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Abstract

Recognizing affix gestures in the Indonesian Sign Language System (SIBI) remains challenging due to subtle visual
differences in hand shape and movement, often resulting in lower classification accuracy compared to other
categories. This study aims to evaluate whether lightweight traditional and hybrid classifiers can provide competitive
performance to deep learning models for SIBI recognition. Using a dataset of 21,351 gesture videos covering four
categories (Affix, Alphabet, Number, and Word), features were extracted from MediaPipe keypoints and processed
as frozen LSTM embeddings. Six classifiers (Random Forest, K-Nearest Neighbors, Naive Bayes, Multilayer
Perceptron, Support Vector Machine, and Hidden Markov Model) were evaluated with 5-fold stratified cross-
validation using accuracy, precision, recall, and F1-score, with statistical significance tested through Friedman and
Nemenyi analyses. Results show that MLP and RF achieved high performance in Alphabet, Number, and Word
categories (above 96 percent accuracy), while Affix remained the most difficult, with MLP reaching 81.17 percent,
outperforming the 68.17 percent from a prior BILSTM model. This study provides a benchmark for hybrid model
implementation in sign language recognition, showing that while traditional classifiers on deep features are effective
and computationally lighter for general gestures, deep architectures remain superior for capturing the fine-grained
temporal nuances critical for complex categories like affixes.

Keywords : Deep Learning, Hand Gesture Recognition, Indonesian Sign Language System (SIBI), Machine
Learning, MediaPipe.
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1. INTRODUCTION

Building upon the success of our previous study, “LSTM-Based Hand Gesture Recognition for
Indonesian Sign Language System (SIBI) on Affix, Alphabet, Number, and Word” published in June 2025,
this research continues to explore recognition performance across individual gesture categories. The earlier
work showed that a BILSTM-based framework could reliably recognize most SIBI gestures, achieving over
91% accuracy for the alphabet, number, and word categories [1].

However, the affix category presented significant challenges, with accuracy dropping to around 68%.
This lower performance was largely due to the nature of affix gestures, which often share highly similar
hand orientations and motions, differing only in subtle aspects such as thumb placement, slight finger
rotations, or minimal bending. Similar fine-grained recognition challenges have been reported in
fingerspelling tasks [2]. These fine-grained differences not only make it difficult for automated models to

distinguish between signs like “se,” “me,” and “ter,” but also pose challenges even for human observers

[1].

Efforts to improve recognition accuracy for challenging gesture categories like affixes have explored
various directions. Optical flow-based temporal segmentation has been used to separate continuous SIBI
sentences into isolated root and affix signs, facilitating downstream recognition. Conceptual frameworks
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have also emphasized the need for total communication, integrating manual cues (hand shapes and motions)
with non-manual cues (facial expressions and posture), to produce semantically richer translations. While
deep architectures such as CNN-LSTM and Transformer-based models have shown promise in capturing
spatial-temporal dynamics, their high computational costs and data requirements make them less ideal for
lightweight, real-time applications [3], [4].

Deep learning models like BiILSTM are powerful at learning sequential and temporal patterns.
However, they are not always enough for gestures that require very fine visual discrimination. Research on
sign language kinematics has shown that each signer tends to have a unique style of motion, characterized
by distinct velocity patterns and joint movement relationships, regardless of the actual sign being performed
[5]. When deep models are trained on datasets that are small or unbalanced, they are more prone to
overfitting [6], memorizing training samples rather than learning generalized patterns, a limitation widely
reported in small-data scenarios and often addressed with techniques such as transfer learning, data
augmentation, and synthetic data generation [7]. In addition, in imbalanced datasets, the model can become
biased toward majority classes, causing poor recognition of minority classes and amplifying
misclassification for subtle, fine-grained categories [8]. As a result, instead of learning the true, subtle
differences between gesture classes, the model might rely on the way a specific person moves, which can
hurt accuracy for categories with only slight visual differences, such as affixes.

To address problems like these, recent studies have explored hybrid models that combine deep
learning and traditional machine learning methods. These hybrid systems take advantage of what each
approach does best. For example, an LSTM-SVM hybrid model has been used in failure prediction tasks,
where the LSTM handles sequential data and the SVM performs the final classification [9], [10]. In other
research, CNN-LSTM models have improved sign language recognition by using CNN layers to extract
spatial features from video frames while LSTM layers learn the temporal patterns over time [11]. Hybrid
models have also shown strong results outside of gesture recognition. In one industrial application, a system
that combined LSTM with a Random Forest classifier, along with feature selection using Grey Wolf
Optimization (GWO), reached 98.97 percent accuracy. This performance was higher than using LSTM
alone (93.56 percent) or Random Forest alone (98.44 percent). The hybrid approach was especially
effective at distinguishing between classes that were very similar to each other, because the LSTM could
capture complex temporal patterns and the Random Forest could make more robust classification decisions
[12]. In hyperspectral image classification, hybrid frameworks integrating convolutional neural networks
with traditional classifiers such as support vector machines have been shown to significantly improve
accuracy over either method alone, highlighting the adaptability of this approach across domains [13]. Ina
related example, hybrid architectures that pair LSTM with non-linear tree-based models have also
demonstrated strong performance in complex classification tasks. An LSTM-Decision Tree framework
designed to handle both sequential and categorical features achieved higher accuracy, precision, recall, and
F1-score than either model alone when tested on a multi-year university dataset [14].

Despite these successes in other domains, hybrid modeling has not yet been widely applied to SIBI
gesture recognition, especially for addressing the unique challenges of affix gestures. Most existing studies
either rely completely on deep learning or only make a limited comparison with traditional classifiers. Few
have tested hybrid frameworks in this specific context, even though the ability to capture subtle hand shapes
and motion cues is critical for improving accuracy [15]. Prior Indonesian sign-language studies confirm the
value of temporal modeling, LSTM for SIBI and real-time Indonesian sign language, and even sentence
generation pipelines [16], [17], [18], while computer-vision hand gesture recognition shows that deep
features with classical heads such as CNN embeddings with SVM can be highly effective, and pure LSTM
streams also remain strong [19], [20], [21]. Cross-domain evidence further supports hybridization, such as
compact LSTM—SVM models in cardiovascular screening [22] and LSTM features with Random Forests
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for flood prediction both report high accuracy with lightweight decision heads [23]. Classical baselines like
Naive Bayes have been used for hand gesture recognition, and broader sequence studies indicate BILSTM
tends to surpass Naive Bayes standalone [24], [25].

Motivated by these gaps and cross-domain evidence, a hybrid SIBI pipeline is adopted. In this
approach, the LSTM model is not used as the final classifier but instead acts as a feature extractor. It learns
the temporal dynamics of hand movements across the video sequences and outputs representations of those
patterns. These representations are then passed to traditional machine learning classifiers for the final
decision-making step. To test the effectiveness of this approach, we compare several hybrid pipelines
against a range of baseline classifiers, including K-Nearest Neighbors (KNN), Support Vector Machine
(SVM), Multilayer Perceptron (MLP), Random Forest (RF), Naive Bayes (NB), and Hidden Markov
Models (HMM). These comparisons use multiple performance measures, such as accuracy, F1-score, and
processing efficiency, to evaluate not just raw classification performance but also how suitable each method
is for SIBI gesture recognition.

2. METHOD

The study starts by cleaning the raw SIBI video corpus until every clip is a neat, fixed-length gesture
sequence. The original dataset contains four gesture groups, which are affix, alphabet, number, and
sentence. First, any introductions and outros are removed, and the sentence clips are manually split into
single-word videos. Every clip is then resampled to exactly 30 frames so that all sequences share the same
temporal length. MediaPipe detects 21 hand key-points per frame, producing x and y coordinates for both
hands. Missing points are filled by linear interpolation, while a binary mask records where interpolation
occurred. After this procedure, the refined dataset holds 18 affix classes, 26 alphabet letters, 35 numbers,
and 29 common words.
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Figure 1. Detail Implementation Flow for Experiment
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Next, the key-point sequences pass through a two-layer bidirectional LSTM. Each direction in the
LSTM has 96 hidden units, giving a combined output size of 192. The network is trained once and then
frozen so that its weights do not change further. For every video, the hidden states from all 30 frames are
averaged, resulting in 1 compact 192 dimensional feature vector that represents the entire gesture. Freezing
the network ensures that later performance differences come only from the classifiers rather than further
tuning of the deep model.

These frozen LSTM embeddings are provided to a set of lightweight classical machine-learning
algorithms. Six classifiers are explored: Support Vector Machine (SVM), K-Nearest Neighbour (KNN),
Random Forest (RF), Multi Layer Perceptron (MLP), Naive Bayes (NB), and Hidden Markov Model
(HMM). For SVM, KNN, and MLP, the input features are standardised using StandardScaler to ensure all
features have zero mean and unit variance, as these algorithms are sensitive to feature magnitude. Random
Forest, Naive Bayes, and HMM do not require feature scaling because they are scale-invariant or operate
on probability distributions and sequential likelihoods. Training and testing use 5-fold stratified cross-
validation, which keeps the class proportions identical in every fold [26].

Finally, each model is evaluated with accuracy, precision, recall, F1-score, and confusion matrices.
Mean and standard-deviation values across folds highlight robustness. Because multiple algorithms share
the same data splits, a Friedman test first checks if their average ranks differ significantly. When the test is
significant, a Nemenyi post-hoc analysis is applied, and the results are visualised through a Critical
Difference (CD) diagram to identify exactly which classifier pairs perform differently.

2.1. Dataset and Data Preprocessing

The dataset used in this study is identical to that of our prior work, which focused on BiLSTM-based
recognition of SIBI hand gestures across four categories: affix (18 classes), alphabet (26 classes), number
(35 classes), and word (29 classes made from 10 sentence-derived classes). The recordings were collected
from 20 to 22 subjects, each performing ten per gesture for affix, alphabet, and number; five repetitions per
gesture with only neutral-emotion samples retained for analysis [27]. Each recording was manually trimmed
to isolate the target gesture, excluding introductory and concluding motions to ensure consistency.

From each processed video, 30 evenly spaced RGB frames were sampled per gesture. All frames
were resized to 224x224 pixels. Hand landmarks were extracted using MediaPipe, resulting in a (30, 2, 21,
2) array of keypoints per sample, along with a corresponding binary mask (30, 2, 21) to flag missing
detections. Any NaN values in the keypoints were replaced with zeros prior to flattening. Both keypoint
features and pixel values were standardized using statistics calculated exclusively from the training set to
avoid information leakage, ensuring a fair evaluation.

2.2. LSTM Feature Extraction

For feature extraction, we used the same BiLSTM architecture from our earlier study, but with its
weights frozen after training. Each sample’s keypoint sequence was passed through the BiLSTM, and the
final hidden states from the last layer were extracted as feature embeddings. These embeddings represent
the temporal and spatial dynamics of each gesture sequence and serve as the sole input for the traditional
machine learning classifiers tested in this work. No additional fine-tuning of the BiLSTM was performed,
ensuring that all classifiers were evaluated on the same fixed feature set.

2.3. Traditional Classifiers and Hyperparameters

2.3.1. K-Nearest Neighbors (KNN)

KNN is a simple, instance-based supervised learning algorithm that classifies new gestures by
comparing them to the closest labeled samples in the training set [28]. Using a distance metric (Euclidean
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in this study) and a fixed number of neighbors (k=5), KNN assigns the class most common among those
neighbors. Its advantages include minimal hyperparameter tuning and no assumptions about data
distribution, making it suitable for quick prototyping. However, it is computationally expensive for large
datasets because distances must be recalculated for each prediction, and it performs poorly on high-
dimensional data due to the “curse of dimensionality” [29].

2.3.2. Support Vector Machine (SVM)

Support Vector Machine (SVM) is a supervised learning algorithm that seeks to determine an optimal
separating hyperplane by maximizing the margin between gesture classes in a high-dimensional feature
space. According to the mathematical formulation used in the referenced study, this is achieved by
minimizing the norm of the weight vector while satisfying the constraint that correctly classifies all training
samples, effectively leading to a robust and generalizable decision boundary [30]. Using the Radial Basis
Function (RBF) kernel (with C=1.0 and gamma set to ‘scale’ in this study), SVM can effectively handle
non-linear and high-dimensional data, making it suitable for complex hand gesture recognition. Its
advantages include strong generalization and ability to work with structured or semi-structured datasets,
but it can be computationally intensive for large datasets and is sensitive to kernel selection [29].

Studies in hand gesture recognition have shown that SVM achieves strong generalization even with
diverse user data and lighting conditions by leveraging preprocessed features such as HOG (Histogram of
Oriented Gradients), Gaussian-thresholded silhouettes, and convex hull points. In comparative evaluations,
different kernels achieved classification accuracies ranging from 24% to 90% [31].

2.3.3. Multilayer Perceptron (MLP)

The Multilayer Perceptron (MLP) is a feedforward deep neural network composed of an input layer,
one or more hidden layers, and an output layer, where each neuron is fully connected to the next layer and
trained using supervised learning through backpropagation [32], [33]. In this study, we configure the MLP
with a single hidden layer of 100 neurons, using the Rectified Linear Unit (ReLU) activation to enable
sparse and efficient gradient flow, and optimize the weights using the Adam optimizer. The maximum
iteration count was 1000 to ensure convergence during training.

The design of this MLP is inspired by findings in recent deep learning research for gesture
recognition, where lightweight fully connected layers are effectively used for late fusion of features from
multiple modalities and temporal scales [34]. Additionally, a literature review in 2022 further supports the
reliability of MLP as a classification algorithm, reporting an average accuracy of 91.98% across 30 studies,
with the highest reaching 100% and the lowest 62.89% demonstrating MLP’s strong applicability in both
prediction and classification problem [33]. While complex convolutional and multi-scale networks can
capture richer patterns, the MLP remains advantageous as a computationally efficient and generalizable
alternative, particularly for tasks where feature extraction (from LSTM or keypoints) already captures most
spatial and temporal context.

2.3.4. Random Forest (RF)

Random Forest (RF) is an ensemble learning method that builds multiple decision trees and combines
their predictions via majority voting [35]. Each tree is trained on a random subset of data and features,
which reduces overfitting and increases generalization. RF is particularly useful for gesture recognition
because it handles noisy and missing data well and can model non-linear relationships. However, its
prediction speed is slower due to the need to aggregate many trees, and the model behaves as a “black box,”
making it harder to interpret [29].

827


https://jutif.if.unsoed.ac.id/

Jurnal Teknik Informatika (JUTIF) Vol. 7, No. 2, April 2026, Page. 823-842
P-ISSN: 2723-3863 https://jutif.if.unsoed.ac.id
E-ISSN: 2723-3871 DOI: https://doi.org/10.52436/1.jutif.2026.7.2.5210

Unlike deep models, Random Forests have relatively low computational costs, especially when
configured with moderate tree depth and estimator counts, making them viable for real-time system [36].
Studies have demonstrated that Random Forest-based gesture recognition can achieve competitive accuracy
(93.07% on alphabet-based dataset) while training faster and requiring fewer resources than CNN-based
models [37].

2.3.5. Naive Bayes (NB)

Naive Bayes is a probabilistic classifier that uses Bayes’ theorem under the assumption that all
features contribute independently to the probability of a class [38]. For hand gesture recognition, it
estimates the likelihood that a gesture belongs to a specific class based on features such as pixel intensity,
edge orientation, or shape descriptors, multiplying the conditional probabilities of each feature and
combining them with the prior probability of the class [29]. This simplicity makes NB computationally
lightweight and highly efficient for real-time processing, as it requires minimal training and can scale well
to large datasets.

Recent studies highlight NB’s utility for early gesture recognition, where predictions must be made
before the full gesture sequence is observed. Using a bag-of-features representation, NB can incrementally
update its predictions as more frames are processed, leveraging its cumulative evidence property to classify
gestures with only partial information. Experiments have shown that this approach can outperform more
complex methods (max-margin SVMs) in early classification tasks while maintaining low computational
cost [39].

However, NB’s reliance on the independence assumption can limit its accuracy for gestures with
highly correlated spatial-temporal features. Despite this, its speed, scalability, and ability to handle multi-
class predictions make it a valuable baseline for hybrid frameworks, where NB can serve as a fast classifier
for LSTM-derived features.

2.3.6. Hidden Markov Model (HMM)

Hidden Markov Models (HMMs) are probabilistic sequence models designed to capture the temporal
dynamics of hand gestures by modeling them as transitions between hidden states [40]. In gesture
recognition, each gesture class is represented as an HMM, where observed features (Hu moment invariants,
centroid shifts, and area changes) are mapped to state emission probabilities. These states capture how
gestures evolve over time, allowing the model to handle both temporal segmentation and classification
simultaneously.

In this study, each HMM is configured with n_components=5 (the number of hidden states per
gesture), using a covariance type='diag' to assume diagonal covariance matrices for computational
efficiency, and trained with up to n_iter=100 iterations for the Baum—Welch algorithm to ensure
convergence. During inference, a normalized Viterbi algorithm is applied to stabilize state likelihoods
across time and detect gesture occurrences by identifying peaks in model score [41].

2.4. Evaluation Protocol

To ensure fairness across all classifiers, we adopted 5-fold stratified cross-validation, which divides
the dataset into five equal parts while preserving the class distribution in each fold. Each model is trained
on four folds and validated on the remaining fold, rotating so that every fold is used for validation once.
This strategy minimizes data imbalance across splits and allows direct comparison with our prior BILSTM
study.

In this study, model performance is evaluated using metrics derived from the confusion matrix, which
summarizes classification outcomes across predicted and actual labels. For a binary classification case, the
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confusion matrix consists of four primary components, which are True Positive (TP), False Positive (FP),
False Negative (FN), and True Negative (TN) [42], representing correct positive detections, incorrect
positive predictions, missed positives, and correct negative detections, respectively.

The Accuracy metric measures the proportion of correctly classified samples across all classes [43],

defined as:
TP+TN

Accuracy = ————— (1)
TP+TN+FP+FN

Aside from Accuracy, Precision and Recall are also used. Precision quantifies the proportion of
correctly identified positive samples among all positive predictions [44], [45], expressed as:

TP
TP+FP

Precision = 2)

In contrast, Recall, also referred to as Sensitivity or True Positive Rate (TPR), represents the
proportion of actual positive samples correctly identified, It is calculated by dividing the number of true
positives by the total number of actual positive instances (the sum of true positives and false negatives)
[45].

TP
TP+FN

Recall = 3)

To provide a single representative score that balances Precision and Recall, the F1-score is computed
as the harmonic mean of the two metrics. A simple average of precision and recall can be misleading. For
example, a model with a precision of 1.0 (100%) but a recall of 0.1 (10%) would have a simple average of
0.55. This score masks the fact that the model is failing to find 90% of the positive cases. The harmonic
mean, however, heavily penalizes models where one of the two metrics is very low. In the same example,
the F1 Score would be only 0.18. To achieve a high F1 Score, a model must perform reasonably well on
both precision and recall, making it a truly "balanced" measure of performance [46].

Precision x Recall
F1 — score = me 4)

To assess whether the performance differences among classifiers were statistically significant, we
used the Friedman test followed by the Nemenyi post-hoc test, following the guidelines proposed by
Demsar [47]. The Friedman test ranks each classifier for every fold based on its performance, then evaluates
whether the average ranks across classifiers differ more than would be expected by chance. This test is non-
parametric and does not assume normal distribution, making it suitable for comparing machine learning
models evaluated across multiple datasets or folds.

The Friedman test statistic is computed as:

k(k+1)?

) 5)

yo2 = 12N
F k(k+1)

X (2921 Rj2 -

In this equation, N represents the number of datasets or cross-validation folds used in the evaluation,
k denotes the number of classifiers being compared, and R; is the average rank of the j-th classifier across
all folds. The test examines whether these average ranks differ significantly from each other under the null
hypothesis that all classifiers perform equally.

If the Friedman test shows a significant result (p < 0.05), we apply the Nemenyi post-hoc test to
determine which pairs of classifiers are significantly different from each other. The test calculates a critical
difference (CD), and if the average rank difference between two classifiers exceeds this value, their
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performance is considered significantly different [48]. The Nemenyi test calculates a critical difference
(CD) threshold:

_ k(k+1)
CD = qq % |=o (6)

Here, q. is the critical value obtained from the Studentized range distribution, which depends on the
number of classifiers and the chosen significance level (typically o = 0.05). The terms k and N are as
previously defined. If the difference in average ranks between any two classifiers exceeds the critical
difference, their performances are considered statistically different.

3. RESULT

This section presents the evaluation results of six machine learning classifiers, namely Random
Forest (RF), K-Nearest Neighbors (KNN), Naive Bayes (NB), Multilayer Perceptron (MLP), Support
Vector Machine (SVM), and Hidden Markov Model (HMM), across four SIBI gesture categories, which
are Affix, Alphabet, Number, and Word. Each model was trained and validated using 5-fold stratified cross-
validation, and their performance was assessed using accuracy, precision, recall, and F1-score. To ensure
the reliability of the findings and validate whether the observed differences in classifier performance were
statistically significant, the Friedman test was applied, followed by the Nemenyi post-hoc test and Critical
Difference (CD) diagrams.

3.1. Overall Classifier Performance

The performance of six traditional classifiers (Random Forest (RF), K-Nearest Neighbors (KNN),
Naive Bayes (NB), Multilayer Perceptron (MLP), Support Vector Machine (SVM), and Hidden Markov
Model (HMM)) across the four SIBI gesture categories is summarized in Table 1, Figure 2 and Figure 3.
The reported metrics include training accuracy, validation accuracy, precision, recall, and F1-score, each
expressed as mean + standard deviation over five folds. In Figures 2 and 3, the vertical bars on top of each
column represent the standard deviation (SD), indicating the variability of the metric across folds. Shorter
SD bars suggest the model’s performance is more consistent across different data splits, while longer bars
indicate greater variability. Overall, non-linear models such as MLP and RF demonstrated superior
generalization across all gesture types, while NB consistently exhibited the weakest performance due to its
independence assumption, which does not align with the highly correlated, 256-dimensional BiLSTM
features used as input.

Mean Validation Accuracy Comparison by Model and Dataset

Hocel
- RF
- NN

oo W NB
- r
=
Hua

Mean Validation Accurar

[

number word

Dataset Category

Figure 2. Mean validation accuracy (with standard deviation) of all classifiers across four SIBI gesture
categories
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Mean F1 Score Comparison by Model and Dataset
Model
. KNN
0aTTs

0.9752
09882

- MLP AITTT grae
. SVM

HMM

09481

I

0.9550

080

Mean F1 Score

0.80

oo

065

affix

alphabet number word
Datasel Calegory

Figure 3. Mean F1 Score (with standard deviation) of all classifiers across four SIBI gesture categories

For Affix gestures, which represent the most complex category due to subtle visual variations,
validation accuracy ranged from 0.7317 (NB) to 0.8117 (MLP). Among all models, MLP achieved the
highest validation accuracy (0.8117 + 0.0038) and F1-score (0.8102 & 0.0044), with a very small standard
deviation, indicating stable performance despite the category’s subtle motion variations. RF achieved a
slightly lower Fl-score of 0.7950 + 0.0165 but with a higher standard deviation (0.0169), while KNN,
HMM, and SVM recorded mid-range values between 0.762 and 0.775. NB not only recorded the lowest
mean values but also exhibited larger standard deviation, reflecting both lower accuracy and less stability.

For Alphabet gestures, all classifiers achieved robust performance, with validation accuracy
exceeding 0.95 for all except NB (0.9506 + 0.0042). MLP again recorded the highest results, with a
validation accuracy of 0.9696 + 0.0045 and an Fl-score of 0.9695 + 0.0045. Its performance was only
slightly higher than that of KNN and RF, which both achieved approximately 0.968. The small standard
deviations (< 0.005) for the top-performing models indicate that their high performance was consistent
across all cross-validation folds, with minimal variability.

For Number gestures, validation accuracy remained high across all classifiers, ranging from 0.9466
(NB) to 0.9624 (RF). RF achieved the highest validation accuracy of 0.9624 + 0.0040 and an F1-score of
0.9620 £ 0.0041, closely followed by KNN at 0.9607 + 0.0036 and SVM at 0.9595 + 0.0039. MLP and
HMM followed with slightly lower scores, while NB again ranked last. The very low standard deviations
for RF, KNN, and SVM (< 0.004) show that these models not only performed well but also maintained
stability across different folds.

For Word gestures, all models demonstrated strong results, though the differences between the top
and bottom classifiers were more noticeable. RF achieved perfect training accuracy of 1.0000 £ 0.0000 and
the highest validation accuracy of 0.9778 £ 0.0031 and F1-score of 0.9777 + 0.0030. SVM and MLP closely
followed, with F1-scores of 0.9778 = 0.0058 and 0.9752 + 0.0018, respectively. Almost all model achieved
the result with very small standard deviations. However, NB achieved a validation accuracy of 0.9579 +
0.0079 and an F1-score of 0.9582 + 0.0078, which was notably lower than the other models. NB also have
a larger standard deviation (0.0079) compared to the top models.
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Table 1. Performance Metrics (Mean + Standard Deviation) of Six Classifiers on BILSTM Features for

SIBI Recognition
Category ML Training Validation Precision Recall F1 Score
Model Accuracy Accuracy

Affix RF 0.9978 + 0.7961 + 0.7965 + 0.7961 + 0.7950 =
0.0007 0.0169 0.0156 0.0169 0.0165

KNN 0.8538 + 0.7783 + 0.7778 + 0.7783 + 0.7749 =
0.0035 0.0159 0.0178 0.0159 0.0169

NB 0.7603 + 0.7317 0.7401 + 0.7317 0.7164 +
0.0022 0.0176 0.0201 0.0176 0.0213

MLP 0.9308 + 0.8117 + 0.8198 + 0.8117 + 0.8102 +
0.0187 0.0038 0.0085 0.0038 0.0044

SVM 0.7803 £ 0.7656 = 0.7633 + 0.7656 = 0.7624 +
0.0038 0.0178 0.0174 0.0178 0.0170

HMM 0.8053 + 0.7736 = 0.7764 + 0.7736 = 0.7731 +
0.0035 0.0142 0.0149 0.0142 0.0150

Alphabet RF 0.9946 + 0.9681 + 0.9686 + 0.9680 + 0.9679 +
0.0006 0.0040 0.0042 0.0041 0.0041

KNN 0.9755 + 0.9686 + 0.9692 + 0.9687 + 0.9685 +
0.0014 0.0046 0.0043 0.0046 0.0047

NB 0.9622 + 0.9506 + 0.9525 + 0.9507 + 0.9507 +
0.0009 0.0042 0.0030 0.0043 0.0042

MLP 0.9921 + 0.9696 + 0.9705 + 0.9696 + 0.9695 +
0.0013 0.0045 0.0041 0.0045 0.0045

SVM 0.9706 £ 0.9661 + 0.9671 £+ 0.9662 + 0.9659 +
0.0017 0.0083 0.0081 0.0083 0.0084

HMM 0.9720 + 0.9512 + 0.9538 + 09511+ 0.9514 +
0.0020 0.0070 0.0061 0.0070 0.0071

Number RF 0.9975 £ 0.9624 + 0.9631 + 0.9621 + 0.9620 +
0.0005 0.0040 0.0039 0.0041 0.0041

KNN 0.9735 + 0.9611 + 0.9619 + 0.9606 + 0.9607 =
0.0009 0.0036 0.0035 0.0036 0.0036

NB 0.9590 + 0.9466 + 0.9485 + 0.9464 + 0.9463 +
0.0016 0.0072 0.0067 0.0074 0.0073

MLP 0.9794 + 0.9584 + 0.9598 + 0.9580 + 0.9577 +
0.0019 0.0050 0.0049 0.0051 0.0052

SVM 0.9635 + 0.9599 + 0.9612 + 0.9594 + 0.9595 +
0.0010 0.0039 0.0038 0.0040 0.0039

HMM 0.9686 + 0.9553 + 0.9564 + 0.9550 + 0.9550 =
0.0008 0.0037 0.0036 0.0037 0.0037

Word RF 1.0000 = 0.9778 £ 0.9784 + 0.9778 + 0.9777 +
0.0000 0.0031 0.0028 0.0031 0.0030

KNN 0.9818 + 0.9734 + 0.9742 + 0.9734 + 0.9734 +
0.0015 0.0052 0.0049 0.0052 0.0052

NB 0.9676 £ 0.9579 = 0.9606 + 0.9579 = 0.9582 +
0.0020 0.0079 0.0074 0.0079 0.0078

MLP 0.9976 + 0.9752 + 0.9758 + 0.9752 + 0.9752 +
0.0005 0.0018 0.0016 0.0018 0.0018

SVM 0.9825 + 0.9778 + 0.9785 + 0.9778 + 0.9778 +
0.0006 0.0059 0.0058 0.0059 0.0058

HMM 0.9844 + 0.9660 + 0.9674 + 0.9660 + 0.9661 +
0.0013 0.0036 0.0035 0.0036 0.0035
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3.2. Confusion Matrix Analysis

The Affix category remains the most challenging subset of SIBI because many of its gestures differ
only in minute details, often the precise placement of a thumb, a slight bend of a finger, or a barely
perceptible hand rotation, while sharing nearly identical orientations and trajectories. Pairs such as “se” and
“me” illustrate this difficulty, both gestures involve two hands, yet “me” hides the thumb inside the fist
whereas “se” keeps it outside. A similarly subtle distinction separates “ter” from “me,” where the thumb is
tucked beneath the index finger in “ter,” but the overall motion is otherwise alike. Other confusable pair
include “ti” and “wati”, which differ only by small rotational adjustments or modest changes in finger
extension.

In the first study, a BILSTM network trained end-to-end struggled with precisely these fine-grained
distinctions, and the resulting confusion matrix showed sizeable off-diagonal counts concentrated in the
ambiguous pairs. By replacing the BILSTM’s final soft-max layer with a Multilayer Perceptron that
operates on the same 256-dimensional embeddings, the present work achieves a clearer separation among
these difficult classes. Misclassifications between “se,” “me,” and “ter,” which previously appeared in
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double-digit counts, now drop to smaller number figures, and the spill-over between “ti,” “wan,” and “wati”
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Figure 4. Comparison of aggregate best fold confusion matrices for Affix gestures between (a) BILSTM
and (b) BILSTM + MLP

The confusion matrix for the Alphabet category, utilizing the MLP classifier, shows near-perfect
performance, as evident from the predominantly dark diagonal indicating high correct predictions for each
letter. Almost all letters, including "a," "b," "¢," "d," "e," "f," and so forth, were accurately predicted with
minimal or no confusion. However, a few minor misclassifications occurred, for example between the
letters "m" and "n," which is likely due to their similar hand shapes differing only slightly in finger
orientation. However in this case, the error rate for both gesture is decreasing. The minimal confusion
underscores the distinct and isolated nature of alphabet gestures, which involve static hand shapes without
significant temporal variation.

For the Number category, the confusion matrix from the Random Forest (RF) classifier similarly
demonstrates strong performance, with clear diagonal dominance indicating high recognition accuracy for
numeric gestures. The model was particularly successful in identifying distinct numeric labels such as "1,"
"10," "20," "30," "40," and higher numerical scales like "juta" (million) and "ribu" (thousand), with minimal
confusion. Nonetheless, certain numeric classes exhibited some misclassification, particularly among
numbers like "13," "14," and "15," reflecting the visual similarity inherent to gestures representing
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sequential numeric values. This pattern of confusion is consistent with numeric gestures' sequential nature,
where gestures differ subtly in finger orientation or movement direction.

The confusion matrix for the Word category (using the RF classifier) again displays very high
performance with predominant diagonal values, indicating correct classifications across nearly all word
classes such as "apa," "bapak," "beli," "buah," and "guru." The accuracy is consistently high, with only
minor errors scattered across the matrix and these errors remain minimal.

Confusion Matrix - Fald 1
0 a0 o

0
00000

0

Tue zee

Precicied Late) Predicted Label

(a) (b)
Figure 5. Aggregate confusion matrix of the best-performing classifier (MLP for Alphabet, RF for
Number, RF for Word) averaged across five folds.

3.3. Statistical Tests

To strengthen the validity of our classifier evaluation and go beyond raw performance metrics
(accuracy and Fl-score), post-hoc statistical analyses using the Nemenyi test were applied. This test
compares all classifiers pairwise based on their average ranks, obtained across five stratified cross-
validation folds. The results are visualized through two complementary tools, which are Critical Difference
(CD) diagrams and Nemenyi pairwise comparison heatmaps.

The resulting Chi-Squared values for all categories, which are Affix (19.74), Alphabet (17.87),
Number (11.16), and Word (20.20), all exceeded the critical threshold of 11.0705 for 6 classifiers (df = 5,
a = 0.05), with corresponding p-values below 0.05. These results confirm that the observed performance
differences are statistically significant and not due to random variation.

Table 2. Chi-Squared and p-values from the Friedman Test Across Gesture Categories

Category Chi-Squared p-value
Affix 19.74 0.0014
Alphabet 17.87 0.0031
Number 11.16 0.0482
Word 20.20 0.0011

In Nemenyi post-hoc, the value between 0 and 1 is the p-value. The lower it is, the stronger the
evidence that one model is significantly different from the other. The Nemenyi post-hoc heatmap for the
Affix dataset revealed significant pairwise differences in performance. Notably, MLP significantly
outperformed NB (p = 0.0003) and SVM (p = 0.0467). No other comparisons were statistically significant,
indicating that the remaining models such as RF, KNN, and HMM, did not differ significantly from one
another or from MLP in terms of average rank. This suggests that while MLP clearly surpassed NB and
showed a slight edge over SVM, the differences among the mid-performing models were not statistically
strong.
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In the Alphabet dataset, the Nemenyi heatmap shows that MLP significantly outperformed NB (p =
0.0284). While KNN and RF had strong average ranks, their differences with MLP were not statistically
significant (p = 0.9999). Similarly, no significant differences were found among KNN, RF, and SVM. This
implies that although MLP, KNN, and RF were the top performers, only the performance gap between MLP
and NB reached statistical significance.

For the Number dataset, the Friedman test was barely significant (p = 0.0482), and this is reflected
in the Nemenyi heatmap, where none of the pairwise comparisons reached statistical significance at p <
0.05, except for a borderline case between RF and NB (p = 0.0592). This suggests that although RF had the
best average rank, the differences were not statistically strong enough to confidently distinguish it from the
other models. The performance gaps in this category should be interpreted with caution due to their
marginal significance.

In the Word dataset, several statistically significant pairwise differences were observed. RF
significantly outperformed NB (p =0.0028) and HMM (p = 0.0467). Additionally, SVM also outperformed
NB (p = 0.0284). No other comparisons were statistically significant. These results confirm that RF and
SVM were consistently strong performers, while NB and HMM lagged significantly behind. MLP, despite
ranking third, did not show significant differences from its neighboring models.

Nemenyi Post-hoc Test for "affix" Dataset
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Figure 6. Nemenyi post-hoc heatmaps comparing pairwise p-values between classifiers across all gesture
categories: (a) Affix, (b) Alphabet, (c) Number, and (d) Word.
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Despite the significant findings from the Nemenyi heatmaps, the Critical Difference (CD) diagrams
in Figure 7 show that all classifiers fall within a single connected group across all four gesture categories.
This visualization represents model groupings based on the Nemenyi test's critical difference (CD)
threshold, which defines the minimum difference in average ranks required for the performance of two
models to be considered statistically distinct. In each CD diagram, models are placed on a horizontal axis
according to their average rank (lower is better), and classifiers that are not significantly different from each
other are connected with a horizontal line.

The presence of a single group in each diagram indicates that, although certain model pairs, such as
MLP vs NB in Affix or RF vs NB in Word, showed statistically significant differences in pairwise
comparisons, the overall differences across all models were not large enough to exceed the CD threshold.
This outcome can be attributed to the conservative nature of the Nemenyi test, combined with the limited
number of cross-validation folds (n = 5), which reduces the test’s sensitivity. Additionally, it reflects that
while some models consistently performed better (MLP, RF), the magnitude of performance gaps among
the mid-ranked classifiers (KNN, HMM, SVM) was relatively small and statistically indistinct.

Critical Difference Diagram for "affix" Dataset Critical Difference Diagram for "alphabet" Dataset
6 5 4 3 2 1 6 5 4 3 2 1
PR I TR I T N T N e 1 s 1 4 1 T
NB _l6:0000 10040 p p 5.6000 2.0000
SVM 4.4000 2.8000 RF HMNlEl 5.2000 2.3000 ELE
KNN 324000 34000 MM SYM 36000 23000 RE
(a) (b)
Critical Difference Diagram for "number" Dataset Critical Difference Diagram for "word" Dataset
6 5 4 3 2 1 6 5 4 3 2 1
| PR | PR | | 1 | ! | 1 1 | | 1 1 |
5.400 2.1000 NB _|6.0000 1.6000
HMM 4.4000 2.4000 KNN HMM 5.0000 2.4000 SVM
MLP 3.5000 3.2000 SVM KNN 3.2000 2.8000 MLP
(c) (d)

Figure 7. Critical Difference diagrams illustrating average ranks and statistical groupings of classifiers
across each gesture category: (a) Affix, (b) Alphabet, (¢) Number, and (d) Word.

4.  DISCUSSIONS

This study presents an extended analysis of hand gesture recognition for the Indonesian Sign
Language System (SIBI), building upon our previously published LSTM-based approach. Unlike the earlier
work, which focused solely on deep learning through a BiLSTM architecture, the current experiment
evaluates a diverse set of traditional and hybrid classifiers, which are Random Forest (RF), K-Nearest
Neighbors (KNN), Naive Bayes (NB), Multilayer Perceptron (MLP), Support Vector Machine (SVM), and
Hidden Markov Model (HMM), using features extracted from MediaPipe keypoints. This comparative
analysis is designed to assess the viability of these models as lighter and more interpretable alternatives to
deep neural networks.

The overall performance trend remains consistent with prior findings. As shown in Table 1, the Affix
category continues to be the most challenging across all models, with the best validation accuracy reaching
only 81.17% (MLP), while Alphabet, Number, and Word categories achieve considerably higher validation
accuracies, often exceeding 96%. This aligns with earlier observations, where BiLSTM achieved mean
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accuracies of 68.17%, 93.94%, 91.48%, and 92.41% for Affix, Alphabet, Number, and Word, respectively
[1]. These results reaffirm that although there is a degree of improvement in recognizing affix gestures,
they remain visually ambiguous and difficult to distinguish due to their subtle variations in thumb
placement or finger curl (“me” vs. “se” or “ter”’), making them still challenging even for human observers.

A real-time Indonesian sign language study using Mediapipe Holistic landmarks and an LSTM
evaluates two settings, which are a smaller dataset without k-fold training that reaches about 85% accuracy,
and a larger dataset with 5-fold training at 30 epochs per fold that averages about 98% accuracy. The dataset
covers six everyday words with 80 videos per word and includes live trials on three subjects with nine
attempts each, reporting about 92% detection and noting occasional confusions for visually similar motions
[17]. Relative to that setup, our experiment focus on four SIBI categories (Alphabet, Number, Word, Affix),
uses frozen LSTM embeddings as features for six lightweight classifiers, applies 5-fold stratified cross-
validation across all classifiers, and reports both accuracy and macro-F1 along with significance testing. A
separate SIBI study builds an end-to-end video model with an Inflated 3D CNN initialized from large-scale
priors; with 200 videos covering 10 words and 2 signers, the best configuration attains 97.5% testing
accuracy by freezing earlier inception modules [49]. In contrast, our pipeline operates on keypoint-derived
embeddings, compares six classical classifiers under identical folds, and emphasizes statistical analysis of
average ranks. Another experiment using Indian sign language paper centers on an SVM-based recognition
pipeline [50]; in our case, SVM is evaluated alongside KNN, RF, MLP, NB, and HMM on the same frozen-
embedding features and shared folds, enabling a within-dataset comparison across algorithms.

To validate performance differences beyond raw metrics, we conducted Friedman tests followed by
Nemenyi post-hoc analysis across all four gesture categories. The Friedman test yielded statistically
significant results in all cases (p < 0.05), confirming meaningful performance differences across classifiers.
However, despite some significant pairwise results in the Nemenyi heatmaps, such as MLP significantly
outperforming NB in the Affix and Alphabet datasets, none of the classifier pairs exceeded the critical
difference threshold in the CD diagrams. Consequently, all models appeared as a single group in each
diagram. This suggests that while individual model differences exist, their performance variations are not
large enough to be considered statistically distinct when correcting for multiple comparisons.

Interestingly, MLP and RF frequently achieved top validation scores across categories, indicating
their ability to model complex feature interactions effectively. NB consistently underperformed, as
expected, due to its strong independence assumption which is poorly aligned with the correlated nature of
sequential keypoint features. KNN and HMM, while not always top performers, maintained stable results,
reflecting their strength in sequence modeling.

Compared to the BILSTM approach in our previous work, traditional models, especially MLP and
RF, offer surprisingly competitive performance, particularly in Alphabet, Number, and Word categories.
However, their accuracy in the Affix category remains limited, reinforcing that subtle spatial-temporal
patterns in affix gestures may require deeper temporal context and representation learning, which BILSTM
inherently captures. These findings provide a practical guideline for computer science and informatics,
which are lightweight models such as MLP and RF can be preferred for visually distinct gesture classes
due to their efficiency and interpretability, while categories with fine-grained variations benefit from deeper
temporal architectures. Moreover, the consistent difficulty of Affix gestures offers a benchmark for future
research on richer spatiotemporal representations, targeted data augmentation, and improved labeling
consistency.

5. CONCLUSION

This study expands upon previous work on Indonesian Sign Language System (SIBI) gesture
recognition by evaluating a range of traditional and hybrid classifiers, namely RF, KNN, NB, MLP, SVM,
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and HMM, using keypoint features extracted from MediaPipe. Performance was assessed across four SIBI
categories, which are Affix, Alphabet, Number, and Word, with evaluation using 5-fold cross-validation,
followed by statistical validation through Friedman and Nemenyi post-hoc tests.

The results show that MLP and RF consistently achieved strong performance in Alphabet, Number,
and Word categories, with validation accuracies exceeding 96%. In the Affix category, MLP reached
81.17%, marking a substantial improvement over the 68.17% achieved by our earlier BILSTM model,
although affix gestures remain more challenging due to minimal visual differences in hand shapes and
movements.

Statistical testing confirmed that the observed performance differences between classifiers were
significant (p < 0.05). However, the Nemenyi post-hoc test and Critical Difference diagrams revealed that
most classifiers were statistically tied, indicating that the performance gaps, while measurable, were not
large enough to be considered distinct when adjusting for multiple comparisons.

In comparison to our previous BiLSTM-based approach, traditional models, particularly MLP and
RF demonstrated competitive performance in several categories. However, BiLSTM remains more
effective in handling subtle temporal dependencies, especially for visually similar affix gestures. Future
research should explore incorporating additional input modalities beyond keypoints, such as hand
segmentation masks, hand shape contours, or RGB hand crops, to provide richer spatial information. These
visual cues, combined with non-manual features like facial expressions, may help the model better
understand subtle gesture variations, especially in visually similar affix signs. Additionally, exploring joint
modeling of affix and word categories could allow the system to learn shared linguistic structures and
improve disambiguation in more complex gesture combinations.
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