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Explainability Evaluation of Transfer Learning Models
Utilized in Multimodal Translation of Sign Language

H.M.L.S. Kumari and C.K. Walgampaya

Abstract: Sign language is a mode of communication for people with hearing loss and speaking
disabilities; however, gesture meanings vary from region to region. The proposed study evaluates the
efficacy of transfer learning for converting sign gestures into natural language text and audio.
American Sign Language and Sinhala Sign Language datasets were used to demonstrate the impact of
data augmentation and image preprocessing on model performance across RGB, grayscale, and binary
formats. Transfer learning models, including MobileNet, InceptionV3, DenseNet121, and
DenseNet201 were utilized, and results indicate that RGB data significantly outperforms other
formats. MobileNet achieved the highest accuracies of 98.62% for the ASL dataset and 99.66% for the
Sinhala Sign dataset. Real-time validation was conducted via webcam inference to ensure practical
reliability. Furthermore, SHAP (SHapley Additive exPlanations) was used to evaluate the proposed
model's interpretability. The study concludes that combining lightweight transfer learning
architectures with robust data augmentation can lead to significant improvements in communication
of sign language users.
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Translation, Transfer Learning

1. Introduction similar in origin to spoken languages, while it
expresses meaning through facial expressions,

Communication is  essential in  social body movements and actions. Currently, a
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40 decibels in the better hearing ear [3]. Ianguage.. Sign language is a method  of
communication for people with speech and

hearing impairments.

These individuals cannot overcome being
mute. To assist them and facilitate their
communication with others, thereby bringing
some normalcy to their lives, it was recognized
that the need was to bridge this communication
gap. This highlights the necessity for a sign
language recognition system to help alleviate
their daily communication challenges. Real-
time hand gestures can allow communication
between deaf people and hearing people
without a translator.

Automated recognition of hand gestures is vital
for overcoming daily challenges and enhancing
convenience for these individuals [4]. Sign
language consists of manual and body
movements including fingers, hands, arms, and
facial expressions to transmit information
visually. It serves as a practical communication
tool for the speech-impaired in their everyday
lives [5]. Even though this medium plays a
crucial role, it is not widely known by the
public, creating a significant and persistent
barrier between signers and the hearing
community [6]. Since not all words have
corresponding signs, specific terms are often
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As the number of individuals with deafness
continues to rise, the demand for interpreters
also increases. Bridging the communication gap
between those who are hearing impaired and
the general population becomes crucial for
effective interaction. Sign language translation
is progressing rapidly, with a significant role to
fill in facilitating communication for people
with hearing impairments.

The proposed study introduces a real-time
system that takes hand gesture images as input
through a webcam and converts them into
respective text and audio clips. This work
contributes to the field by demonstrating cross-
linguistic robustness, evaluating the system on
two structurally different datasets: ASL and
Sinhala Sign Language (SSL). The proposed
method employs transfer learning using models
such as MobileNet, InceptionV3, and DenseNet,
ensuring the system is effective for both large
and small datasets. A primary contribution of
this research is the systematic comparative
analysis of three image formats—RGB,
grayscale, and binary within the dataset to
determine how varying levels of visual
information impact classification accuracy. Data
augmentation is further applied to evaluate
performance stability. Finally, the model's
outputs are evaluated using SHAP. By
integrating Explainable Al (XAI), this study
moves beyond "black-box" models to prove that
the system accurately captures significant
anatomical features for classification, thereby
increasing the interpretability and reliability of
the proposed approach.

The structure of the paper is as follows: Section
2 reviews current studies related to sign
language recognition. Section 3 details the
proposed methodology. The results are
presented in Section 4, followed by the
conclusion in Section 5.

2. Related Works

Sign language enhances communication. It is a
better option for the deaf and hard-of-hearing
communities, improving human-computer
interaction and reducing the communication
gap, as explained above. An examination of
recent literature reveals the development of
numerous systems designed to function as sign
language translators using deep learning
models.

Agrawal et al. [8] proposed a study titled "A
Model for Hand Gesture Recognition Using
Deep Learning." They developed a hand
gesture recognition system with four steps. The
first step involves capturing hand gestures via a

webcam live stream, followed by extracting
images from the video frames, preprocessing
the images, and recognizing sign
language/hand gestures to convert them into
text or audio output. Image processing and
Convolutional Neural Networks (CNN) were
used to develop their model, which was
evaluated using a Kaggle dataset, a dataset
created by them, and a combined dataset. The
models trained with Inception V3 demonstrated
higher validation accuracy of 88.67%, attributed
to its numerous layers (48) compared to the
second model, which had only 4-5 layers. The
highest validation accuracy of the second model
was 69.6%.

In "Optimization of Transfer Learning for Sign
Language Recognition Targeting Mobile
Platforms," Rathi [9] proposed a real-time ASL
recognizer based on a mobile platform to
enhance accessibility and ease of use. This
technique employs transfer learning on new
hand gesture data for ASL alphabets,
leveraging  various pre-trained high-end
models. The goal is to optimize the best model
for mobile platform performance while
addressing its limitations. The dataset contains
27,455 images, each representing one of 24 ASL
letters. The optimized model, designed for
memory efficiency on mobile devices produces
a 95.03% recognition accuracy.

Buttar et al. [10] proposed a work titled "Deep
Learning in Sign Language Recognition: A
Hybrid Approach for the Recognition of Static
and Dynamic Signs." They developed a real-
time American Sign Language detector using a
skeleton model, which reliably categorizes
continuous signs in most cases through a deep
learning approach. Additionally, they created a
sign language detector for static signs using
YOLOv6. This application is particularly
beneficial for sign language users and learners
to practice in real-time. After independent
training on static and continuous signs, both
algorithms were combined into a hybrid model.
The proposed model, consisting of an LSTM
with MediaPipe holistic landmarks, achieves
approximately 92% accuracy for continuous
signs, while the YOLOv6 model achieves 96%
accuracy for static signs.

Daroya et al. [11] proposed a work titled
"Alphabet Sign Language Image Classification
Using Deep Learning," which introduces a
method to classify RGB images of static hand
poses representing letters in sign language
using a CNN inspired by the DenseNet
architecture. The proposed network achieved
an accuracy of 90.3%, which is comparable to
other studies, including those utilizing both
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depth and RGB images. They used a dataset
based on the American fingerspelling format.
To enhance the variety within the dataset, data
augmentation techniques were applied. These
techniques included random rotations up to 5
degrees, random horizontal and vertical shifts,
random shearing, and random zooming.

Saleh and Issa [12] utilized transfer learning
with pre-trained networks, specifically VGG-16
and ResNetl52, to enhance the accuracy of
classifying 32 hand gestures from the ArSL
dataset (ArSL2018). To address class imbalance,
they applied random under-sampling, reducing
the number of images from 54,049 to 25,600.
This technique effectively minimized the
disparity in class sizes. Their approach achieved
impressive accuracy rates of 99.4% with VGG-
16 and 99.6% with ResNet152 during testing.
Dardina et al. [13] conducted real-time hand
gesture recognition in depth images using a
CNN. Their proposed CNN model architecture
aims to address the communication barrier
faced by deaf individuals, achieving an
accuracy of 94.61% in recognizing 11 different
gestures using depth images. The pre-processed
hand gesture images were converted into
binary images and then trained using the CNN
model.

Romala et al. [14] proposed a work titled "Sign
Language Recognition System Using
Convolutional Neural Network and Computer
Vision." In this study, users can capture hand
gesture images from a web camera and predict
the particular hand gesture. They utilized a
CNN for training and classifying images,
allowing for the recognition of 10 ASL alphabet
gestures with high accuracy. The model
attained over 90% accuracy, demonstrating its
high performance.

Cui et al. [15] proposed a work titled "Fast
American Sign Language Image Recognition
Using CNNs with Fine-tuning." Given CNNs'
proven excellence in image classification tasks,
the authors suggested the application of a fine-
tuned CNN model to classify ASL images. First,
the CNN architecture was optimized to better
suit the ASL classification task. Subsequently,
the models were trained on this optimized
structure using test images. The average
accuracy of the proposed model over 5-fold
cross-validation was 79% for trained CNNs
from the CIFAR-10 model and 89% for the fine-
tuned CaffeNet model.

Recent studies are focusing on using XAl to go
beyond just using standard CNN-based
classification. This leads to understand how
deep learning models work with sign language.
A study “Explainable Al for sign language

recognition models: Integrating Grad-Cam
LIME and Integrated Gradients" by Fatima and
team [16] looked into using Grad-CAM, LIME
and Integrated Gradients for ASL recognition.
This study found that Grad-CAM gives
heatmaps that show general hand areas. LIME
provides explanations but can be inconsistent
across different samples. Integrated Gradients
was the most accurate giving information that is
helpful for analyzing small gesture features in
ASL recognition. “Deep Neural Network-Based
Sign Language Recognition: A Comprehensive
Approach Using Transfer Learning with
Explainability” proposed by Ridwan et al. [17]
explains Deep Neural Network-Based Sign
Language Recognition used SHAP (Deep
Explainer) to see which features were
important. This method helped the authors
know exactly which input areas affected
predictions of the model. This made the
decision-making process much clearer for ASL
recognition. These advancements are a step
forward, in making sign language systems
trustworthy. However, there is still a gap. Most
current research only uses one dataset; it does
not compare explainability methods across
different data types. This suggests that we need
standardized evaluation frameworks in the
field of Explainable Al for Sign Language
Recognition.

Overall, recent studies show a clear move
toward using transfer learning and real-time
webcam systems to help bridge communication

gaps. While these models have reached
impressive accuracy especially with ASL, there
are still important areas that remain
unexplored.

3. Methodology

3.1 Data Preparation

The static hand gesture dataset ASL dataset [18]
from the IEEE Data Port was used in this study.
The dataset was created by capturing static
gestures of the ASL alphabet from 8
participants, excluding the letters ] and Z,
which involve dynamic movements. Figure 1
shows a sample from the static hand gesture
ASL dataset. Images were captured using a
Logitech Brio webcam with a resolution of
1920 x 1080 pixels in a university laboratory
under artificial lighting. The final dataset
images were cropped to a 400 x 400-pixel area,
focusing solely on the hand region. This dataset
is available in three versions: RGB (colour),
binary, and grayscale images. All three versions
were used in this study with the proposed
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model. Sample images from each version are
shown in Figures 3, 4, and 5. The dataset
consists of 24 classes, covering all the letters of
the Alphabet, except for ] and Z. It includes a
total of 960 images, with each class balanced to
contain 40 images. This consistency is
maintained across all three datasets: the RGB
(colour) dataset, the grayscale dataset, and the
binary dataset. Both sequential and affine data
augmentation techniques were applied in this
proposed study.

T U

3.2 Data Augmentation

To enhance the diversity and robustness of the
training data, this study utilizes a combination
of sequential and affine data augmentation.
Data augmentation is essential for the proposed
study to prevent model overfitting and to
ensure high generalization, particularly given
the subtle anatomical differences in hand

gestures and the limited size of the regional
Sinhala Sign Language dataset. By artificially
expanding the training set, the model is forced

X

Figure 1 - Samples of each letter in the static hand gesture ASL dataset [16]

The second dataset used was a Sinhala Sign
language dataset [19] from Kaggle. The dataset
mainly consists of classes for different numbers
as well as WH-questions (e.g. What, When,
How, etc.) and consisted of 33 classes in total.
some of the signs are dynamic movements as
well, and they were made into classes with
suffixes for the rank of the frame they have in
each case. Some images had signs representing
multiple characters, in which case they are
separated using an '&' character. Some of the
classes have different lighting compared to
some other classes, while at the same time
having consistent lighting throughout each
class. The person appears to be wearing a ring,
and this is kept consistent as well.

background noise or
conditions.

The augmentation pipeline was implemented
using a Sequential meta-augmenter with
random_order=True. This approach is crucial
because it ensures that the model never sees the
same transformation sequence twice, effectively
simulating the infinite variety of real-world
environments. The specific techniques were

selected based on the following rationales:

specific

lighting

Sequential data augmentation: Horizontal flips
(Fliplr) and random crops account for users
signing with the natural handedness of
different users or at varying framing positions.
Gaussian blur, contrast normalization, and
additive noise are used to simulate low-quality
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webcam sensors and poor lighting —common
challenges in real-time home applications.
Affine data augmentation: Affine
transformations, including scaling (zoom),
translation (movement), rotation (up to 25°),
and shearing, were selected to replicate natural
human variance. These simulate different
distances from the camera, diverse hand sizes,
and the natural tilt or slant of a user’s hand
while signing.

Each training image was augmented into 10
distinct variations. This factor was chosen to
provide a sufficient data volume for deep
transfer learning—which typically requires
thousands of samples to converge—without
introducing excessive redundancy that could
lead to biased gradients.

Regarding the dataset organization, the data
was partitioned into a 70% training, 20%
testing, and 10% validation split. This 70:20:10
ratio was adopted to provide a substantial
foundation for the transfer learning process
while reserving a statistically significant
portion (20%) for a final, objective evaluation of
accuracy on unseen data. The 10% validation
set allowed for wunbiased hyperparameter
tuning and early stopping to prevent over-
training. Importantly, data augmentation was
applied exclusively to the training set to ensure
the integrity of the evaluation process, keeping
the testing and validation sets strictly
representative of original, real-world data.

y

50-1

¢

o

11-2

LA

14-3

\{”
ﬁ

L

¥
¥
’
i

13-3 30-1
2 what when-1

1&10-2&11-1

b
a

g
‘T

3.3 Transfer Learning Models

Transfer learning is an advanced deep learning
technique that leverages a pre-trained model
for one task as a starting point to learn another
similar task. For instance, training a CNN on
the ImageNet dataset can take approximately 2-
3 weeks using multiple GPUs. For this study,
transfer learning models, including MobileNet,
InceptionV3, DenseNet121, and DenseNet201,
were applied to the datasets described above.
MobileNet is tailored for mobile and embedded
vision applications, offering both efficiency and
a lightweight design. By employing depth-wise
separable convolutions, it significantly reduces
the number of parameters and computational
demands [20]. InceptionV3 is part of the
Inception family of architectures and is known
for its inception modules which factorize
convolutions into smaller operations. This
model achieves high accuracy with fewer
parameters compared to other large networks.
DenseNet121 and DenseNet201 are part of the
DenseNet family, which connects each layer to
every other layer in a feed-forward fashion.
This design improves the flow of information
and gradients through the network, making
them highly efficient and capable of achieving
state-of-the-art performance [21].

3.4 SHAP
exPlanations)
In this study, SHapley Additive exPlanations
(SHAP) were integrated to transition the model
from a "black-box" system to a transparent,
interpretable framework. The primary objective
of employing SHAP was to validate the model’s
internal decision-making process by identifying

(Shapley Additive
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Figure 2 - Samples of each class in the Sinhala Sign Language Dataset

103

ENGINEER




which anatomical features of the hand such as
finger orientation or palm position contributed
most significantly to the classification. By
calculating the contribution of each pixel
through game theory, SHAP allows for a direct
visual audit of whether the model is focusing
on relevant hand gestures or irrelevant
background noise [22].

In the resulting visualizations, red regions
signify positive SHAP values that strongly
support the model’s predicted class, while blue
regions indicate negative influence [23].
However, through the evaluation of these plots,
a critical finding of the proposed study is that
SHAP may not be the optimal XAI tool for
image-based sign language models. The
analysis revealed that SHAP can occasionally
produce misleading or "noisy" results that do
not perfectly align with the complex spatial
features of hand gestures. Consequently, SHAP
was utilized here not only as a validation tool
but also as a benchmark to identify the
limitations of current XAI methods in this
domain. This conclusion provides a clear
research path for future work, where tools like
Grad-CAM (Gradient-weighted Class
Activation Mapping) could be explored to
achieve higher interpretability and better
spatial localization for deep learning models
applied to image data.
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Figure 3 - The data sample of RGB dataset of
Static hand gesture dataset ASL dataset
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Figure 4 - The data sample of grayscale
dataset of Static hand gesture dataset ASL
dataset
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Figure 5 - The data sample of binary dataset
of Static hand gesture dataset ASL dataset

3.5 Proposed Methodology

The methodology section outlines the
procedures and techniques used to conduct the
research. Figure 5 illustrates the key steps,
including data collection, preprocessing, model
training, evaluation, and prediction using a
webcam to generate text or audio output. First,
the dataset was divided into three parts:
training, testing, and validation sets, with ratios
of 70%, 20%, and 10%, respectively. Next, a
separate training dataset was created using the
data augmentation techniques described in the
data preparation section. The pre-trained
models mentioned above are then employed
with additional layers.

The transfer learning model is used without its
top classification layer, utilizing weights pre-
trained on the ImageNet dataset. This approach
leverages established feature extractors to
identify complex patterns while freezing the
base layers to prevent the loss of pre-trained
knowledge during the initial training phase.
The input images have a shape of (224, 224, 3).
Global average pooling is applied to the output
of the transfer learning model (pooling='avg'),
reducing each feature map to a single value.
This pooling method was selected over a
Flatten layer to significantly reduce the number
of trainable parameters and minimize the risk
of overfitting. A dense layer with 1024 units
and a ReLU activation function is then added to
the model. To prevent overfitting, a dropout
layer with a dropout rate of 0.5 is incorporated.
Finally, a dense layer with 24 units and a
softmax activation function is added for
classification into 24 classes (Dense (24,
activation='softmax')). The model was compiled
using the Adam optimizer with a learning rate
of 0.0001, and categorical cross-entropy was
utilized as the loss function to handle the multi-
class classification task.

This configuration results in a new Keras model
that combines the pre-trained transfer learning
base with custom layers. All layers of the
transfer learning model are set to be non-
trainable, meaning their weights remain
unchanged during training. This approach
enables the model to leverage pre-trained
features while training only the custom dense
and dropout layers. Training was conducted
with a batch size of 32 for 50 epochs,
incorporating an early stopping mechanism to
halt training if the validation loss failed to
improve for five consecutive iterations. The
new model is then evaluated using 5-fold
stratified  cross-validation. The stratified
approach was chosen to ensure that each fold
maintains a balanced representation of the 24
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gesture classes, providing a more reliable
assessment of model generalization. The
models discussed above were trained using the
original dataset without data augmentation to
assess the performance of these transfer
learning  models in the absence of
augmentation. The results of each model were
then analysed based on the predictions made.
In the next step, a webcam was connected to
capture hand gestures as input.

The trained transfer learning models were used
to identify these hand gestures, with the results
displayed as both text and audio output.

SHAP was employed to interpret how
predictions are generated by the trained
transfer learning model.

Predictions were conducted using images taken
from recorded predicted output of real-time
input from a webcam as well as from original
images from test data. This procedure helps
verify whether the proposed model is
functioning correctly and illustrates how
specific image features contribute to the final
prediction of the model.

metrics are computed based on true positives
(TP), true negatives (TN), false positives (FP),
and false negatives (FN) as shown in equations
(1), 2), (3) and (4).

Accuracy (AC) = (TP+TN)/(TP+TN+FP+FN) (1)
Precision (PR) = TP/(TP+FP) ... (2)
Recall (RE) = TP/(TP+FN) ... 3)
F1 Score = 2*(PR*RE)/ (PR+RE) ... @)

To ensure the integrity of these metrics, the
dataset was partitioned into 70% for training,
10% for validation, and 20% for independent
testing. While the training set optimized model
weights, the validation set was used to tune
hyperparameters and monitor for overfitting.
To further validate the model’s generalization
across the entire dataset, a 5-fold stratified
cross-validation was employed. This ensures
that every data point is used for both training
and testing across different folds while
maintaining the original class distribution in
each split.

Train dataset - without|
data augmentation
. Split dataset 70%
Labeil:t:s’;“’ge »| train,20% test and 10%
validation
Train dataset - with ¥ .| Usepre trained o | 3-fold stratified cross
data augmentation 47 models to train © validation
capture hand gesture o| predicthand gesture | | _ o
using webcam | using trained model Ev alugte prediction
using SHAP

Figure 6 - Proposed methodology

This explicit implementation confirms that the
model prioritizes the structural contours of the
hand  gestures rather than irrelevant
background noise. When the model predicts
correctly for a particular class, SHAP will
typically highlight more red-coloured regions
of the image with high positive contributions
from these features. Red regions in SHAP plots
represent positive SHAP values (features
pulling the prediction towards the target class)
whereas blue regions represent negative SHAP
values (features pulling the prediction away
from the target class).

4. Results & Discussion
The proposed model was evaluated using
metrics such as accuracy, precision, recall and

F1 score, which are crucial for assessing deep
learning models in classification tasks. These

Table 1 presents the average performance
metrics obtained from 5-fold cross-validation
on the unaugment RGB dataset using four
transfer learning models: MobileNet,
InceptionV3, DenseNet121, and DenseNet169.
Among these models, MobileNet achieved the
highest accuracy (98.51%), precision (98.75%),
and Fl-score (98.51%), indicating superior
performance on the RGB dataset without data
augmentation

Table 1 - Average Performance Matrices from
5-fold cross validation on an unaugment RGB
dataset

Transfer Mean Mean Mean
learning model | accuracy% | Pprecision | Flscore
Mobilenet 0.9851 0.9875 0.9851
InceptionV3 0.8955 0.9097 0.8874
Densenet121 0.9179 0.9408 0.9163
DenseNet169 0.9478 0.9618 0.9459
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Table 2 demonstrates the average performance
matrices for above stated transfer learning
models for unaugment grayscale. MobileNet
achieved the best results indicating strong
performance. DenseNetl69 also performed
competitively, whereas InceptionV3 recorded
the lowest values across all metrics.

Table 2 - Average Performance Matrices from
5-fold cross validation on an unaugmented

ayscale dataset
Transfer Mean Mean Mean
learning model | accuracy% | precision Flscore
Mobilenet 0.9753 0.9759 0.9753
InceptionV3 0.8478 0.8488 0.8678
Densenet121 0.9079 0.9128 0.9063
DenseNet169 0.9365 0.9536 0.9365

Table 3 presents the performance metrics
obtained from 5-fold stratified cross-validation
on the unaugmented binary dataset. Similar to
Tables 1 and 2, MobileNet shows the best
performance, while InceptionV3 records the
lowest.

Table 3 - Average Performance Matrices from
5-fold cross validation on an unaugmented

binary dataset

Transfer Mean Mean Mean
learning model | accuracy% | precision | Flscore
Mobilenet 0.9434 0.9439 0.9432
InceptionV3 0.7674 0.8085 0.7615
Densenet121 0.8062 0.7951 0.7910
DenseNet169 0.7984 0.8107 0.7910

Table 4 presents the performance metrics
obtained by the proposed model using the
augmented RGB dataset with the transfer
learning models described above.

Table 4 - Average Performance Matrices from
5-fold cross validation with augmented RGB

dataset

Transfer Mean Mean Mean
learning model | accuracy% | precision Flscore
Mobilenet 0.9862 0.9863 0.9861
InceptionV3 0.8883 0.8910 0.8876
Densenet121 0.9659 0.9668 0.9656
DenseNet169 0.9488 0.9531 0.9488

Table 5 demonstrates the performance metrics
obtained by the proposed model using the
augmented grayscale dataset with the transfer
learning models described above.

Table 5 - Average Performance Matrices from

5-fold cross validation with augmented
grayscale dataset
Transfer Mean Mean Mean
learning model | accuracy% | precision Flscore
Mobilenet 0.9763 0.9762 0.9767
InceptionV3 0.8722 0.8723 0.8776
Densenet121 0.9559 0.9558 0.9554
DenseNet169 0.9356 0.9355 0.9356

Table 6 presents the performance metrics
obtained by the proposed model using the
augmented binary dataset with the transfer
learning models described above.

Table 6 - Average Performance Matrices from
5-fold cross validation with augmented binary

dataset

Transfer Mean Mean Mean
learning model | accuracy% | Pprecision | Flscore
Mobilenet 0.9149 0.9273 0.9137
InceptionV3 0.7314 0.7594 0.7380
Densenet121 0.8531 0.8627 0.8491
DenseNet169 0.8531 0.8561 0.8502

A comparative analysis of the results across
Tables 1 through 6 reveals that MobileNet
consistently outperforms InceptionV3 and the
DenseNet variants. This superior performance
is likely due to MobileNet's (accuracy of
98.62%,) use of depth-wise separable
convolutions, which allows it to capture
essential spatial features of hand gestures with
fewer parameters, making it less prone to
overfitting on the specific geometry of sign
language compared to the more complex
InceptionV3 architecture. Furthermore, the
results indicate that the RGB format provides
the most robust feature set, as the inclusion of
colour depth aids the model in distinguishing
hand contours from the background more
effectively than Grayscale or Binary formats. In
contrast, the significant performance drop in
InceptionV3 across binary datasets suggests
that its wider kernels may introduce noise
when processing simplified edge-based inputs.

The highest-performing proposed model was
used to predict hand gestures captured via a
webcam. The predicted result was provided as
both an audio clip and in text. Each predicted
image was saved, and the corresponding
images were evaluated using SHAP plots to
interpret the model’s decision-making process
[24].
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Figure 9 - P hand gesture and SHAP output

Figure 7 and Figure 9 show how the model
correctly predicts the final output, with SHAP
displaying more red coloration on the correct
hand signs.

Figure 7 shows more red around the finger
regions in the image representing class W than
class V, demonstrating that the model uses
those finger areas to predict class W rather than
class V. In Figure 9, the features around the
thumb, index finger, and middle finger are
utilized by the proposed model to make the
final prediction, as shown by the red-coloured
regions in the SHAP output for the class P
image.

However, some SHAP plots demonstrated
incorrect or unclear outputs, such as in Figure
8. This can be due to the fact that using SHAP,
it was assumed that features of an image are
independent. But since in this scenario, this
independence is not true, the results can be
unreliable and uninformative. In certain cases,
the outputs are difficult to interpret due to lack
of clarity [25][26]. Table 7 shows the statistics of
the model when trained on the Sinhala Sign
Language dataset without wusing data
augmentation. Table 8 shows the same for the
dataset with data augmentation. Accuracy as
well as loss curves are also shown on Figure 10.
and Figure 11. From the outputs shown it can
be seen that the MobileNet model had achieved
the highest accuracy at 99.66%.

Table 7 - Average Performance Matrices from
5-fold cross validation on the Sinhala sign
language dataset without data augmentation

Transfer Mean Mean Mean
learning accuracy % precision Flscore
model
Mobilenet 0.9833 0.9832 0.9832
InceptionV3 0.9523 0.9522 0.9563
Densenet121 0.9856 0.9859 0.9859
Densnet201 0.9898 0.9898 0.9892

Table 8 - Average Performance Matrices from
5-fold cross validation on the Sinhala sign
language dataset with data augmentation

Transfer Mean Mean Mean Flscore
learning accuracy% | precision
model
Mobilenet 0.9966 0.9966 0.9969
InceptionV3 0.9659 0.9658 0.9655
Densenet121 0.9917 0.9920 0.9917
Densnet201 0.9965 0.9965 0.9960

Similar to how SHAP was applied to the ASL
dataset, SHAP was also applied to the SSL
dataset.

Tables 10 and 11 represent the accuracy curve
and loss curve of MobileNet model which
achieved highest accuracy 99.66% which
trained on augmented RGB dataset for Sinhala
sign language dataset in the proposed study.

Model Accuracy

—— Train Accuracy
—— Validation Accuracy

0 5 ) 15 20 25 30
Epoch
Figure 10 - Accuracy curve of MobileNet
model trained on augmented data

The training and validation accuracy curves,
demonstrated in Figure 10, show that the model
converged extremely rapidly, achieving almost
perfect accuracy in the initial phase of training
and maintaining stability throughout. Similarly,
the training and validation loss curves,
represented in Figure 11, decrease steeply in the
early phase and stabilize at very low values.
The close alignment between training and
validation performance suggests that the model
generalizes extremely well to novel data, with
hardly any signs of overfitting or underfitting.
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From figures shown using Figure 12 through
Figure 15, the results convey similar capabilities
of the models as done previously using the ASL
dataset. Fingers shown in bright red can be
regarded as more crucial for the model for the
prediction, while fingers shown in bright blue
can be regarded as more crucial for the model
against the prediction.

It can be said that the model has learnt to
identify the person’s fingers separately to arrive
at the predictions it has made when testing.
There still existed cases that were not accurate
as well. Figure 14 shows the SHAP plot for a
sample image for the hand gesture for the
number ‘5’. Yet in this case it can be seen that
the model predicted it wrongly as either ‘5" or
"14’. This is inaccurate.

Model Loss

—— Train Loss
~—— Vvalidation Loss
0.5

0.4 4

0.2 q

0.14

——

—— e — =

0 5 10 15 20 25 30
Epoch

Figure 11 - Loss curve of MobileNet model
trained on augmented data
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Figure 12 - ‘who’ hand gesture and SHAP
output
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Figure 13 - “9” hand gesture and SHAP output

Four &
Fourteen 2
Figure 14 - ‘5" hand gesture and SHAP output
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Figure 15 - ‘6" hand gesture and SHAP output
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Table9 - Performance comparison of the
proposed model against state-of-the-art sign
language recognition baselines.

Study Methodology | Accuracy Key
/Architecture Contribution
Agrawal | Inception V3 | 88.67% Comparison of
etal. [8] (48 layers) shallow vs.
deep CNN
architectures.
Rathi et | Mobile- 95.03% Memory
al. [9] optimized efficiency  for
Transfer mobile-based
Learning real-time
recognition.
Buttar et | YOLOvV6 96.00% Hybrid model
al. [10] (Baseline) for both static
and  dynamic
sign detection.
Daroya DenseNet 90.30% Use of data
etal. [11] | (Baseline) augmentation
on RGB
fingerspelling
images.
Saleh & | VGG-16 / | 994% / | Handling class
Issa [12] ResNet152 99.6% imbalance  in
large-scale
datasets
(ArSL2018).
Dardina | Depth-image | 94.61% Addressing
etal. [13] | based CNN communication
barriers via
depth-sensing.
Cui et al. | Fine-tuned 89.00% Optimized
[15] CaffeNet CNN
architecture for
fast ASL
recognition.
Proposed | Optimized 98.62% / | Highest
Work Deep 99.66% accuracy with
Learning integrated XAI
with XAI (SHAP) for
model
transparency.
Data augmentation consistently improves

model stability across all architectures and RGB
input remains the optimal data format for
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maintaining high F1-scores. Rather than relying
on model depth alone, the results suggest that
the lightweight, efficient architecture of the
proposed MobileNet-based model is better
suited for the high-speed requirements of
webcam-based gesture recognition.

Table 9 benchmarks the proposed model
against above related studies, showing it
outperforms baselines like YOLOvV6 (96%) and
DenseNet (90.3%) with a peak accuracy of
99.66%. Beyond performance, this study
uniquely bridges the identified research gap by
integrating XAI to provide transparency that
traditional "black-box" models lack.

5. Conclusions

Based on the performance results of the
proposed study, data augmentation
significantly improves the accuracy, precision,
and F1 score of transfer learning models by
increasing the diversity of the training data and
reducing overfitting. Results of the proposed
study show that the models performed
significantly better when using colour (RGB)
images rather than grayscale or binary versions.
For instance, MobileNet achieved an amazing
accuracy of 99.66 percent on the enhanced
Sinhala Sign Language data set. This goes to
show that the combination of a light model
with high-quality data can be incredibly
effective. Therefore, the combination of
coloured datasets and data augmentation
methods proves to be more effective in transfer
learning models.

By converting hand gestures into text or speech,
the communication gap between individuals
unfamiliar with sign language and those with
special needs can be bridged. The SHAP plots
demonstrate how evaluations were conducted
in the proposed model to visualize which hand
features such as finger positioning and joint
angles contribute most to the prediction. This
study, however, finds that SHAP may not be
the best Explainable Al technique for analyzing
models that use images because it can provide
incorrect results since its mathematical premise,
i.e., feature independence, does not hold due to
the spatial relationship between the pixels
within hand gestures. It should also be noted
that the model's efficiency in real-time
applications may be affected by other
environmental factors not considered in the
experimental dataset. The proposed study used
only output images. However, future
implementations should develop a real-time
recognition model using LSTMs or 3D-CNN .

As future work, Grad-CAM and other
Explainable Al tools could be explored, as they
may provide better interpretability for deep
learning models applied to image data by
highlighting specific localized regions of
interest more clearly. These findings not only
address a significant research gap regarding the
application of transfer learning to regional sign
languages but also have practical implications
for enhancing communication accessibility
worldwide.
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