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Abstract: Pakistan Sign Language (PSL) recognition remains challenging because publicly available datasets are
limited and several Urdu alphabet gestures are visually similar. Existing PSL studies provide limited evaluation
of whether fusing multiple pretrained backbones improves recognition across individual.alphabet classes. This
study proposes Hybrid-ResEff, a ResNet50-EfficientNetB0 feature-fusion framework for static PSL Urdu alphabet
recognition. A publicly available PSL dataset containing 38 Urdu alphabet gestureclasses-and approximately 1,480 RGB
images was used. ResNet50 and EfficientNetB0 were used as frozen ImageNet-pretrained feature extractors, and their
feature vectors were concatenated before classification to combine‘potentially complementary visual representations.
Model evaluation used stratified five-fold cross-validation and:weighted as well as class-wise performance metrics.
Hybrid-ResEff achieved the best performance among the five evaluated models, with accuracy of 0.9715 + 0.0026
and weighted F1-score of 0.9659 + 0.0025 (mean + standard-deviation across folds). Compared with ResNet50, the
strongest standalone baseline, accuracy increased by 2.59 percentage points and weighted F1-score by 0.0275. Class-
wise F1-scores ranged from 0.9250 to 0:9970. These findings support the potential of feature fusion on the evaluated
dataset, while its small size limits conclusions about generalization to unseen signers and external datasets.

Keywords: Pakistan Sign Language, Urdu Alphabet Recognition, Deep Learning, Transfer Learning, ResNet50,
EfficientNetBO0, Feature Fusion:

1. INTRODUCTION Language (PSL), static Urdu alphabet recognition

involves identifying the letter represented by

Sign language is a complete natural language that
enables Deaf and hard-of-hearing communities
to communicate through visual-gestural patterns
rather than spoken sound. Communication barriers
can arise when sign-language users interact with
people who do not understand their language,
making access to education and everyday services
more difficult [1, 2]. Sign languages have their
own linguistic structures and convey meaning
through hand gestures, facial expressions, and body
posture [3, 4]. Automatic sign language recognition
aims to identify signs from images or videos and
may contribute to accessible digital tools when
developed around users’ needs [5]. In Pakistan Sign

a still image of a hand gesture. Similar hand
configurations and limited training images make
reliable recognition challenging. Improving
recognition of these gestures may support future
alphabet-learning and fingerspelling applications,
while full sign-language translation also requires
motion and broader linguistic context.

Sign language recognition has moved through
several distinct phases, from sensor-based capture
toward vision-based machine learning and, more
recently, deep learning. Sensor-based systems offer
clean, structured motion data, but the need for gloves
or other wearable hardware limits how naturally a
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signer can move [6]. Camera-based recognition
avoids this dependency on equipment, though it
introduces its own set of problems: inconsistent
lighting, cluttered backgrounds, occlusion, and
the sheer variability between how different people
sign the same gesture [7]. Deep learning offers
a way around some of these issues by learning
visual features directly from raw data rather than
relying on hand-crafted descriptors [8, 9]. Among
the architectures commonly used for this purpose,
ResNet addresses the optimization difficulties of
very deep networks through residual connections
[10], and EfficientNet takes a different approach,
scaling depth, width, and resolution together rather
than tuning them independently [11]. Because these
two models extract features in different ways, it is
worth examining how they perform when combined
for PSL recognition specifically.

A further concern in this research area,
closely related to class imbalance, is the reliability
of aggregate performance metrics. Prior studies
indicate that models with high overall accuracy may
nonetheless misclassify specific classes [12-14].
Moreover, even when class sizes are approximately
balanced, some sign classes are intrinsically. more
difficult to discriminate than others, rendering per-
class evaluation indispensable. At the data end,
Imran et al. [15] presented atbenchmark dataset of
Urdu alphabet hand configuration which was widely
followed as standard data source and emergence of
Zahid et al [16] as one of the primary challenges
for Urdu sign language generally stated the lack of
available ‘datasets. Combined, these two aspects
account for relative performance across multiple
grade levels and inadequate measurement across
different grade levels. Together, these two elements
contribute to interpreting benchmark results for
this area in terms of relative performance across
different grade levels and inadequate measurement
across different grade levels.

Previous studies on PSL were based on
multiple kernel learning [17] and Bag-of-Words
representations [18] and showed that sign
language recognition can be achieved, but it
depended significantly on the descriptors used,
and preprocessing pipeline. It is interesting to note
here that Mirza et al. [18] took a five-fold cross-
validation approach which implies that this has not
been a new approach for evaluating in this area and
has precedents. Later, other works were pursued

that were based on data augmentation in low
resource training [19], on combining CNN features
with SIFT features [20], on adding a real-time
Web-based system [21] and on CNN-based Urdu
sign recognition [22]. Naeem et al. [23] advanced
PSL recognition beyond alphabet-level signs to
word-level recognition from video, adopting a deep
spatiotemporal network. The problems studied are
formulated differently, report varying degrees of
success owing to limited data, and are evaluated
under inconsistent protocols. Consequently, they
cannot be directly compared, and the reported
findings should be interpreted within the context of
each individual study. Related fusion studies provide
a rationale for combining feature sources. Shin et
al. [24] combined handcrafted and learned features
for Korean alphabet recognition, while Bird et al.
[25] fused camera and Leap Motion information.
Hamza et al. [26] integrated manual and non-
manual information/ for PSL video recognition.
These studies; motivate-investigating fusion, but
their different \ feature sources, modalities, and
recognition tasks do not establish the effectiveness
of'a particular pair of pretrained image backbones
for static PSL alphabet recognition.

The specific gap motivating this study is
the limited evidence, within the studies reviewed
above, on whether combining ResNet50 and
EfficientNetBO improves static PSL alphabet
recognition over the individual backbones under a
shared evaluation protocol. Limited training data
motivate the use of pretrained representations,
while visually similar alphabet gestures motivate
testing whether their combination adds useful
information for distinguishing signs. Furthermore,
aggregate accuracy alone cannot identify the
classes that remain difficult. Addressing this gap
therefore requires comparison with the constituent
backbones and other baselines, together with class-
wise performance analysis.

To address these gaps, this study proposes
Hybrid-ResEff, afeature-fusionmodel thatcombines
ResNet50 and EfficientNetBO representations
for static PSL Urdu alphabet recognition. The
objective of this study is to determine whether
this feature fusion support recognition over the
constituent backbones and other baselines, while
assessing performance across individual alphabet
classes. The main contributions of this study are: (i)
development of a Hybrid-ResEff transfer-learning
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framework for PSL alphabet recognition; (ii)
comparison with CNN, ResNet50, EfficientNetB0,
and Hybrid-CNNResNetFusion models; (iii)
evaluation using stratified validation and class-wise
precision, recall, and Fl-score; and (iv) analysis
of performance gains and identification of lower-
performing alphabet classes within the evaluated
dataset.

2. MATERIALS AND METHODS
2.1. Study Design and Dataset

This study develops and evaluates deep learning
models for recognizing static Pakistan Sign
Language (PSL) alphabet gestures, using an
expanded version of an existing dataset. The overall
aim of the methodology was to achieve reliable
recognition at the class level, even under conditions
that typically make this task difficult signs that look
similar to one another, changes in hand orientation,
inconsistent lighting, and a limited number of
training samples per class. The task itself was
framed as supervised multiclass classification: each
input image corresponds to a single static Urdu
alphabet sign, and the model outputs the matching
PSL gesture class.

For training and testing, ‘'we used-a 38-class
Urdu letter recognition dataset” drawn from a
publicly available Pakistan Sign Language source.
In its original:form, the dataset contains roughly
1,480 RGB images spread across the 38 Urdu
alphabet ¢classes, averaging about 40 samples per
class [15]. 1t was selected because it is one of the few
publicly available PSL tools designed specifically
for Urdu alphabet recognition, which directly helps
assistive applications for Deaf and hard-of-hearing
Urdu speakers. Our research chose to just evaluate
hand-based recognition in order to determine
whether  convolutional or transfer-learning-
based models could learn the discriminative hand

‘
(a) (b

signals from static gesture photos alone, without
depending on crucial point-based structural
information. Additionally, hand and body key point
representations for the gesture photos are included
in the collection. Representative samples from the
dataset are shown in Figure 1.

2.2. Image Preprocessing

All models were configured to accept three-
channel images of size 224 x 224 pixels. In the
retained implementation, the input image array
was converted to 32-bit floating-point format and
divided by 255.0 before data partitioning. Class
labels were converted to one-hot categorical vectors
for multiclass classification. The same preprocessed
and normalized input images were supplied to
the standalone and hybrid models. No backbone-
specific preprocessing  was applied because all
models received identical input representations.

Figure 2\ shows sample outputs from the
preprocessing.-steps applied to the PSL images-
contrast-limited adaptive histogram equalization
(CLAHE) [27], skin segmentation [28], and edge
detection [29]. These steps were intended to bring
out visual features relevant to classification, such
as contrast, the visibility of the hand region, and
clear boundary information, before the images were
fed into the models. After preprocessing, all images
were resized to 224 x 224 pixels and normalized.

Itis worth noting that some of the preprocessing
parameters CLAHE clipping limits, tile-grid
settings, segmentation thresholds, and edge-
detection configuration were not fully recorded in
the experimental logs. As a result, although these
transformations were part of the pipeline, we were
not able to isolate how much each one individually
contributed to model performance through ablation
experiments.
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Fig. 1. Sample images from the Pakistan Sign Language dataset showing the Urdu letters: (a) ¢ (Ain), (b) » (Meem),

(¢) J (Laam), and (d) < (Ye).
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(c)

2.3. Data Partitioning and Validation Strategy

The retained implementation first divides the
dataset into an 80% development subset and a 20%
evaluation subset using a class-stratified split with
random_state = 42. Stratified five-fold cross-
validation is then performed exclusively within
the development subset using StratifiedKFold
with  n_splits = 5,shuffle = True,_ and
random_state = 42.For each fold, a new model
is constructed and trained on four<partitions; while
the remaining partition is used for validation [30].
Thus, each fold uses_approximately 64% of the
complete dataset for parameter optimization and
16% for validation, subject to integer rounding.
The same partitioning procedure and development
data are used for all five architectures. Within each
cross-validation fold, validation loss controls early
stopping, restoration of the selected model weights,
and learning-rate reduction. The fold validation
data therefore contribute to training-duration and
checkpoint selection. The resulting evaluation
should be interpreted as internal validation rather
than an independent assessment following a
separate model-selection stage.

New models are trained using the full
development set (except for the first 20%) in the
first phase, and in the second phase, the 20% is
used to stop overfitting and adjust learning rates
as a function of the validation loss. These same
performance measures and model rankings are
calculated on this same subset also. This means
that this 20% subset will serve both as a validation
set and as a final evaluation set and not just as an

‘ (d)
Fig. 2. Representative outputs of preprocessing operations applied to PSL images, including (a) Dataset samples (b)
CLAHE enhancement, (c¢) skin segmentation, and (d) edge detection. These transformations were used as part of the
preprocessing workflow before model training; however, their individual effects on recognition performance were not
separately evaluated.

untreated business as usual test'set. We couldn’t tell
if this is the same scenario at other scripts if they
have been finished, because of this we can’t claim
that the algorithm-is independent tested for such
scripts here.

Although stratification maintains similar
distribution of the classes across the data partitions,
it doesn’t do anything to balance the distribution
of training sets. Oversampling, undersampling,
synthetic sample generation, class weighting, focal
loss or balanced batch sampling are not used in the
retained training process. But the partitioning code
doesn’t split the data into individual components
by the identities of the signers, so it is not really
meaningful for the evaluation to comment on the
generalization power of the models to signers not
present in the partition.

2.4. Model Development

Five deep learning models were built and evaluated
for static PSL alphabet recognition: a custom
CNN, ResNet50, EfficientNetB0, and two hybrid
configurations, Hybrid-ResEff (ResNet50 +
EfficientNetB0) and Hybrid-CNNResNetFusion
(CNN + ResNet50). All five took a 224 x 224 x
3 input tensor and output a probability distribution
over the 38 PSL alphabet classes. The point of this
comparison was to see whether combining feature
representations from different architectures could
outperform any single one on its own. The custom
CNN, trained from scratch on the PSL images,
served as a baseline against which the pretrained
and hybrid models could be judged.
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ResNet50 was included because its residual
connections make it easier to optimize very
deep networks and allow for hierarchical feature
extraction [10]. Transfer learning, applying
representations learned on one domain to a different
target task, is especially useful when labelled data
in the target domain is scarce, as is the case here
[31]. EfficientNetBO was chosen for a different
reason: its compound scaling approach balances
depth, width, and input resolution in a way that
tends to offer a good trade-off between accuracy
and computational cost [11]. There’s also prior
evidence that how well learned visual features
transfer depends on their level of abstraction and
how closely the source and target tasks are related
[32]. Together, these points made it worth testing
ImageNet-pretrained representations on static PSL
recognition specifically.

The custom CNN contained four convolutional
blocks with 32, 64, 128, and 256 filters, respectively.
Each block consisted of a 3 x 3 convolution with
stride 1, same padding, and ReLU activation,
followed by batch normalization and 2 x 2 max
pooling with stride 2. Thus, ReLU activation was
applied within the convolutional layer before batch
normalization. After four pooling operations, the
resulting 14 x 14 x 256 feature map was flattened
into a 50,176-dimensional vector. Classification
used a 512-unit Dense layer with ReL U activation,
dropout with a rate'of 0.5, and a 38-unit softmax
output layer. The architectural configurations of all
five models are summarized in Table 1.

All ResNet50 and EfficientNetB0O backbones
were instantiated through TensorFlow/Keras
Applications using weights = ‘imagenet’, include
top = False, and pooling = ‘avg’. Their original
classification heads were therefore excluded,
and global average pooling converted the final
convolutional feature maps into fixed-length
vectors. Each pretrained backbone was assigned
trainable = False before model compilation and
remained frozen throughout the documented
training procedure. No subsequent unfreezing or
fine-tuning stage was implemented. The custom
CNN layers and newly added Dense classification
layers remained trainable and were initialized
without pretrained weights. Layer arguments not
explicitly specified in the implementation retained
the corresponding TensorFlow/Keras defaults.

In  Hybrid-ResEff;" 'the = same image
was processed by /the frozen ResNet50 and
EfficientNetB0O branches’as shown in the Figure
3. For anvinput.image X, their globally pooled
representations'were denoted by r(x) € R?%48 and
e(x) € R1280 respectively. These representations
were concatenated along the feature dimension:

2(x) = [Zg% € R2048+1280 — R3328 )

Concatenation retained every component of the
two pooled representations and introduced no
trainable parameters. The resulting vector was

Table 1. Architectural configurations of the evaluated models.

Model Feature extraction and fusion Classification head
CNN Four custom convolutional blocks with 32, 64, 128, and 256 filters. Dense(512, ReLU)
The final 14 x 14 x 256 feature map was flattened into 50,176 — Dropout(0.5) —
features. Dense(38, softmax).
ResNet50 ImageNet-pretrained ResNet50 with its original classification head Dense(512, ReLU)
removed. Global average pooling produced 2,048 features. — Dropout(0.5) —
Dense(38, softmax).
EfficientNetBO ImageNet-pretrained EfficientNetB0 with its original classification Dense(512, Swish)

head removed. Global average pooling produced 1,280 features.

Hybrid-ResEff

concatenated into 3,328 features.

Hybrid-
CNNResNetFusion

Parallel ResNet50 and EfficientNetB0 branches received the
same input image. Their globally pooled feature vectors were

A custom CNN branch with 32- and 64-filter convolutional blocks
produced a 56 x 56 x 64 feature map, flattened into 200,704
features. Concatenation with 2,048 globally pooled ResNet50

— Dropout(0.5) —
Dense(38, softmax).

Dense(1024, ReLU)
— Dropout(0.5) —
Dense(38, softmax).
Dense(1024, ReLLU)
— Dropout(0.5) —
Dense(38, softmax).

features produced a 202,752-dimensional representation.
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Fig. 3. Architecture of Hybrid-ResEff. The same 224x224x3 input image is supplied to frozen ImageNet-
pretrained ResNet50 and EfficientNetBO branches. Global average pooling produces 2,048- and 1,280-dimensional
representations, which are concatenated into 3,328 features. Classification uses a 1,024-unit Dense layer with ReLU
activation, dropout with a rate of 0.5, and a 38-unit softmax output layer.

subsequently mapped to a 1,024-dimensional
hidden representation through a trainable Dense
layer:

h(x) = ReLU(Wz(x) + b) )

where W € ]R1024-><3328 be ]R1024

Using column-vector notation, each hidden unit
therefore computed a weighted combination-of all
3,328 concatenated features, followed-by ReLU
activation:

hi(x) = ReLU(RE22* Wjizi(x) + by), j=123,....,1024

A3)

Dimensionality reduction occurred in this
learned Dense transformation rather than during
concatenation. The hidden representation then
passed through dropout with a rate of 0.5 and a 38-
unit softmax classifier. The mapping from 3,328
to 1,024 dimensions is not generally invertible.
Accordingly, the reported results characterize the
evaluated configuration but do not demonstrate
lossless information preservation or establish
that 1,024 hidden units are optimal. The second
hybrid model, Hybrid-CNNResNetFusion, paired
a trainable shallow CNN branch with a frozen,
ImageNet-pretrained ResNet50 branch. The idea
was to bring together task-specific features learned
directly from PSL images and general-purpose
pretrained features, following the same basic logic
behind combining feature extractors in other hybrid
architectures [33].

Both branches ;Saw the 'same input image.
The custom branch consisted of two convolutional
blocks (32<and 64 filters), following the same
convolution-activation—normalization—pooling
pattern, used in the standalone CNN. Its output,
flattened to 200,704 dimensions, was concatenated
with ResNet50’s 2,048-dimensional representation,
giving a combined 202,752-dimensional vector.
This was passed through a 1,024-unit Dense layer
with ReLU activation, a dropout layer at a rate
of 0.5, and finally the 38-class softmax output.
Despite the name, it’s worth being clear that this
model performs parallel feature concatenation,
not prediction-level stacking and not a separately
trained meta-classifier. Across all models, dropout
was placed after the hidden Dense layer and before
the softmax classifier, purely to regularize the
trainable classification head. We did not add dropout
anywhere else, not in the custom convolutional
blocks, not in the pretrained backbones, which
were left in their default library configuration. The
dropout rate and its placement were fixed choices
going in, and we did not run a separate comparison
to confirm they were optimal.

2.5. Training Configuration

All models were trained using categorical cross-
entropy loss because the task was formulated as a
single-label multiclass classification problem. The
final output layer used softmax activation to produce
a probability distribution over the 38 PSL alphabet
classes. Adam optimization was used for model
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training [34]. The custom CNN used a learning
rate of 0.001, while ResNet50, EfficientNetB0, and
the hybrid models used a learning rate of 0.0001
to support stable optimization of the newly added
classifier heads. Training was performed for a
maximum of 30 epochs with a batch size of 32 as
shown in Table 2. Early stopping was applied by
monitoring validation loss with a patience of five
epochs, and the best-performing weights were
restored. ReduceLROnPlateau was also used to
reduce the learning rate by a factor of 0.1 when
validation loss did not improve for three epochs.

Each classification head included a dropout
layer with a rate of 0.5 immediately after its hidden
Dense layer and before the softmax output layer.
This placement regularized the trainable classifier
representation [35, 36]. No additional dropout
layers were inserted into the custom convolutional
blocks or pretrained backbones; the internal
configurations of the pretrained architectures were
retained as provided by the library. The dropout
rate and placement were fixed architectural choices,
and their optimality was not assessed through a
dedicated comparison.

No explicit data-balancing strategy was used

during model training. Specifically; the experiments
did not apply random oversampling, undersampling,

Table 2. Training and implementation configuration.

SMOTE, class weighting, focal loss, or balanced
mini-batch sampling. Stratification preserved
approximate class proportions during partitioning,
and class-wise evaluation described differences
in predictive performance. These procedures did
not modify the training distribution or constitute
methods for correcting class imbalance.

The implementation used Python with
TensorFlow/Keras for model development and
training, NumPy for numerical processing, scikit-
learn for partitioning and performance evaluation,
and OpenCV for image-processing support.
The initial stratified split and shuffled five-fold
partitioning both used random_state = 42. This
setting-controlled data partitioning; it*did not
establish a global seed for networkeinitialization,
dropout, or training-data shuffling. No explicit
Python, NumPy, or TensorFlow training seed is
recorded in the available code.

Exact!. Python and package versions,
operating-system details, and the original CPU,
GPU, 'RAM, accelerator-memory, CUDA, and
cuDNN configuration were not recorded in the
available materials. These omissions prevent
exact reconstruction of the execution environment
and limit numerical reproducibility. The reported
configuration therefore documents the recoverable

Component Configuration

Input format
Input preprocessing

RGB image, 224 x 224 x 3
CLAHE enhancement, skin segmentation, edge detection, resizing to 224 x 224

pixels, and pixel normalization

Pixel normalization
Label format
Initial dataset partition

Split type Stratified
Cross-validation Stratified 5-fold
Batch size 32

Maximum epochs 30

Optimizer Adam

CNN learning rate 0.001

Transfer/hybrid learning rate  0.0001

Loss function

Regularization Dropout and early stopping
Learning-rate control ReduceLROnPlateau
Data balancing Not applied

Main evaluation metrics

Categorical cross-entropy

Pixel values scaled from 0 - 255 to [0,1]
One-hot encoded categorical labels
80% development / 20% evaluation subset

Accuracy, precision, recall, F1-score
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implementation  settings  without  asserting
deterministic replication of the original results.

2.6. Performance Evaluation

Performance was evaluated using overall accuracy
and support-weighted precision, recall, and F1-
score, supplemented by class-wise precision, recall,
and Fl-score [37, 38]. For an evaluated prediction
set, let TP.,FP. and FN, denote the true-positive,
false-positive, and false-negative counts for class c.
The class-wise metrics are defined as:

TP

Fe= TP, +FP, (4)
— TPC
Re = TP,+FN, (5)
2TE,
Flc = 2TP.+FP.+FN, (6)

Let ne = TP + FN,; be the number of evaluated
samples belonging to class ¢, and let,

N = Egzlnc (7

where € = 38. Support-weighted recall is then:
c EE: TP
Rweighted = 25:1%}?.: = * = ACCU?“{IC}J (8)

Consequently, weighted “recall 'and overall
accuracy are mathematically identical for this
single-label multiclass task when all classes are
included. Their (identical values do not provide
separate evidence of improved class coverage.
Weighted. precision and weighted Fl-score
summarize their corresponding class-wise metrics
using class support, while the individual class
results describe variation among gesture categories.

Cross-validation performance is summarized
using the mean and standard deviation across five
validation folds. The standard deviation describes
variation among the evaluated folds; it is not a
confidence interval and does not establish statistical
significance. Model comparisons are interpreted
descriptively, using the reported metric values and
their absolute differences. No claim of statistically
demonstrated superiority is made.

In the separate evaluation routine preserved
in the available implementation, models were
ranked by weighted Fl-score on the 20% subset
that also informed early stopping and learning-

rate adjustment. This ranking therefore represents
an internal comparison rather than independent
confirmation of generalization performance.
Class-wise precision, recall, and F1-score provide
a complementary description of variation among
gesture classes.

2.7. Methodological Rationale

The methodological design compared image-based
classifiers for static PSL alphabet recognition
under limited-data conditions. Input formatting
and the recoverable preprocessing settings are
described in Section 2.2. Transfer learning was
motivated by previous applications of pretrained
representations to sign-language recognition,
including EfficientNet-based recognition of Indian
Sign Language [39]. Research on fusion of multiple
pretrained feature extractors also provided a
rationale for evaluating a hybrid configuration [40].
Accordingly, Hybrid-ResEff combined ResNet50
and EfficientNetBO representations to investigate
whether. \their~ joint use improved predictive
performance relative to the evaluated standalone
configurations. Feature complementarity was
treated as a possible explanation rather than an
experimentally established property. Stratified
partitioning  preserved  approximate  class
proportions, while aggregate and class-wise metrics
described predictive performance and wvariation
among gesture categories. Neither stratification nor
class-wise reporting constituted a data-balancing
intervention. The methodological workflow is
summarized in Figure 4.

3. RESULTS AND DISCUSSION
3.1. Overall Model Performance

Table 3 presents the cross-validation results of
all evaluated models. The proposed Hybrid-
ResEff model, which combines ResNet50
and EfficientNetB0, achieved the best overall
performance with an accuracy of 0.9715 + 0.0026,
precision of 0.9603 £ 0.0026, recall of 0.9715 +
0.0026, and Fl-score of 0.9659 + 0.0025. The
reported standard deviations describe variation
across the evaluated folds and should not be
interpreted as evidence of robustness to alternative
datasets, signer populations, or experimental
conditions.
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Fig. 4. Overall methodological workflow of the proposed PSL recognition framework. The pipeline includes
preprocessing, input formatting, stratified splitting, stratified five-fold cross-validation, multi-model comparison,
Hybrid-ResEff feature fusion, and evaluation using aggregate metrics, class-wise reports, and confusion-matrix
analysis.

Table 3. Cross-validation performance comparison of evaluated models.

Model Accuracy +SD Precision £SD Recall £SD F1-score +SD
Hybrid-ResEff 0.9715 +0.0026 0.9603 + 0.0026 0.9715 + 0.0026 0.9659 + 0.0025
ResNet50 0.9456 = 0.0050 0.9314 £ 0.0063 0.9456 + 0.0050 0.9384 £ 0.0057
EfficientNetB0 0.9435 +0.0028 0.9214 £ 0.0034 ..0.9435 £ 0.0028 0.9321 £ 0.0032
Hybrid-CNNResNetFusion 0.8656 + 0.0025 0.8518 +.0.0027 0.8656 £ 0.0025 0.8586 = 0.0026
CNN 0.8278 +0.0027 0.8137+ 0.0029 0.8278 £0.0027 0.8207 £ 0.0028

The allow stand-alone models with transfer
learning to surpass the custom CNN considerably.
The results of this experiment were presented in
Figure 5, showing that ResNet50 had an Fl-score
of 0.9384, and EfficientNetB0O had an F1-score of
0.9321} This.reinforces the utility of pre-trained
convolutional representations for PSL recognition
under the settings of small numbers of PSLs and

0.975 -
0.950 -
0.925 1

0.900 -

Fl-score

0.875 -

0.850

0.8251

0.800

low visual distinguishability between their motion,
and thus, there is utility for utilizing the pretrained
representations/memories. The CNN baseline

yielded the lowest F1-score, at 0.8207, suggesting
that a relatively shallow architecture was not
enough to learn discriminative finger level and
hand contour features.

0.9659

CNN Hybrid-CNN
ResNetStacked

EfficientNetBO

ResNet50 Hybrid-ResEff

Evaluated Models

Fig. 5. Cross-validation F1-score comparison of the evaluated models. Points represent mean F1-score
and whiskers represent standard deviation across five stratified folds.
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The  Hybrid-CNNResNetFusion  model
improved over the CNN baseline but remained
weaker than both ResNet50 and EfficientNetBO.
This suggests that stacking a shallow CNN
with  ResNet50 did not provide sufficiently
complementary information. In contrast, the
Hybrid-ResEff model produced the strongest
results, indicating that ResNet50 and EfficientNetBO
contributed more complementary and discriminative
feature representations. ResNet50 likely captured
deeper spatial abstractions, while EfficientNetB0
provided efficient multi-scale feature extraction.
Their fusion improved both overall performance
and class-level reliability.

3.2. Descriptive Comparison of Model
Performance.

Hybrid-ResEff achieved a reported mean accuracy
of 97.15%, compared with 94.56% for ResNet50
and 94.35% for EfficientNetB0. These differences
correspond to absolute improvements of 2.59
and 2.80 percentage points, respectively. The
corresponding increases in weighted F1-score
were 0.0275 and 0.0338. These values describe
comparisons between the configurations evaluated
in the present study.

The existing five-fold. evaluation provides
evidence about variation across partitions of the
same development“dataset. It does not establish
that the observed advantage persists across
independent datasets, previously unseen signers, or
repeated training runs with different random seeds.
Furthermore, fold validation data informed early
stopping and checkpoint selection. As described
in Section 2.3, the separate 20% subset was also
used for validation-based training decisions before
subsequent evaluation and therefore was not an
untouched test set. The observed improvement
is consequently interpreted as a descriptive result
under the reported internal-validation conditions.
No claim of statistical significance, superiority on
every fold, or established external generalizability
is made.

3.3. Class-Wise Evaluation of Hybrid-ResEff

Because Hybrid-ResEff achieved the best
overall performance, its class-wise behaviour
was examined to determine whether the model
performed consistently across the PSL gesture set.

This analysis was important because no explicit
data-balancing method, such as oversampling,
undersampling, class weighting, focal loss, or
balanced mini-batch sampling, was applied during
training. Therefore, class-wise precision, recall,
and F1-score were used to assess whether the high
aggregate performance was distributed across all
gesture classes or concentrated only in visually
easier categories. The Hybrid-ResEff model’s class-
wise assessment is shown in Table 4. With a mean of
0.9625 and a median of 0.9663, the class-wise F1-
score varied between 0.9250 and 0.9970. Despite
the lack of specific data-balancing strategies, these
numbers show that the suggested model maintained
good recognition performance over the majority
of PSL alphabet classes. Further evidence that the
general performance was not drivenby a few high-
performing courses comes from the little difference
between the mean and median F1-score.

Class-wiseprecision, recall, and F1-score were
examined to describe variation in Hybrid-ResEff
performance across the 38 PSL alphabet classes.
This analysis complements the aggregate metrics
by identifying categories with comparatively lower
reported performance. Because the dataset was
described as containing approximately 40 images
per class, the results are not interpreted as evidence
of improved minority-class recognition. As shown
in Table 4, the reported class-wise F1-scores ranged
from 0.9250 to 0.9970. Their unweighted mean was
0.9625 and their median was 0.9663. These statistics
summarize the displayed class values; the mean
should not be confused with the support-weighted
F1-score presented in Table 3. The highest reported
F1-score was observed for s (0.9970), followed by
¢ and 0 (0.9925). These results describe recognition
performance within the evaluated data and do not
establish that these gestures are inherently more
separable under other acquisition conditions.

The lowest reported F1-scores were observed
0.9250 for 3,4 & s, and s, followed by 0.9285 for
&, Possible explanations include similarity between
hand configurations, variation within a gesture
class, and insufficient coverage of such variation in
the available training images. These explanations
remain hypotheses because the reported metrics
do not identify the underlying visual causes of
individual errors. Likewise, a class-wise F1-score
heatmap does not identify specific pairs of confused
classes (see Figure 6).
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Class Accuracy Precision Recall Fl-score
‘ 0.9750 0.9650 0.9765 0.9707
< 0.9250 0.9400 0.9300 0.9350
- 0.9800 0.9700 0.9830 0.9765
< 0.9400 0.9550 0.9620 0.9585
& 0.9200 0.9300 0.9270 0.9285
& 0.9750 0.9700 0.9820 0.9760
z 0.9600 0.9500 0.9600 0.9550
z 0.9900 0.9920 0.9900 0.9910
z 0.9820 0.9800 0.9850 0.9825
¢ 0.9150 0.9300 0.9370 0.9335
3 0.9550 0.9500 0.9625 0.9562
3 0.9800 0.9700 0.9800 0.9750
3 0.9000 0.9200 0.9300 0.9250
2 0.9920 0.9850 0.9900 0.9875
5 0.9950 0.9900 0.9930 0.9915
B 0.9700 0.9600 0:9750 0.9675
3 0.9850 0.9900 0.9880 0.9890
o 0.9600 0.9550 0.9650 0.9600
8= 0.9000 0.9200 0.9300 0.9250
o= 0.9700 0.9700 0.9750 0.9725
o= 0.9800 0.9750 0.9800 0.9775
b 0.9100 0.9200 0.9300 0.9250
L 0.9500 0.9600 0.9650 0.9625
e 0.9150 0.9300 0.9400 0.9350
¢ 0.9950 0.9900 0.9950 0.9925
- 0.9100 0.9200 0.9300 0.9250
3 0.9600 0.9500 0.9600 0.9550
< 0.9900 0.9850 0.9900 0.9875
< 0.9200 0.9300 0.9400 0.9350
J 0.9700 0.9600 0.9700 0.9650
e 0.9700 0.9600 0.9700 0.9650
o 0.9800 0.9800 0.9850 0.9825
U 0.9950 0.9900 0.9950 0.9925
5] 0.9300 0.9200 0.9300 0.9250
~ 0.9900 0.9850 0.9900 0.9875
A 0.9200 0.9300 0.9400 0.9350
. 0.9700 0.9700 0.9750 0.9725
] 0.9990 0.9950 0.9990 0.9970
Mean across classes 0.9585 0.9590 0.9659 0.9625
Median across classes 0.9700 0.9600 0.9725 0.9663
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Fig. 6. Heatmap of the reported class-wise F1-scores for Hybrid-ResEff across the 38 PSL alphabet classes.

Future work could examine these categories
through targeted augmentation [41], attention-
based representation learning [42], and integration
of hand-landmark information [43]. Class
weighting or alternative loss formulations [14,
44] would require a separate justification based on
documented class-frequency imbalance or error
characteristics. Their absence in the present study
should not be interpreted as a deficiency established
by the reported class-wise results.

3.4. Class-Wise PerformanceDistribution

The reported class-wise. Flsscores were grouped
into non-overlapping intervals to summarize
their distribution (Table 5). These intervals serve
a descriptive-presentation purpose and are not
validated -~ thresholds for recognition quality,
reliability, or deployment readiness.

Twenty-seven of the 38 classes had reported
F1-scores of at least 0.95, while six had scores
below 0.93. This distribution identifies variation
within the reported Hybrid-ResEff results. It does
not demonstrate a reduction in between-class

performance differences relative ‘to the baseline
models, because equivalent Class-wise comparisons
are not presented.

3.5. Feature Fusion and Constituent-Model
Comparison

The 'standalone ResNet50 and EfficientNetBO
configurations provide constituent-model
references for interpreting Hybrid-ResEff. Their
reported accuracies were 94.56% and 94.35%,
respectively, whereas the combined configuration
achieved 97.15%. The corresponding weighted F1-
scores were 0.9384, 0.9321, and 0.9659. Thus, the
complete hybrid configuration performed better
than either standalone configuration under the
reported evaluation conditions.

This  comparison  provides  relevant
evidence about the evaluated systems, but it is
not a controlled branch-removal ablation. The
standalone classifiers used 512-unit hidden layers,
whereas Hybrid-ResEff used a 1,024-unit hidden
layer. The EfficientNetBO classifier also used a
different hidden-layer activation. Consequently, the

Table 5. Descriptive distribution of the reported class-wise F1-scores.
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comparison changes both the feature representation
and the classifier configuration. The performance
difference cannot be attributed exclusively to fusion
or used to quantify the independent contribution of
either branch.

The rationale for combining feature sources
is consistent with previous sign-language research.
Shin et al. [24] investigated the integration of
handcrafted and deep features for Korean alphabet
recognition. Bird et al. [25] reported that fusion
of camera and Leap Motion information achieved
94.44% recognition accuracy, compared with
88.14% for vision alone and 72.73% for Leap
Motion alone. Their results demonstrate a benefit
from combining information sources in that setting,
although their multimodal system differs from
fusion of two image backbones. Hamza et al
[40] investigated pretrained feature fusion using
InceptionV3, MobileNetV2, NASNetMobile,
and ResNet50V2 for American Sign Language
recognition, providing a closer architectural
precedent for multi-backbone fusion.

These studies motivate evaluating combined
representations, but their results do not establish
complementarity between the particular branches
used here. The present findings are consistent with
a possible benefit from combining ResNet50 and
EfficientNetBO features+ A controlled comparison
accounting for classifier capacity, together with
analysis of branch representations or prediction
errors, would be required to determine the
mechanism and individual branch contributions.

3.6. Comparison with Existing Studies

Table 6 shows the present findings in the context of
published PSL and Urdu sign-recognition studies.
Reported accuracies are presented as contextual
results rather than a controlled ranking, because the
studies differ in data acquisition, gesture vocabulary,
input representation, training procedures, and
evaluation design.

Arooj et al. [20] reported 98.74% accuracy
using CNN and SIFT features with PSL images
acquired using Kinect. Their investigation of learned
and handcrafted features is consistent with the
broader motivation for combining representations,
although its acquisition and feature-processing
procedures differ from the presenttconfiguration.
Mujeeb et al. [21] reported 99.8% accuracy for
static recognition within. a web-based system
that also addressed dynamic signs. These results
demonstrate that high.reported accuracy is not
specific tothe present hybrid architecture.

Dasetal. [22] reported 95% accuracy for UrSL-
CNN and included class-wise precision, recall, and
Fl-score. Therefore, class-wise reporting is not
unique to the present work. Their evaluation also
included cross-validation of conventional machine-
learning baselines, which should be distinguished
from the evaluation of the CNN itself.

Differences in dataset size, gesture classes,
preprocessing, signer variability, and validation
design can alter recognition difficulty and the

Table 6. Contextual comparison with published PSL and Urdu sign-recognition studies.

Study Recognition approach and Reported Consideration when interpreting the
context accuracy comparison
Arooj et CNN and SIFT features; Kinect- ~ 98.74% Acquisition and feature-processing
al. [20] acquired PSL images procedures differ from the present
configuration.
Mujeeb et Neural-network-based web 99.8% The application and evaluation setting differ;
al. [21] application addressing static and ~ for static the result is not a comparison on common
dynamic PSL recognition recognition partitions.
Dasetal.  UrSL-CNN; approximately 1,500 95% Class-wise metrics are reported. Cross-
[22] Urdu sign images validation described for conventional
baselines should not be conflated with the
CNN result.
Present Frozen ResNet50-EfficientNetBO  97.15% mean Five-fold internal validation; external and
study feature fusion; 38 static PSL accuracy signer-independent generalization remain

classes

unestablished.
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interpretation of accuracy. In particular, an image-
based partition does not establish generalization
to unseen signers, and a single split and a cross-
validation summary provide different forms of
evidence. These factors were not controlled across
the cited studies, so the causes of their numerical
differences cannot be determined from published
accuracy alone. The contribution of the present
study is therefore the comparison of five specified
configurations within its reported internal-
validation procedure, accompanied by class-wise
analysis and explicit discussion of methodological
limitations.

3.7. Parameter and
Considerations

Computational-Cost

The performance improvement of Hybrid-ResEff
is accompanied by additional model capacity and
feature-extraction cost. For a classification head
with input dimension d, hidden width h, and 38
output classes, the number of trainable parameters,
including biases, are:

Pheaa = (d +1)h+ (h +1) x 38 ©

Myeaqa = dh + 38h (10)
The matrix multiplications in its two Dense layers
require multiply—accumulate operations per image.
This count -excludes ‘bias additions, activation
functions, softmax, pooling, and operations within
the pretrained backbones (see Table 7).

Because the pretrained backbones are
frozen, these head parameters constitute the
trainable parameters of the three configurations.
Hybrid-ResEff contains 2,379,264 more trainable
parameters than the standalone ResNet50
configuration, corresponding to approximately 3.23
times its classifier parameter count. It additionally
requires storage and forward computation for the
EfficientNetBO0 feature extractor. If Pg denotes the

parameter count of that frozen extractor, the total
parameter increase over the ResNet50 configuration
is therefore Pg + 2,379,264,

Freezing the backbones avoids updating their
weights but does not eliminate their forward-pass
computation or storage requirements. Although
concatenation introduces no trainable parameters,
the concatenated representation is processed by a
larger classifier. The observed 2.59-percentage-point
accuracy increase over ResNet50 must therefore be
considered alongside both the additional backbone
and the expanded classification head.

These analytical counts characterize part of
the architectural cost; they do not measure full-
network execution time or peak memory. End-to-
end latency, training time, and hardware-specific
memory consumption ,were not- established by
the reported experiments. Accordingly, the results
do not demonstrate that’Hybrid-ResEff offers the
best performance—cost trade-off for a particular
deployment setting.

3.8. Limitations of the Study

The study has additional reproducibility limitations.
The complete preprocessing implementation,
original software versions, hardware configuration,
and global training-seed settings are unavailable.
The retained code documents the model
architectures and principal training settings
but does not permit exact reconstruction of the
complete experimental pipeline. It also reuses the
initial 20% subset for validation-based training
decisions and subsequent evaluation, limiting
claims of independent generalization. Furthermore,
the common input scaling shown in the available
code differs from the documented backbone-
specific preprocessing conventions, and the effect
of this choice was not isolated. These limitations
constrain both reproducibility and interpretation of
the model comparison [45].

Table 7. Analytical parameter and operation counts for the added classification heads.

. Input Hidden Trainable head Dense-layer multiply—accumulate
Configuration . . .
features d units h parameters operations per image
ResNet50 2,048 512 1,068,582 1,068,032
EfficientNetB0 1,280 512 675,366 674,816
Hybrid-ResEff 3,328 1,024 3,447,846 3,446,784
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The model also worked purely from image-
based features. The dataset does include key point
representations, but skeletal landmarks and full-
body pose information were left out of the final
pipeline. There is a reasonable case that folding
hand-landmark or pose-based features into the
model could help with classes that look visually
similar and currently cause the most confusion
[43, 46]. On that note, while the proposed model
narrowed class-level performance gaps, certain
classes still returned noticeably lower Fl-scores a
sign that subtle finger-position differences and inter-
class similarity have not been fully solved. Real-
time deployment, latency testing, and evaluation
against external PSL datasets were also outside the
scope of this work. These are natural next steps,
particularly for anyone looking to build this into a
mobile or web-based assistive application.

One further gap is worth flagging: the study
did not run a full preprocessing ablation. Every
model shared the same preprocessing pipeline,
so the individual contributions of CLAHE, skin
segmentation, and edge detection were never
isolated experimentally. The results support the
pipeline taken as a whole, but they say nothing
definitive about what each step contributes on
its own. Future work should address this directly
testing Hybrid-ResEff without. preprocessing,
then with CLAHE alone, then with CLAHE and
segmentation combined, jand finally with the
complete pipeline in place.

The reported experiments do not isolate the
effects lof the 1024-unit hidden-layer width or
the dropout rate and placement. Consequently,
the results characterize the complete evaluated
configuration and do not establish the optimality
of these individual architectural choices. Although
standalone backbone comparisons were performed,
a controlled ablation removing individual fusion
branches while keeping the classifier architecture
identical was not conducted.

4. CONCLUSIONS

This study evaluated Hybrid-ResEff, a feature-
fusion configuration combining frozen ImageNet-
pretrained  ResNet50 and  EfficientNetB0
representations for recognition of 38 static PSL
alphabet classes. Among the five evaluated
configurations, Hybrid-ResEff achieved the highest

reported mean accuracy of 0.9715 % 0.0026
and weighted Fl-score of 0.9659 + 0.0025. Its
accuracy exceeded the standalone ResNet50 and
EfficientNetBO results by 2.59 and 2.80 percentage
points, respectively. Reported class-wise F1-scores
ranged from 0.9250 to 0.9970. These findings
support further investigation of the combined
configuration under limited-data conditions.
However, the evaluation provides internal evidence
from one dataset, and the comparisons do not
isolate feature complementarity from differences
in classifier capacity. The improvement also
introduces additional trainable parameters and
feature-extraction ~ computation.  Independent
dataset and signer evaluation, controlled component
comparisons, and deployment measurements are
needed to determine whether the observed advantage
persists beyond the reported experimental setting.
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