dataset contains 520 images in JPG format, covering 26 BISINDO alphabet classes (A–Z), where 

each class consists of 20 samples, so the distribution is evenly balanced. 

 

All images were captured using a smartphone camera (Redmi Note 10 Pro) and processed with a simple 

acquisition setup using Python and OpenCV. During data collection, the same recording setup was 

consistently applied, including factors such as lighting conditions and the distance between the hand and 

the camera. Each sample is a standalone image representing a static hand gesture, meaning it is not extracted 

from a video but directly taken as an individual frame for each alphabet. 

 

Although the dataset is class-balanced, it was collected from a single subject, resulting in limited variability 

in hand shape, gesture execution, and camera interaction. Such homogeneity is commonly observed in 

small-scale datasets and may lead to models learning subject-specific characteristics rather than subject-

invariant geometric patterns. Consequently, while the dataset is suitable for evaluating in-domain 

recognition performance, it presents limitations for assessing generalization across different users. Visual 

examples of the internal dataset are presented in Figure 2. 

 

 
Figure 2. Internal dataset sample 
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External dataset 

To evaluate the generalization capability of the model, an external dataset was collected independently and 

used exclusively for testing. The dataset consists of 520 images covering 26 BISINDO alphabet classes 

(A–Z). In contrast to the internal dataset, this dataset was designed to introduce additional variability, both 

in terms of subject characteristics and acquisition devices. Data collection was performed using two 

devices: a smartphone camera (Redmi Note 13 Pro 5G) and a laptop webcam (MSI GF63). The smartphone 

images were captured in portrait orientation, while the webcam images were recorded in landscape 

orientation, resulting in differences in framing and sensor characteristics. All images were captured under 

indoor conditions with natural lighting and relatively simple backgrounds to maintain consistency while 

still allowing moderate variation in acquisition conditions. 

 

The dataset involves three subjects with different hand characteristics. Subject 1 and Subject 2 have 

medium-sized hands, while Subject 3 has relatively larger hand proportions, introducing natural anatomical 

variation across samples. Furthermore, images were captured at varying distances from the camera, leading 

to differences in hand scale and perspective. Each sample represents a static BISINDO alphabet gesture 

captured under controlled conditions. 

 

The distribution of samples across subjects and devices was intentionally arranged to introduce variation in 

acquisition conditions. Subject 1 contributed data from both devices, with five samples per class captured 

using the smartphone and five using the webcam. Subject 2 contributed samples exclusively from the 

webcam, while Subject 3 contributed samples exclusively from the smartphone, each providing five 

samples per class. This setup was primarily intended to increase variation in capture conditions, particularly 

in terms of device usage and recording perspective. Visual examples of the external dataset are presented 

in Figure 3. 

 

Figure 3. External dataset sample 
Feature extraction and normalization 

Hand gesture features are extracted using the MediaPipe Hands framework, which estimates three-

dimensional (3D) hand keypoints in real time [12]. For each detected hand, MediaPipe Hands provides 21 

anatomical keypoints, each represented by spatial coordinates (x,y,z). In practice, BISINDO alphabet 

gestures may involve either one or two hands, resulting in variability in the number of detected keypoints 

across samples. To maintain a fixed-length input representation required by the classification model, a zero-

padding strategy is applied. When only one hand is detected, the missing hand’s keypoints are replaced 

with zero-valued coordinates. This ensures that every sample is represented by a consistent feature vector 

without introducing artificial geometric distortion. 

 

After keypoint extraction, the coordinates from both hands are concatenated into a single feature vector. 

Each hand contributes 21 keypoints with three spatial dimensions, resulting in a total of 126 features per 

sample (21×3×2). This compact representation preserves the geometric structure of hand gestures while 

significantly reducing input dimensionality compared to pixel-based representations 

 

To reduce sensitivity to absolute hand position, scale, and camera distance, geometric normalization is 

applied prior to model training. First, translation normalization is performed by shifting all keypoints such 

that the wrist joint serves as the coordinate origin. This step removes positional bias and ensures invariance 

to hand location within the image frame. 

 

Second, scale normalization is applied to standardize hand size across samples. Following established 

practice in keypoint-based pose analysis [31], all coordinates are divided by a reference bone length defined 

as the Euclidean distance between the wrist and the index finger metacarpophalangeal (MCP) joint. This 

Subject 1 

Subject 1 Subject 3 Subject 3 
Subject 2 
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reference is chosen because it provides a stable anatomical measure that is minimally affected by finger 

articulation. As a result, the normalized features primarily encode relative geometric relationships rather 

than absolute spatial measurements. 

 

Realistic 3D keypoint augmentation 

All augmentation techniques are applied exclusively to the training subset within each cross-validation fold, 

while validation and test data remain unchanged. This constraint is imposed to prevent data leakage and to 

ensure that performance metrics accurately reflect generalization rather than memorization of augmented 

samples. 

 

Let 𝑃 = {𝑝𝑖}𝑖=1
𝑁  denote the set of normalized 3D hand keypoints, where each keypoint is represented as 

𝑝𝑖 = (𝑥𝑖 , 𝑦𝑖 , 𝑧𝑖) and N = 21 for each hand. The proposed augmentation framework introduces four 

complementary geometric transformations, each designed to simulate a specific source of real-world 

variability commonly encountered in sign language acquisition. 

 

Figure 4 presents representative examples of geometric variations applied to 3D hand keypoints before and 

after augmentation. The visualization illustrates how each transformation introduces controlled spatial 

variability while preserving the overall hand structure and semantic meaning of the gesture. 

 

The applied augmentations are not intended to produce arbitrary distortions, but rather to reflect variations 

that commonly occur in real-world sign language acquisition, including sensor noise, differences in hand 

anatomy across users, and changes in camera viewpoint. Each technique modifies the keypoint 

configuration in a specific manner: Gaussian Jitter introduces small positional perturbations, Anisotropic 

Scale alters spatial proportions, Bone Length Scale adjusts inter-joint distances, and Depth & Tilt Jitter 

simulates perspective variation. As shown in Figure 4, these transformations remain anatomically plausible 

and maintain the relative topology of the hand. The following subsections describe each augmentation 

technique along with its mathematical formulation and design rationale. 

 

 

Figure 4. Visualization of realistic 3D keypoint augmentation applied to a BISINDO hand gesture 

Gaussian Jitter 

Gaussian Jitter is introduced to simulate small positional perturbations arising from sensor noise and natural 

hand tremors. Each keypoint coordinate is independently perturbed by additive Gaussian noise as shown in 

Equation (1). 

𝑝𝑖
′ = 𝑝𝑖 + 𝜀, 𝜀~𝒩(0, 𝜎2) (1) 

where 𝜎 controls the noise magnitude. The value of 𝜎 is empirically constrained to ensure that the resulting 

perturbations remain within anatomically plausible bounds. This augmentation encourages the model to 

focus on stable geometric relationships rather than memorizing exact joint coordinates, a property shown 

to improve generalization in skeleton-based recognition tasks [23]. 

 

Anisotropic Scale 

Anisotropic Scale models variability in hand proportions by applying non-uniform scaling along each 

spatial axis as shown in Equation (2). 
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𝑝𝑖
′ = 𝑆𝑝𝑖 , 𝑆 = [

𝑠𝑥 0 0
0 𝑠𝑦 0

0 0 𝑠𝑧

] (2) 

where 𝑠𝑥 , 𝑠𝑦 , and 𝑠𝑧 are independently sampled scaling factors. Unlike isotropic scaling, which uniformly 

resizes the hand, anisotropic scaling allows differential deformation along spatial axes. This transformation 

reflects both natural anatomical variation among individuals and mild perspective distortion caused by 

camera orientation, while preserving the overall topology of the hand structure. 

 

Bone Length Scale 

Bone Length Scale explicitly targets inter-individual differences in finger anatomy by modifying relative 

bone lengths within the hand kinematic tree. Let 𝑝𝑗 and 𝑝𝑘 denote a parent–child joint pair, the scaled joint 

position is computed, as shown in Equation (3). 

𝑝𝑘
′ =  𝑝𝑗 + 𝛼(𝑝𝑘 − 𝑝𝑗) (3) 

where 𝛼 is a scaling factor applied to the bone vector. This operation preserves joint connectivity while 

introducing realistic variation in finger length. Compared to global scaling, this localized transformation 

more accurately reflects biological differences across users, making it particularly relevant for subject-

invariant hand gesture modeling. 

 

Depth & Tilt Jitter 

Depth & Tilt Jitter is introduced to simulate variations in camera distance and viewpoint. Depth variation 

is modeled by applying translation along the z-axis, as shown in Equation (4). 

𝑝𝑖
′ = 𝑝𝑖 + (0,0, Δ𝑧) (4) 

where Δ𝑧 represents a small depth displacement. Additionally, viewpoint changes are modeled using small-

angle rotations around the horizontal axis, as shown in Equation (5). 

𝑝𝑖
′ = 𝑅𝑥(𝜃)𝑝𝑖 , 𝑅𝑥(𝜃) = [

1 0 0
0 𝑐𝑜𝑠𝜃 −𝑠𝑖𝑛𝜃
0 𝑠𝑖𝑛𝜃 𝑐𝑜𝑠𝜃

] (5) 

where 𝑅𝑥(𝜃) represents the rotation matrix around the x-axis with tilt angle 𝜃. These transformations 

expose the model to perspective variations that commonly occur in real-world acquisition scenarios, such 

as differences in camera placement and user posture. 

 

Parameter constraints and anatomical plausibility 

To ensure semantic validity, all augmentation parameters are empirically constrained based on anatomical 

considerations. Excessive perturbations that could distort hand topology or alter the meaning of BISINDO 

alphabet gestures are explicitly avoided. This design choice aligns with prior findings that uncontrolled 

augmentation may degrade performance by introducing unrealistic samples [25], [27]. By balancing data 

diversity and anatomical plausibility, the proposed augmentation framework is tailored for low-resource 

BISINDO recognition scenarios. 

 

Based on these considerations, all augmentation parameters are defined within fixed numerical ranges to 

ensure both consistency and reproducibility. For Gaussian Jitter, the noise standard deviation 𝜎 is sampled 

within the range [0.005, 0.015], which corresponds to an average bone-length distortion below 10%. 

Anisotropic scaling factors 𝑠𝑥 , 𝑠𝑦 , 𝑠𝑧 are independently sampled from [0.8, 1.2], representing up to 20% 

variation in hand size while preserving anatomical plausibility. For Bone Length Scale, the scaling factor 

𝛼 is sampled within [0.9, 1.1], ensuring local bone adjustments remain subtle and biologically realistic. 

Depth variation Δ𝑧 is sampled from a uniform distribution within ±25% of the observed depth range of 

detected keypoints, while tilt angles 𝜃 are sampled within [-15°, 15°] to simulate moderate viewpoint 

changes. 

 

During training, augmentation is applied once to the training subset within each fold after K-Fold 

partitioning. The fold structure is fixed prior to augmentation, and only the training portion of each fold is 

expanded using oversampling. Each class is augmented until it reaches 300 samples per class, resulting in 

approximately 7,800 training samples per fold. Augmented samples are generated using randomly sampled 
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parameter values within the defined ranges, ensuring sufficient variability while maintaining consistent 

training data across epochs.  

 

Model architecture and training strategy 

 

Model architecture 

The classification model in this study is implemented using a Multi-Layer Perceptron (MLP) architecture. 

The choice of MLP is motivated by the nature of the extracted features, which consist of low-dimensional, 

structured geometric vectors derived from normalized 3D hand keypoints [32]. In this setting, fully 

connected architectures are well suited to model non-linear relationships between joint coordinates without 

introducing the additional computational overhead associated with convolutional operations [8]. 

 

Previous studies on keypoint-based sign language recognition have shown that MLP-based classifiers can 

achieve competitive performance when the input features already encode meaningful geometric structure 

[33]. Following this line of work, the MLP is employed as a controlled and interpretable baseline to isolate 

the effect of the proposed augmentation strategy. 

 

Network configuration 

The network architecture consists of an input layer with 126 neurons corresponding to the flattened 3D 

keypoint features, followed by three hidden layers with 128, 64, and 32 neurons, respectively. Each hidden 

layer applies the Gaussian Error Linear Unit (GELU) activation function, which is selected for its smooth 

non-linearity and stable gradient propagation in deep networks. 

 

To mitigate overfitting, dropout regularization is applied after each hidden layer with rates determined 

during hyperparameter optimization. The output layer employs a Softmax activation function to produce 

class probability distributions over the 26 BISINDO alphabet classes (A–Z). 

 

Hyperparameter search 

Hyperparameter optimization is conducted using a grid search strategy to systematically explore 

combinations of learning rate, batch size, and dropout configuration. The search space is defined based on 

preliminary experiments and prior studies on small-scale keypoint datasets, where excessive model capacity 

may lead to unstable training dynamics. 

 

Rather than selecting the best configuration solely based on peak validation performance, this study 

prioritizes both accuracy and training stability. This consideration is particularly important given the limited 

size and homogeneous nature of the training data. 

 

K-fold cross-validation 

Model evaluation during training follows a K-Fold Cross-Validation scheme with k = 4. This choice reflects 

a balance between reliable performance estimation and data availability, as moderate fold sizes have been 

shown to provide more stable estimates on limited datasets [34].  

 

In each fold, three partitions are used for training and one for validation. Data augmentation is applied 

exclusively to the training partitions within each fold, while the validation data remain unaltered. This 

protocol ensures that validation metrics reflect the model’s generalization ability rather than exposure to 

augmented samples. 

 

Stability-oriented model selection 

To assess training stability across folds, the coefficient of variation (CV) of the validation F1-score is used 

as an auxiliary metric alongside average performance. A lower CV indicates more consistent model 

behavior across different data partitions, which is desirable in low-resource scenarios where model variance 

can be high [35]. The final model configuration is selected based on a joint criterion of high average 

validation performance and low CV, ensuring that the chosen model generalizes reliably across subsets of 

the training data. 

 

Final training 

After identifying the optimal hyperparameter configuration, the model is retrained using the entire internal 

training subset. The same augmentation strategy is applied to expand the dataset to the target distribution, 
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ensuring consistency with the training conditions used during cross-validation. This step allows the network 

to leverage all available training samples before final evaluation. Retraining on the full dataset is a standard 

practice to maximize model capacity once validation-based model selection has been completed [36]. 

 

Evaluation protocol 

To ensure a clear and leakage-free evaluation protocol, the internal dataset is first divided into training 

(80%) and held-out test (20%) subsets using stratified sampling. The held-out test set is strictly reserved 

for final internal evaluation and is not involved in any training or model selection process. 

 

The training subset is then used for model development through 4-fold cross-validation. In each fold, the 

data is partitioned into training and validation, where augmentation is applied only to the training portion 

after splitting. This ensures that no augmented samples appear in the validation data and prevents data 

leakage during model selection. 

 

After determining the optimal hyperparameter configuration, the model is retrained using the entire training 

subset (80%). The final model is subsequently evaluated on the held-out internal test set, and further 

assessed on the external dataset for cross-domain evaluation. A summary of the data splitting and evaluation 

procedure is presented in Table 1. No samples from the held-out test set or external dataset are involved at 

any stage of model selection or training. 

 

Table 1. Overview of data splitting, augmentation, and evaluation protocol 

Stage Data Portion Description Augmentation 

Initial Split 80% Training / 20% Test Stratified split applied before training No 

Cross-Validation 4-Fold (Training Set) 
Model selection using training/validation 
folds 

Training fold 
only 

Augmentation (CV) Training folds Oversampled to 300 samples per class Yes 

Final Training Full Training Set (augmented) 
Model retrained with optimal 
hyperparameters 

Yes 

Internal Evaluation Held-out Test Set (20%) Evaluation under in-domain setting No 

External Evaluation External Dataset (520) Evaluation under cross-domain setting No 

 

Evaluation metrics 

Model performance is evaluated quantitatively using a confusion matrix–based analysis. From the 

confusion matrix, four standard multi-class classification metrics are computed: Accuracy, Precision, 

Recall, and F1-Score [37]. These metrics are selected to provide a balanced assessment of overall 

correctness, class-wise prediction reliability, and sensitivity to false predictions. 

 

Among these metrics, the F1-Score is emphasized as the primary indicator of performance, as it captures 

the harmonic balance between precision and recall. This is particularly relevant for BISINDO alphabet 

recognition, where certain classes may exhibit higher confusion due to geometric similarity between hand 

gestures, and relying solely on accuracy could mask class-specific errors. 

 

These metrics are derived from the confusion matrix, which summarizes prediction outcomes into true 

positives (TP), false positives (FP), false negatives (FN), and true negatives (TN). Accuracy measures the 

proportion of correctly classified samples among all predictions, while Precision indicates how many 

predicted instances of a class are actually correct. Recall measures the ability of the model to correctly 

identify all instances belonging to a class, and the F1-Score combines precision and recall through their 

harmonic mean to provide a balanced measure of classification performance. The mathematical 

formulations used to compute these metrics from the confusion matrix are presented in Equations (6) - (9). 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 (6) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 (7) 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (8) 
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𝐹1 − 𝑠𝑐𝑜𝑟𝑒 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 (9) 

 

Internal evaluation 

Internal evaluation is conducted using the held-out test subset derived from the internal dataset. This 

evaluation reflects the model’s ability to recognize BISINDO alphabet gestures under conditions that 

closely resemble the training distribution. While high internal performance indicates successful feature 

learning, it does not necessarily imply robustness to unseen variations in subject anatomy or acquisition 

devices. 

 

Cross-domain evaluation 

To rigorously assess generalization capability, this study employs a cross-domain evaluation protocol using 

an external dataset that differs from the training data in both subject identity and acquisition device. The 

trained models are evaluated directly on this dataset without any additional fine-tuning or adaptation. 

 

This evaluation scenario simulates real-world deployment conditions, where sign language recognition 

systems are expected to operate on users and devices not encountered during training. Performance under 

this setting serves as a critical indicator of whether the learned representations capture subject-invariant 

geometric patterns rather than memorizing characteristics specific to the training data. 

 

Comparative evaluation design 

Both the baseline model and the augmented model are evaluated using identical evaluation protocols and 

datasets. This controlled comparison ensures that observed performance differences can be attributed 

directly to the proposed augmentation strategy rather than discrepancies in evaluation conditions. 

 

In addition to quantitative metrics, confusion matrices are analyzed to identify recurring misclassification 

patterns, particularly among gesture classes with high geometric similarity. This qualitative analysis 

provides further insight into how augmentation influences the model’s decision boundaries under cross-

domain conditions. 

 

RESULT AND DISCUSSION 

 
Internal evaluation results 

Internal evaluation was performed to measure in-domain recognition performance and to examine whether 

the introduction of realistic 3D keypoint augmentation negatively affects classification accuracy when 

training and testing data originate from the same distribution. In this stage, the baseline model trained 

without augmentation was compared with the proposed model trained using the augmented keypoint data 

on the internal test set. 

 

As reported in Table 2, the baseline model achieved an F1-score of 97.07%, indicating strong recognition 

capability under single-subject conditions. When realistic 3D keypoint augmentation was applied, the 

model performance increased further, reaching an F1-score of 99.02%. Consistent improvements were also 

observed in accuracy, precision, and recall, suggesting that the augmentation strategy does not compromise 

in-domain performance. 

 

Table 2. Internal evaluation performance of the baseline and augmented models on the internal test set 

Model Accuracy Precision Recall F1-Score 

Baseline 96.97% 97.69% 97.16% 97.07% 

Proposed 98.99% 99.23% 99.04% 99.02% 

 

Beyond aggregate metrics, qualitative inspection revealed that the augmented model produced fewer 

misclassifications among alphabet classes with similar hand configurations. This behavior indicates that 

the introduced geometric variations act as a regularization mechanism, encouraging the model to learn more 

stable decision boundaries even when evaluated on data from the same acquisition domain. 
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Importantly, these findings confirm that the proposed augmentation strategy enhances robustness without 

introducing a trade-off between generalization and internal accuracy. This result establishes a reliable basis 

for subsequent cross-domain evaluation, where the model is tested under more challenging conditions 

involving unseen subjects and devices. 

 

 

Cross-domain evaluation results 

Cross-domain evaluation was conducted to assess model robustness when exposed to data collected from 

unseen subjects and different acquisition devices. Unlike internal evaluation, this scenario represents 

realistic deployment conditions where variations in hand anatomy, gesture execution style, and camera 

characteristics are unavoidable. Both the baseline and augmented models were evaluated using the external 

dataset, which was excluded entirely from the training and validation processes. 

 

The quantitative results summarized in Table 3 reveal a substantial performance gap between the two 

models. The baseline model suffered a sharp decline in recognition performance, achieving an F1-score of 

67.20%. This degradation indicates strong overfitting to subject-specific and device-specific patterns 

learned during single-subject training. In contrast, the proposed model incorporating realistic 3D keypoint 

augmentation achieved a markedly higher F1-score of 89.55%, demonstrating significantly improved 

generalization capability. 

 

Table 3. Cross-domain evaluation results comparing the baseline model and the proposed model 

Model Accuracy Precision Recall F1-Score 

Baseline 70.39% 69.18% 70.38% 67.2% 

Proposed 89.62% 90.80% 89.62% 89.55% 

 

Further insight is provided by the confusion matrix shown in Figure 5. The baseline model exhibits frequent 

misclassification among alphabet pairs with similar geometric structures, reflecting its limited ability to 

handle domain shifts. After augmentation, these error patterns were noticeably reduced, indicating that the 

model relies less on subject-specific cues and more on invariant geometric relationships. 

  

 
Figure 5. Confusion matrix of cross-domain BISINDO alphabet recognition 

Overall, the contrast between internal and cross-domain performance highlights the limitations of training 

models solely on homogeneous datasets. While the baseline model performs well under controlled 

conditions, it fails to generalize to unseen environments. The augmented model, however, maintains a much 

smaller performance gap, suggesting that the introduced geometric variability effectively approximates 

real-world conditions during training. 

 

Stability analysis across cross-validation folds 

To evaluate the consistency of the observed performance gains, a stability analysis was conducted across 

the k-fold cross-validation process on the internal dataset. This analysis aims to determine whether the 
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improvements achieved through augmentation persist across different data partitions or arise from favorable 

data splits. 

 

As presented in Table 4, the baseline model shows relatively high variability across folds, with a coefficient 

of variation (CV) of approximately 3.43%. This level of variability indicates sensitivity to changes in 

training data composition. In contrast, the augmented model demonstrates substantially more consistent 

behavior, achieving a CV of approximately 0.63%, which reflects stable performance across different folds. 

 

Table 4. Stability analysis across k-fold cross-validation for the baseline and augmented models 

Model Ranks Learning Rate Batch 

Size 

Dropout  

(L1, L2, L3) 

F1-Score Mean Coefficient of 

Variation 

Baseline 

1 0.001 64 0.5, 0.3, 0.1 94.3676% 3.4263% 

2 0.0005 32 0.5, 0.3, 0.1 88.737% 3.5148% 
3 0.001 32 0.6, 0.2, 0.1 88.891% 3.6852% 

       

Proposed 
1 0.001 64 0.5, 0.3, 0.1 98.0952% 0.6334% 
2 0.001 32 0.6, 0.2, 0.1 98.0502% 0.6837% 

3 0.0005 64 0.5, 0.3, 0.1 97.4451% 0.7001% 

 

Training dynamics further support this observation. As illustrated in Figure 6, the augmented model 

converges significantly faster and exhibits smoother loss curves compared to the baseline model. While the 

baseline model requires up to 108 epochs to stabilize, the augmented model reaches convergence within 

approximately 20 epochs, indicating more efficient optimization and reduced susceptibility to overfitting. 

 

 
Figure 6. Training curves of the baseline and augmented models 

 

These results suggest that realistic 3D keypoint augmentation not only improves recognition accuracy but 

also contributes to more stable training behavior. Exposure to controlled geometric variability encourages 

the model to learn robust representations that generalize consistently across different training subsets. 

 

Effects of realistic 3D keypoint augmentation on model generalization 

The observed improvements in cross-domain performance can be attributed to changes in how the model 

encodes geometric relationships among hand keypoints. Rather than depending on precise joint coordinates, 

training with augmented data encourages the model to emphasize relative spatial configurations that remain 

consistent across subjects and recording conditions. This shift away from memorization is particularly 

important in single-subject training scenarios. 

 

Each augmentation component contributes to generalization through a distinct mechanism. Gaussian Jitter 

increases tolerance to sensor noise and minor execution variability, preventing excessive sensitivity to exact 

joint positions. Anisotropic Scale and Bone Length Scale expose the model to differences in hand 

proportions and finger lengths that naturally occur across individuals. Depth & Tilt Jitter further enhances 

robustness by simulating variations in camera distance and orientation. Together, these complementary 

transformations produce a more expressive and resilient feature space than any individual augmentation 

applied in isolation. 

 

These findings align with prior research in skeleton-based action recognition and hand pose analysis, which 

reports that feature-level geometric augmentation is more effective than image-level manipulation when 

semantic structure must be preserved. By constraining augmentation parameters within anatomically 

plausible ranges, the proposed approach avoids generating unrealistic samples that could degrade 
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performance. Consequently, the performance gains observed in this study arise not merely from increased 

data diversity, but from the introduction of variability that closely reflects real-world acquisition conditions. 

 

Limitations and practical considerations 

Despite the demonstrated effectiveness of the proposed augmentation framework, several limitations 

remain. First, the study focuses exclusively on static BISINDO alphabet recognition and does not consider 

temporal dynamics inherent in continuous sign language. As a result, the current findings may not directly 

generalize to sequence-based recognition tasks that require modeling motion transitions over time. Second, 

while the augmentation strategy improves robustness to subject and device variation, it does not explicitly 

address challenging conditions such as occlusion, extreme hand poses, or highly cluttered backgrounds. 

 

From a practical standpoint, the proposed approach is well suited for low-resource sign language 

recognition scenarios. Because augmentation is performed at the feature level, it introduces minimal 

computational overhead and can be integrated into existing keypoint-based pipelines without modifying 

upstream pose estimation components. This makes the method particularly suitable for deployment on 

mobile and edge devices. Moreover, although this study focuses on BISINDO, the augmentation framework 

is general and can be adapted to other sign languages or gesture recognition tasks that rely on skeletal 

representations. 

 

CONCLUSION 

This study demonstrates that realistic 3D keypoint augmentation is an effective strategy for improving the 

generalization capability of BISINDO alphabet recognition models trained under limited and homogeneous 

data conditions. By introducing controlled geometric variations at the feature level, the proposed approach 

mitigates overfitting without increasing model complexity or requiring additional data collection. The 

experimental results indicate that the proposed model achieves strong performance, reaching an F1-score 

of 99.02% in internal evaluation and 89.55% under cross-domain testing, reflecting both high in-domain 

accuracy and improved robustness to unseen subjects and different acquisition devices. 

 

Beyond performance gains, this work highlights the importance of data-centric design in keypoint-based 

sign language recognition, where carefully constrained augmentation can encourage models to learn 

invariant geometric representations rather than subject-specific patterns. The findings also suggest that 

introducing realistic variability during training plays a key role in reducing performance gaps between 

controlled and real-world conditions. 

 

Despite these contributions, several limitations remain. This study focuses only on static alphabet 

recognition and does not capture temporal dynamics in continuous sign language. In addition, while 

geometric augmentation improves robustness, it cannot fully represent all variations in real hand anatomy 

and complex acquisition scenarios. Based on these limitations, future work is directed toward expanding 

dataset diversity with more real subjects and adapting the proposed augmentation strategy to dynamic 

gesture recognition using sequence-based models such as LSTM or Transformer. These directions are 

expected to further improve the applicability of the proposed approach in real-world sign language 

recognition systems. 
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