t Enhanced Skip Connections: To further enhance
the skip connections, features from earlier encoder
layers, such as Cond, and Conwd,, are concat-
enated to the decoder. This modification, for in-
stance, by adjusting Concatenateto include multi-
scale features from both Conwd, and Conad,,
helps in preserving high-resolution details. This
preservation of detailed information contributes
to more precise road boundary detection.

(e) (f) (9) (h)

Fig. 5. The results of the proposed model on
different images. (a), (b), (c), and (d) represent the
satellite images (different urban and residential
areas) with the road maps obtained from the
proposed model. (e), (f) (g), and (h) represent the
satellite images (different agricultural and rural
areas) with the road maps obtained from the
proposed model

Table 1. The results of quantitative evaluation of
the proposed model

Study [o]V] Precision F1 Score
Mahara et al. 2025 [13] 62.82 80.36 71.83
Pahlevani etal. 2024 [12]  46.00 72.00 -
Proposed Model 66.619 87.01 71.11

To study the impact of skipping connections on the
proposed model's performance, skip connections are
gradually removed, and the effects on performance
metrics are summarized in Table 2.
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Table 2. The impact of skipping connections of the
proposed model

Model Configuration [e]V} Precision  F1 Score
With four skip connection 66.61 87.01 71.83
Remove Skip1 62.00 86.70 68.08
Remove Skip18&2 59.10 86.00 63.23
Remove Skip1&2&3 54.20 85.10 56.22

The results of the metrics in Table 2 indicate that:

Progressive Degradation in Performance: The
model with full skip connections achieves the best per-
formance, underscoring the importance of retaining all
skip connections; removing them leads to a significant
decline in loU, Precision, and F1 Score.

Cumulative Impact: Each additional skip connection
removed results in a further drop in performance, indicat-
ing a cumulative contribution of skip connections to mod-
el accuracy. Removing the first skip connection leads to
a slight decrease in the metrics, indicating that although
one connection was removed, there is a noticeable im-
pact on the numerical results. Also, when removing the
first and second skip connections, the results indicate a
continued decrease in the metrics, suggesting a cumu-
lative effect of each connection on the model's ability to
perform road extraction accurately. In addition, removing
three skip connections (1, 2, and 3) further demonstrates
the cumulative effect of these connections on the accu-
racy of the extraction method metrics.

Observed Evidence from Results: Table (2) illustrates
a reduction in loU, Precision, and F1 Score as skip con-
nections have been introduced, which underscores their
role in enhancing the model’s ability to discern road fea-
tures accurately. For example, the highest F1 Score with
skip connections (71.83) was significantly better than
the lowest score (56.22) when all skip connections were
removed. This contrast points up the contribution of
skip connections to overall segmentation accuracy.

Also, the number of key points can be perceived
about the impact of skip connections:

Preservation of Spatial Information: Skip connec-
tions enable the U-Net architecture to concatenate
high-resolution features from the encoder with upsam-
pled features in the decoder. This is critical for tasks like
road extraction, where fine spatial resolution is essen-
tial for accurate delineation.

Enhanced Gradient Flow: By introducing skip con-
nections, better gradient propagation can be facilitated
during training. As a result, the model can learn more
effectively, leading to improved performance metrics.

Ultimately, to assess the efficiency of the proposed
model, U-Net++ has been implemented to extract
roads from the same dataset using the same training
setup as in the proposed model.
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As shown in Table 3, the results indicate a close match
between the two networks, with U-Net++ demonstrat-
ing a slight advantage in the Intersection over Union
(loU) metric

Table 3. Results of the comparison between the
proposed method and U-Net++

Metric Proposed U-Net U-Net++
loU 66.61 68.01
Precision 87.01 87.23
F1 Score 71.11 71.31

To further improve upon this model, future work will
focus on enhancing the visual quality and structural
accuracy of the extracted road networks. A natural
progression of this research is to adopt a Generative
Adversarial Network (GAN) framework after obtaining
the initial segmentation from the U-Net; a GAN can be
employed to refine the output. This can enhance the
quality of the segmentation mask generated by U-Net.
It is also possible to evaluate the proposed model on
another dataset, such as the Massachusetts Roads Da-
taset, to assess its generalization and accuracy.
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Abstract - This research introduces a unified framework for human activity recognition that integrates global temporal characteristics,
local spatial information, and trajectory shape cues. Trajectory shapes are extracted by tracking key points using a Motion History Image
(MHI) as a mask, eliminating the need for unreliable key-point and trajectory tracking. The selected key points from both the intensity
image (local spatial information) and the MHI (global temporal information) are represented using the Histogram of Directional
Derivative (HODD) descriptor, which effectively captures their visual and structural attributes. The combined feature representation
is encoded through a Bag-of-Visual-Words (BoVW) model, and classification is performed using a multiclass Support Vector Machine
(SVM). Extensive experiments on four benchmark datasets—URADL, KTH, Weizmann, and UCF101—yield accuracies of 95.4%, 95.83%,
100%, and 89%, respectively, demonstrating robustness to illumination changes, occlusion, and background clutter, and outperforming
several state-of-the-art methods. Overall, the proposed framework offers a computationally efficient and highly discriminative solution
for human activity recognition by effectively fusing trajectory shape, spatial, and temporal descriptors.
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1. INTRODUCTION

In the field of computer vision, Human Activity Rec-
ognition (HAR) is highly significant due to its diverse
applications in video analysis [1], automated surveil-
lance [2], human-computer interaction [3], and elderly
care. Multiple studies highlight the importance of pro-
viding effective solutions for senior individuals who
live independently and alone. However, HAR is still
considered a challenging task within the computer vi-
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sion community due to the heterogeneous nature of
video sequences. Furthermore, representing videos
captured in unconstrained environments poses several
challenges, including occlusion, viewpoint variation,
and background clutter.

A wide range of methodologies—from statistical mod-
els to deep learning networks—have been developed for
HAR. Generally, HAR techniques can be categorized into
two major groups: global feature—based approaches and
local feature-based approaches. Local feature-based
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techniques operate on video sequences using spatio-
temporal interest point detectors and descriptors, where-
as global feature-based techniques utilize appearance,
direct motion patterns, silhouette information, and shape
cues. Among these, local spatio-temporal feature—based
methods [4], [5], [6] have achieved remarkable progress,
often requiring comparatively less complex preprocess-
ing. These features are especially effective because they
encode rich motion information from the video.

In recent years, multiple-feature fusion techniques
[71, [8] have gained attention, as they often outperform
single-feature approaches. Despite the promising ad-
vancements, more robust techniques are still needed
to address (i) unreliable tracking of key points caused
by object motion unrelated to the primary action, and
(ii) the difficulty in representing complex activities un-
der noise and varying illumination conditions.

To address these issues, we propose a novel activity rec-
ognition framework with the following key contributions:

+ To mitigate unreliable key-point tracking and
trajectory instability, we employ Motion History
Images (MHI) as a masking technique.

« To effectively represent complex activities, we
combine trajectory-based local motion informa-
tion with spatial key-point intensity features and
temporal MHI features using the HODD descriptor.

An outline of the paper is as follows: Section 2 pres-
ents a review of existing descriptors. Section 3 describes
the proposed feature extraction method and the inte-
gration of heterogeneous feature descriptors. Section 4
provides experimental results on the URADL activities-
of-daily-life dataset [9], the KTH dataset [10], and the
Weizmann dataset [11]. Section 5 concludes the paper.

2. LITERATURE REVIEW

Over the past decade, numerous computer vision
techniques and strategies have emerged within the
field of Human Activity Recognition (HAR). These
methods rely on discriminative visual features ex-
tracted from action sequences and are broadly cat-
egorized into global and local representations. Global
feature-based techniques use shape, appearance, sil-
houette cues, and direct motion information. Bobick
and Davis [12, 13] introduced Motion History Images
(MHI) for representing global spatio-temporal motion,
where templates are constructed by aggregating the
temporal history of motion at individual pixels to cap-
ture overall motion dynamics. Du-Ming Tsai et al. [14]
extended this idea by constructing MHI using optical
flow magnitude at each pixel. Islam S. et al. [15] utilized
silhouette shape as a global descriptor, applying opti-
cal flow along the silhouette boundary to encode mo-
tion. Global descriptors are computationally efficient
and simple to implement because they avoid explicit
keypoint tracking; however, they are highly sensitive to
lighting variations, background clutter, occlusion, and
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viewpoint changes, which can distort silhouette and
motion cues.

To overcome these limitations, a second major class of
action representation focuses on local features [16-18].
These approaches analyze localized regions to capture
motion, appearance, and spatio-temporal characteris-
tics that are often missed by holistic descriptors. Local
techniques frequently outperform global ones, particu-
larly in cluttered or dynamic environments. Trajectory-
based methods [19-24] have gained considerable atten-
tion, as they track key points across successive frames
and extract long-term motion patterns that provide
powerful cues for action differentiation. Despite their
advantages, local and trajectory-based approaches may
capture insufficient structural context, are computation-
ally demanding, and can perform poorly when motion
is weak or uniform. To address these drawbacks, hybrid
techniques [25, 26] combine local representations with
global structural information.

Many hybrid models demonstrate the effectiveness
of integrating complementary cues. Ahmad M. and S.
W. Lee [27] combined motion and shape features us-
ing invariant moments and global optical flow. Tian et
al. [28] fused local intensity-based interest points with
global MHI features, enabling effective action recogni-
tion in crowded scenes. Zhao D. et al. [29] represented
structural and appearance information using HOG3D
to describe spatio-temporal interest points. Yu et al. [30]
combined keypoint trajectories with local descriptors
such as HOG and MBH. Luvizon D. C. et al. [31] merged
spatial and local temporal features using a metric learn-
ing framework. These hybrid and fusion-based frame-
works produce more robust and discriminative repre-
sentations by leveraging the strengths of both global
structure and local motion cues, although they often
require large datasets, careful feature weighting, and
may be susceptible to redundancy or overfitting.

In recent years, significant advances in HAR have
been driven by deep learning, transformer-based vid-
eo models, multimodal fusion, and vision-language
foundation architectures. Tong et al. [32] introduced a
self-supervised training strategy for video data using
heavy spatio-temporal masking on Vision Transformers
(ViT). This approach is data-efficient and transferable to
small datasets but requires substantial computational
resources and is sensitive to masking ratios. Garg et al.
[33] proposed a hybrid CNN-LSTM framework that ef-
fectively integrates spatial and temporal cues, achiev-
ing strong performance on KTH and UCF datasets but
demonstrating limited scalability to complex real-
world scenes. Morshed et al. [34] presented a structured
taxonomy classifying HAR methods into handcrafted,
hybrid, and deep learning approaches, highlighting
emerging multimodal trends but offering limited cri-
tique of transformer-based models. Sdnchez-Caballero
et al. [35] developed a ConvLSTM-based model opti-
mized for depth-only HAR, providing low-latency and
privacy-preserving inference suitable for embedded
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systems, though dependent on depth sensor quality
and less effective for appearance-based tasks. Hu et
al. [36] proposed an attention-based fusion network
combining RGB, skeleton, and optical flow data, yield-
ing improved robustness but incurring high runtime
complexity and requiring multimodal data availability.
Zhang, Li, and Xu [37] adapted CLIP and other founda-
tion models for HAR to enable zero-shot and few-shot
learning, improving generalization and label efficiency
at the cost of significant computational overhead and
challenges in modeling fine-grained temporal details.

Recent research further highlights the value of mul-
timodal fusion, hierarchical modeling, and interpre-
table handcrafted features. Kamble and Bichkar [38]
presented a hierarchical framework that models body-
part interactions to improve semantic understanding
of complex activities. Their architecture uses region-
level motion cues to infer full-body actions, offering
enhanced interpretability and strong performance un-
der occlusion but requiring accurate pose estimation
and segmentation. Compared with their method, our
proposed approach captures integrated spatio-tempo-
ral information from trajectories and MHI descriptors
without explicit segmentation, providing better gener-
alization across viewpoints.

S. Abraham and R. K. James [39] investigated the use
of handcrafted spatio-temporal features combined
with attention-based RNN models, showing that hand-
crafted descriptors can complement deep learning ar-
chitectures to provide interpretability and competitive
accuracy. Their method, however, depends on high-
quality feature engineering and struggles with long-
term temporal dependencies—challenges that our
approach addresses by integrating trajectory-based
motion cues with temporal MHI structure.

Finally, D. S. Korti and Z. Slimane [40] proposed an
HAR framework using micro-Doppler radar signatures,
employing feature concatenation and augmentation
for robust recognition in noisy and privacy-sensitive
environments. Although radar-based, their findings re-
inforce the importance of multi-feature fusion and ro-
bust representation learning, aligning with our motiva-
tion to combine complementary spatial and temporal
cues for improved action recognition.

3. METHODOLOGY

The suggested action recognition framework is
shown in Fig. 1.

It.enhances Human Activity Recognition by effective-
ly combining trajectory-based features with both local
(spatial) and global (temporal) features. The framework
consists of three main components—feature extrac-
tion, feature description, and action recognition.

A technique presented by Tian Y. et al. [29] is used in
the feature extraction procedure to efficiently separate
spatial and temporal data. Temporal information is gen-
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erated through the creation of an MHI [12, 13], while
spatial information is extracted from 2D Harris corners
in the initial images. In the feature descriptor stage,
we propose integrating trajectory-based features with
local features (2D Harris corner points in intensity im-
ages) and global features (2D Harris corner points in
MHI images) to form a unified final feature vector. The
global and local features are characterized using the
newly adopted HODD descriptor [41] in the MHI and
intensity images, respectively. To compute trajectories,
2D Harris corner points are tracked as key points using
the traditional Lucas—Kanade-Tomasi (KLT) tracker [42].

*—

/
Motion History
Image

Motion History
Image

' Key point tracking |
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Fig. 1. Proposed system for human action Recognition

To address the problem of inconsistent tracking of
key points, the MHI is utilized as a masking mechanism,
ensuring that only action-related motions contribute to
the trajectory computation. These trajectories are then
characterized based on their distinct motion-shape at-
tributes. The resulting feature descriptor is created by
combining three components:

(i) HODD descriptors of key points in the intensity im-
age, (i) HODD descriptors of key points extracted from
the MHI ,and (iii) trajectory-shape features derived
from the tracked key points.

Subsequently, k-means clustering is applied to all ex-
tracted descriptors to construct a Bag-of-Visual-Words
(BoVW) model for the training videos. Using Euclidean
distance as the similarity metric, the cluster centers (vi-
sual words) represent each feature descriptor. Conse-
quently, each training video sequence is encoded as a
BoVW histogram. The testing phase follows the same
procedure as the training phase, where each testing
video is assigned a BoVW representation using the pre-
computed visual vocabulary.
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In the final stage, a Support Vector Machine (SVM)
classifier is employed to categorize the testing video
sequences. The subsequent subsections provide a de-
tailed description of the complete HAR framework.

3.1. FEATURE EXTRACTION

3.1.1. Motion history image (MHI)

The MHI functions as a compact motion template for
static 2D images that is derived from spatio-temporal
(3D) information in an image sequence. The MHI com-
presses temporal motion patterns into a single image,
where the intensity of each pixel corresponds to the
recency and frequency of motion. It is generated by
computing consecutive frame differences, which are
accumulated to form temporal layers merged into one
static intensity image.

MHI is constructed using the following definition

givenin [12]
Tif 1(i,j,t)=1

MHI, = {m({x(((),{l/ll-;lr(i,j,t - 1) — 1),otherwise (1)

In this formulation, the binary image I (i, j, t) is com-
puted as the frame-difference map between successive
images, and the parameter t represents the temporal
duration of motion accumulation. MHI is known to be
robust against noise, partial occlusion, missing body
parts, and shadows [43]. Since it encodes the entire
temporal motion history into a single 2D matrix, the
representation is computationally efficient and well-
suited for dynamic motion characterization. The con-
struction process of the MHI is illustrated in Fig. 2. Fig.
2(a) represent a sample frame depicting the activity
‘answering a phone call’ The resulting MHIs, however,
may contain noise, making preprocessing and noise-
removal steps essential before further analysis.

The construction of the MHI is shown in Fig. 2. Fig. 2(a)
illustrates a representative frame of the action "drinking
water," while Fig. 2(b) displays the corresponding MHI.
The presence of noise in the generated MHIs highlights
the need for preprocessing to remove unwanted arti-
facts. First, an opening operation is applied to eliminate
background noise caused by variations in illumination
and lighting conditions. Next, blob analysis is performed
to determine the size of each connected component in
the MHI. Blobs with an area of approximately 10 x 10
(100) pixels are removed to suppress insignificant mo-
tion regions. The final, noise-reduced MHIs obtained af-
ter these preprocessing steps are shown in Fig. 2(d)

(a)
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(b)

()

(d)

Fig. 2. lllustration of construction of MHI (a)
representative frame of drinking water (b) MHI of
drinking water. (c) MHI after opening operation. (d)
MHI after blob analysis

3.1.2. Detection of Key Points

Over the past decade, several spatio-temporal inter-
est point detectors have emerged in computer vision,
demonstrating strong performance in action recogni-
tion tasks [16]. We utilized the well-known 2D Harris
corner detector [44] to extract interest points from the
video sequence. Due to its invariance to illumination
changes, rotation, and moderate scale variations, it be-
comes more suitable for action recognition. The local
auto-correlation of the image function I (x, y) is calcu-
lated to determine the interest points. In this approach,
a little shift in either direction of the image function IM
(i, j)is analysed.

It is defined as follows.

C(u' U) o= Zi,j M(l'])

M@ +w,j+u) —IM®,)]? o

Following the detection of key points, a standard
KLT tracker is employed to track them across consecu-
tive video frames. To address issues with unreliable key
points and noisy or unstable trajectories, the MHI is
used as a masking mechanism during tracking. In our
implementation, key points are tracked over a range of
15 to 30 frames.
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Fig. 3(a) shows the trajectories of tracked key points
without MHI as mask for the activity "answer a phone
call" Fig. 3(b) displays the trajectories of key points with
the MHI mask applied, and it shows that the unreliable
trajectories are effectively removed.

(b)

Fig. 3. Example of tracked key points with and
without MHI a mask (a) tracked key points without
MHI (b) tracked key points with MHI mask

3.2. FEATURE DESCRIPTOR

HODD and MHI-HODD feature
descriptor

3.2.1.

Within the literature, Histogram of Oriented Gradi-
ent (HOG) and Histogram of Optical Flow (HOF) feature
descriptors are extensively utilized in human detection
and action recognition [45-47]. HOG constructs a his-
togram of gradient vectors by quantizing their orien-
tations, effectively capturing structural details along
edges. Motivated by the limitations of HOG and HOF
in capturing richer directional information, we imple-
mented HODD, which extracts not only appearance
and structural information but also directional infor-
mation along multiple orientations defined by a unit
vector, in addition to the normal direction. In our pro-
posed framework, HODD describes the local structure
and appearance characteristics of both the MHI and
the intensity image. The calculation of HODD is per-
formed by assessing the directional derivative along a
unit vector v, as presented in the following equation:

DDyf(a) = (Vf(a),v) 3)

D=a.cos 0 +a,sinf—nw<o<m (4)

Each key point in the MHI and the intensity image
is characterized by a neighbourhood window of size
w, Wy)centered at the key point. This window is fur-
ther divided into non-overlapping sub-windows of
size (m,, my). In the proposed method, we select only
those tracked key points exhibiting recent motion (MHI
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intensity > threshold) for descriptor computation, en-
suring the use of motion-relevant regions. The local ap-
pearance and motion information are then described
using HODD at each selected key point in both the MHI
(illustrated in Fig. 4) and the intensity image.

In our experiments, we set the window size to 32 x
32 and the sub-window size to 8 x 8. We utilized 9 bins
for the HODD computed on the intensity image and an
additional 9 bins for the HODD computed on the MHI.
The final feature vector was formed by concatenating
and normalizing the histograms of all sub-windows, re-
sulting in a compact yet discriminative representation.

3.2.2. Trajectory shape descriptor

To depict the shape of trajectories, we adopted a shape
descriptor introduced by Wang et al. [47], which is spe-
cifically designed to capture fine-grained local motion
variations along the trajectory path. In our approach, in-
terest points were monitored over a timeframe ranging
from 15 to 30 frames. Describing the trajectory’s shape,
with a length of L, involves representing it through a se-

quence of displacement vectors @av,...Av._ ), where:

AV = (Vi1 = Vi) = (w1 — Ly Jee1 — Je) (5)

The length of the feature vector is therefore 2xL for a
trajectory consisting of L points. By integrating the nor-
malized appearance and structural descriptors (HODD
from the intensity image) with the temporal descrip-
tor (MHI-HODD) and the motion descriptor (trajectory
shapes), we construct a unified composite feature vec-
tor that captures spatial, temporal, and motion-specific
information in a complementary manner.

3.3. ACTION CLASSIFICATION

In Sections 3.1. and 3.2., we illustrated the extraction
and description of features through the use of MHI-
HODD and the shape of trajectories, which collectively
capture structural, appearance, and motion information.
Action classification is performed using a BoVW model
alongside a multiclass SVM [48] classifier. Both the MHI-
HODD descriptors and the trajectory-shape descriptors
are used to construct visual vocabularies, allowing each
video sequence to be represented as a frequency histo-
gram of feature occurrences. In the training videos, his-
tograms are generated for all vocabulary words. These
histograms are then used to train an SYM model capable
of recognizing actions in the test videos.

We used a leave-one-out cross-validation (LOOCV)
strategy for classification in our experiment. Within
this scheme, samples from a single class are iteratively
used as test data, while the remaining samples consti-
tute the training set, and predictions are made using
the trained model. Subsequently, for M classes, an MxM
confusion matrix is created, comparing the input class
samples with the predicted class labels and categoriz-
ing them as false positive (FP), false negative (FN), true
positive (TP), and true negative (TN). The overall classi-
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fication performance is quantified using the following
expression for average accuracy:

TP +TN
Average Accuracy = TP+ TN +FP + FN

4. RESULT AND DISCUSSION

(6)

4.1. RESULTS ON URADL DATASET

The URADL dataset contains 150 high-resolution in-
door video clips representing ten Activities of Daily Liv-
ing (ADL). Five individuals perform each activity three
times, and all recordings were captured using a static
RGB camera to support the evaluation of action-recog-
nition methods. The activities include: Answer Phone
(A1), Chop Banana (A2), Eat Snack (A3), Dial Phone (A4),
Drink Water (A5), Peel Banana (A8), Use Silverware (A9),
and Write on Board (A10).

To maintain consistency with existing approaches, we
employed a five-fold leave-one-person-out (LOPO) eval-
uation strategy. In this method, one individual’s samples
are used exclusively for testing, while the remaining
subjects’ samples form the training set. Results are aver-
aged across all five folds. For MHI construction, 30-40
frames were considered, and key-point trajectories were
tracked over 30 frames. Table 1 summarizes the compar-
ative performance of our approach, which achieved an
overall accuracy of 95.4% on the URADL dataset.

We further evaluated different codebook sizes and
selected a size of 1000 as an optimal balance between
computational efficiency and recognition performance.
The confusion matrix in Fig. 4 highlights misclassifications
involving similar actions, such as "eat banana," "eat snack,’

"dial phone," and "answer phone'

Table 1. Comparison on existing methods

(URADL Dataset)
Method Classification Accuracy
Messing R et al. [9] 89.3%
Wang H. et al. [47] 92.7%
YanY. et al. [49] 88.1%
Avgerinakis K. et al. [50] 94.4%
Selmi et al. [51] 93.3%

Proposed method 95.4%

Al({UEe»40.00 0.00 0.05 0.03 0.00 0.00 0.00 0.00 0.00
A2(0.00 pH¥#10.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
A3(0.00 0.00[¢XX30.00 0.00 0.06 0.00 0.00 0.00 0.00
A4/0.08 0.00 0.00[¢X#30.00 0.00 0.00 0.00 0.00 0.00
A5/0.08 0.00 0.00 0.00 (¢8=240.00 0.00 0.00 0.00 0.00
A6(0.00 0.000.03 0.00 0.00[(¢%=X%30.00 0.03 0.00 0.00
A7(0.00 0.00 0.00 0.00 0.00 0.00 pXt#]0.00 0.00 0.00
Ag(0.00 0.00 0.00 0.00 0.00 0.05 0.00 (t&=s30.00 0.00
A9(0.00 0.00 0.00 0.00 0.05 0.00 0.00 0.00 (t8#30.00

A10/0.00 0.000.000.00 0.00 0.00 0.00 0.00 0.00 pXey
Al A2 A3 A4 A5 A6 A7 A8 A9 Al0

Fig. 4. Confusion matrix of codebook size 1000
codeword'’s
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In contrast, actions including "chop banana’, "look up in
phone book’, and "write on whiteboard" were recognized
with 100% accuracy.

4.2. RESULTS ON KTH DATASET

The 600 video clips in the publicly available KTH da-
taset represent six different actions: walking (Walk),
jogging (Jog), hand waving (HW), boxing (Box), and
hand clapping (HC). A total of twenty-five people
performed these actions in both indoor and outdoor
environments. We used a conventional evaluation
configuration to assess our proposed method’s perfor-
mance [7, 16,42, 471. In this setting, the first 16 subjects
were used for training, while the remaining 9 subjects
were reserved for testing. For MHI computation, 15-25
frames were utilized, and key-point trajectories were
tracked over 15 consecutive frames.

Table 2 presents a comparative analysis with exist-
ing methods, showing that our proposed approach,
which employs the composite feature descriptor, per-
forms among the best on the KTH dataset. Our method
achieved an accuracy of 95.83% using a codebook size
of 1000 visual words. Furthermore, it was observed that
increasing the codebook size beyond this value did not
yield any significant improvement in accuracy.

Fig. 5 displays the action recognition confusion matrix
for the KTH dataset, where similar actions such as boxing,
hand clapping, jogging, and running sometimes exhibit
misclassification. Our proposed technique achieved an
average recognition rate of 95.83%, demonstrating its
robustness on this benchmark dataset.

Table 2. Comparison of existing methods on KTH

Dataset
Method Classification accuracy
Laptev I. [16] 91.8%
Zhang Z. et al. [46] 93.5%
Zare A. et al.[52] 93.63%
Selmi M. et al. [51] 95.8%
Al-Berry et al. [7] 96%
Uddin M. A [53] 96.5%
Khan, M.A et al. [54] 97%
Garg A.etal [33] 96.24%
Khater S. et al.[55] 98.5%
Proposed Method 95.83%
Box 0.00 0.00
HW 0.00 0.00
HC 0.00 0.00

0.00

jog| 0.00 0.00 0.00

runf 0.00 0.00 0.00

Box HW HC wal iog run

Fig. 5. Confusion matrix for codebook size 1000
codeword'’s
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4.3. RESULTS ON WEIZMANN DATASET

The The Weizmann dataset is a widely used bench-
mark for evaluating human action recognition meth-
ods [16]. It contains nine distinct actions performed
by ten individuals. The actions include: Walk (A1), Run
(A2), Jump Jack (A3), Bend (A4), Jump (A5), Jumping in
Place (A6), Sideway Jump (A7), One-Hand Wave (A8),
and Two-Handed Wave (A9). Table 3 presents a per-
formance comparison using the Weizmann dataset
alongside existing approaches. The results show that
our proposed method achieves 100% classification ac-
curacy using the combined feature descriptor, placing
it among the top-performing methods on this dataset.

Table 3. Comparison of existing methods on
Weizmann Dataset

Method Classification accuracy

Gorelick etal. [11] 97.5%

Melfi et al. [56] 99.02%
Al-Berry et al. [7] 91.4%
Vishwakarma [57] 100%
Zare etal. [52] 100%
Garg et al. [33] 93.39%
Khater et al. [55] 99.2%

Proposed method 100%

Fig. 6 shows the confusion matrix for a codebook
with 1000 codewords.

A1 R 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
0.00 pHueY 0.00 0.00 0.00 0.00 0.00 0.00 0.00
A310.00 0.00 pKeY 0.00 0.00 0.00 0.00 0.00
A410.00 0.00 0.00 pKtsy 0.00 0.00 0.00 0.00 0.00
0.00 0.00 0.00 0.00 pK«¥0.00 0.00 0.00 0.00
0.00 0.00 0.00 0.00 0.00 0.00 0.00
A7(0.00 0.00 0.00 0.00 0.00 0.00 g¥u¢]
0.00 0.00 0.00 0.00 0.00 0.00 0.00 PNV

A9(0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 pwuy
Al A2 A3 A4 A5 A6 A7 A8 A9

Al

7

A

)

Al

o0

Fig. 6. confusion matrix for codebook size 1000
codeword’s on Weizmann dataset

Although our framework, along with those proposed
by Vishwakarma et al. [57] and Zare et al. [52], all reach
perfect accuracy, their underlying approaches differ sig-
nificantly. Vishwakarma et al. focus on modeling action
dynamics using motion energy and temporal gradients.
While this is highly effective for simple, single-person,
and background-controlled datasets like Weizmann,
their reliance on handcrafted motion information re-
duces robustness under camera motion, illumination
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variation, or multi-subject scenarios. Zare et al. employ
a deep CNN-based spatiotemporal mapping model that
learns compact features directly from raw frames. De-
spite its strength, such deep methods typically require
large training datasets, greater computational resources,
and may overfit when sample sizes are limited.

In contrast, our approach integrates global (MHI-
HODD), local (intensity-HODD), and trajectory-shape
descriptors into a unified Bag-of-Visual-Words (BoVW)
and SVM framework. While achieving perfect accuracy
on Weizmann, it also demonstrates superior robust-
ness and generalization across more challenging data-
sets such as URADL (95.4%) and UCF101 (89%), making
it both computationally efficient and interpretable.

4.4. RESULTS ON UCF 101 DATASET

To demonstrate the robustness and generalization ca-
pability of our proposed method, we evaluated it on the
more challenging and complex UCF101 dataset, which
consists of 101 action classes. Our approach performed
competitively and achieved an accuracy of 89%.

4.5. SENSITIVITY ANALYSIS

Following parameters are considered for sensitivity
analysis:

«  Window size of HODD descriptor: 16x16, 32x32
and 64x64

Number of frames used to construct MHI-15, 30
and 45 Frames

Trajectory tracking Length (frames): 15, 20, 25, 30
frames

Codebook Size : 500, 1000, 1500 and 2000.

Parameter sensitivity analysis indicates that the per-
formance of our HAR approach remains stable across a
broad range of parameter settings. However, window
size, number of orientation bins, and trajectory length
emerge as the most influential factors affecting both
accuracy and computational complexity. In particular,
window sizes smaller than 32x32 or excessively large
lead to a noticeable decline in recognition accuracy.
The choice of 9 orientation bins offers the best bal-
ance between feature discriminative power and com-
putational efficiency. Similarly, a trajectory length of
approximately 20-25 frames yields optimal accuracy
and robustness. The analysis confirms that our method
is resilient to moderate deviations from these optimal
values, demonstrating strong practical applicability
across diverse real-world scenarios

5. CONCLUSION

This paper introduces an integrated framework that
combines appearance and structural (spatial) features
with motion features (temporal and shape of trajecto-
ries). The appearance and structural information of key
points is effectively captured by our HODD descriptor.
Through combining our proposed descriptor with MHI
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and trajectory shape, we obtained more informative
and discriminative spatial and temporal descriptor for
key points. The trajectories shapes along the MHI ex-
hibit greater robustness because of the predominant
motion information along the moving object. The ex-
perimental outcomes unequivocally illustrate that the
proposed method adeptly distinguishes between simi-
lar actions in the KTH dataset, such as walking, jogging,
and running. The KTH, ADL (URADL), Weizmann and
UCF 101 datasets yield classification rates of 95.83%,
95.4%, 100% and 89% respectively. Our forthcoming
research endeavor’s will concentrate on recognizing
additional Activities of Daily Living (ADL).
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Abstract - Rapid technological developments demand compact, lightweight, and high-performance wireless communication
components, necessitating efforts to optimize multiband antenna technology that ensures affordable access across a wide range of
modern applications. Multiband antennas can operate at several different frequencies in a variety of applications, reducing the number
of antennas used, saving space and costs. This study compares five models of microstrip Log-Periodic Antenna (LPA) using modified
rectangular geometry, namely model 1 (U-shaped), model 2 (S-shaped), model 3 (O-shaped), model 4 (full rectangle), and model 5
(rhombus-shaped). The five antennas were constructed with identical substrate dimensions, differing just in the configuration of the patch
radiator, and were simulated using a full-wave electromagnetic solver (CST Studio Suite) at a frequency range of 3-11 GHz, utilizing a dual-
layer Rogers RO4003C substrate to enhance radiation efficiency and stability. Analysis is carried out on parameters such as return loss,
surface current, radiation pattern, and directivity. Antenna models 1 to 5 produce 4,7,5,5, and 8 different Multiband frequencies. Model 5
provides eight resonance frequencies at 2.4, 3.0, 3.7, 5.7, 7.6, 10.0, 10.5, and 10.9 GHz, with a minimum reflection coefficient of —37.86 dB at
5.7 GHz and a peak directivity of 9.21 dBi at 4 GHz. Additionally, the results of measurement and simulation of the Model 5 were compared,
with some fulfilling the specified criteria. The findings indicated that all five antennas are capable of functioning at multiband frequencies,
rendering them appropriate for diverse communication technologies and applications such as, loT, UAVs, radar, and others.

Keywords: gain antenna, Log-periodic antenna, microstrip, multiband, UAV
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1. INTRODUCTION

The rapid evolution of communication and radar
technology has intensified the need for compact, light-
weight, and high-performance wireless communica-
tion components. Antennas, as critical elements for
data transmission, must satisfy physical constraints
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while delivering stable multiband operation across
dynamic environments [1]. Multiband antennas can
be used in mobile devices to support multiple wireless
technologies for applications such as: Radio communi-
cations (VHF, UHF), Satellite communications (C-band,
Ku-band, Ka-band). They can be used in Internet of
Things (IoT) devices to support multiple wireless tech-
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nologies, such as Wi-Fi, Bluetooth, and Zigbee. 5G [2]
and LoRaWAN [3, 4]. Multiband antennas can also be
used to support communication between unmanned
aerial vehicles (UAVs) and ground control stations on
several different frequencies, such as: L-band (1-2 GHz),
S-band (2-4 GHz), C-band (4-8 GHz), X-band (8-12 GHz)
[5-9]. Multiband antennas are also used in UAV radar
systems to detect and track targets on several different
frequencies in the Ku-band (12-18 GHz) and Ka-band
(26.5-40 GHz)[10-12].

Furthermore, multiband antennas are used to sup-
port UAV navigation by receiving signals from several
navigation systems, such as: Global Positioning Sys-
tem (GPS) on sub-bands L1: 1575 MHz, L2: 1227 MHz,
Global Navigation Satellite System (GLONASS) within
frequencies L1: 1602 MHz, L2: 1246 MHz) and UAV sat-
ellite communications on several different frequencies,
as well as in UAV remote sensing systems to detect and
analyze data on several different frequencies in the
L, S, and C bands. Thus, multiband antennas can im-
prove performance and flexibility, including UAV and
airborne technologies and various communications,
radar, surveying, monitoring, and remote sensing ap-
plications [13-15].

The antenna is a crucial component that must be ad-
justed to fulfill the requirements of wireless standards
for application sharing, as it serves as the front end of
communications and radar systems. Diverse methodolo-
gies have been established to enhance antenna efficacy
and achieve multiband frequency performance, includ-
ing reconfigurable techniques utilizing external com-
ponents or incorporating supplementary structures. In
antenna design, substrate selection plays a critical role.
Rogers RO4003C substrate material has advantages at
higher frequencies compared to FRA4. Its superior dielec-
tric characteristics and low loss make it a preferred sub-
strate for designing multiband antennas across a wide
frequency range. Enhancements such as slot-loading,
parasitic stubs, and fractal patterns have further im-
proved impedance matching and radiation properties.

Many researchers have designed antennas that can
work at multi-band frequencies, including antenna
designs that use flexible materials that can work at
terahertz frequencies [16]. The antenna is small in size
because it operates at terahertz frequencies, and pro-
duces two frequency band at 123 GHz and 180 GHz.
A distinct multiband antenna design at terahertz fre-
quencies has been achieved [17] by generating two
multiband frequencies at 9.53 GHz and 24.19 GHz, at
0.6 and 0.7 THz [18], and at 0.65 and 1.13 THz [19]. A
substantial amount of research has been undertaken in
antenna design to generate multiband frequencies in
the millimeter and terahertz regions, utilizing particu-
lar materials appropriate for high-frequency applica-
tions while maintaining minimal antenna dimensions.
Recent investigations on multiband antennas function-
ing at microwave frequencies have been constrained,
however they are in high demand due to their applica-
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bility across numerous domains. The design of the mi-
crostrip antenna has been carried out in [20] and can
work in 3 frequency bands, namely 23.9 GHz, 35.5 GHz
and 70.9 GHz. A meanderline antenna integrated with
a shorting pin can produce multiband frequencies at
2.2 GHz, 3.5 GHz, 4.2 GHz, 4.95 GHz, and 5.6 GHz. How-
ever, the meanderline structure and the presence of ex-
ternal components make the design somewhat more
complex.

A meanderline antenna integrated with a shorting
pin can produce multiband frequencies at 2.2 GHz, 3.5
GHz, 4.2 GHz, 4.95 GHz, and 5.6 GHz [21]. Nevertheless,
the design is more complicated as a result of the me-
anderline structure. Microstrip patch antennas using
Defected Ground Structure and reconfigurable tech-
niques have been developed to achieve multiband fre-
quency distribution. However, the additional external
components complicate the design [22].

Consequently, this investigation suggests the study
performance of the log-periodic antenna for multiband
applications. Five LPA models with different patch ge-
ometries are designed and compared in terms of re-
flection coefficient, surface current distribution, radia-
tion pattern, and directivity. We also compare simula-
tion and measurement results. The main contributions
of this paper are:

«  Five different LPA models with patch shape varia-
tions are designed to determine the differences in
the number of frequency resonances that occur at
frequencies of 3-11 GHz. The basic patch antenna
is rectangular in shape, which is modified to form
5 different models, namely U shape (model 1), S
shape (Model 2), O shape (Model 3), full rectangu-
lar shape (Model 4), and rhombic shape (Model 5).

The performance of the five antenna models is
compared with previous references to determine
which model produces the highest number of
resonance frequencies and the best minimum S11
performance, as well as directivity and antenna ap-
plication performance.

2. ANTENNA DESIGN

The proposed log-periodic microstrip antennas are
fabricated on a Rogers RO4003C substrate with a thick-
ness of 0.8 mm, a relative permittivity of er = 3.55, and
a copper layer thickness of 0.035 mm. The substrate
dimensions are 173 x 70 mm. Five antennas equipped
with square-patch radiators, designated as LPA Model
1 through Model 5, are examined. All models utilize the
same double-substrate configuration, featuring feed-
ing width (fw) of a 3-mm-wide 50-Q microstrip input
line positioned along the center of the upper substrate.
The ground plane and microstrip line are depicted in
Fig. 1, while Fig. 2 illustrates the various radiator patch
geometries employed in Models 1-5. We designed five
different radiator shapes that are basically rectangular.
Model 1 is a rectangular shape that resembles the letter
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U (as shown in Fig 2a), Model 2 possesses the letter S (as
shown in Fig 2b), The Model 3 corresponds to the letter
O (as seen in Fig 2c), Model 4 is a full rectangular shape
(as revealed in Fig 2d) and Model 5 is a square shape
like a rhombus(as illustrated in Fig 2e). All models are
composed of 15 elements ranging from small to large
in size with a graduated size. All structures are modeled
within the frequency range of 3 to 11 GHz and are op-
timized to achieve multiband operation, with [S11] less
than -10 dB at multiple discrete frequency bands. All
simulations were performed utilizing CST Studio Suite
with open (radiation) boundary conditions and a dis-
crete frequency scan ranging from 3 to 11 GHz.

(a)

(b)

Fig. 1. Back and middle view: (a) transmission line
between two substrate, (b) ground plane of antenna
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Fig. 2. Log Periodic Antenna geometries: (a) Model 1,
(b) Model 2, (c) Model 3, (d) Model 4, (e) Model 5

3. RESULTS

The multiband behavior of antenna structures arises
from the sequential activation of radiators of varying
dimensions as the frequency escalates. Log Periodic An-
tennas can generate multiband capabilities due to their
physical configuration, which comprises several dipole
elements of differing lengths. The signal will traverse
the small components at the front and be received by
the elongated components at the rear. The segment
of the antenna responsible for receiving this signal is
termed the active region. This active region will oscillate
along the antenna shaft based on the frequency of the
received signal. Each component of a Log Periodic an-
tenna is precisely dimensioned to resonate at a certain
frequency, adhering to the half-wave formula (A/2). The
rearmost (longest) element establishes the minimum
frequency limit that can be received. The foremost part
establishes the maximum frequency limit that can be
received. The central element occupies the frequency
void. Log Periodic Antennas are multiband and broad-
band due to their design, which incorporates elements
that correspond to each frequency throughout their
length, enabling signal resonance.

From the simulation results, the antenna reflection
coefficient performance can be seen in Fig. 3, name-
ly S,, of LPA (a) Model 1, (b) Model 2, (c) Model 3, (d)
Model 4, and (e) Model 5. From the simulation results,
the reflection coefficient performance in different mul-
tibands is obtained. Model 1 produces 4 multiband fre-
quencies (at 3 GHz, 4.3 GHz, 6.27 GHz, and 6.78 GHz)
with a minimum reflection coefficient value of -21.21
dB at 3 GHz. Model 2 has 7 multiband frequencies at
3 GHz, 4.5 GHz, 6 GHz, 6.79 GHz, 7.62 GHz, 8.71 GHz,
and 9.12 GHz with a minimum S11 of -25.8 dB at 4.5
GHz. The 3 GHz frequency can be used for Wi-Fi, LTE,
radar, and satellite communications, while the 4.5 GHz
frequency can be used for Wi-Fi, radar, and military
communications.
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Fig. 4. Radiation pattern Polar plot at Phi=0° of LPA: (a) model 5 compared to model 1 at 4 GHz, (b) model 5
compared to model 2 at 4 GHz, (c) model 5 compared to model 3 at 4 GHz, (d) model 5 compared to model
4 at 4 GHz, and (e) model 5 compared to model 4 at 5.7 GHz,and model 5 at frequency: 7,8,9 GHz
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Model 3 has 5 resonance frequencies at 3.48 GHz, 3.96
GHz, 4.4 GHz, 5 GHz and 5.97 GHz with a minimum reflec-
tion coefficient of -31.16 dB at 3.48 GHz, Model 4 has reso-
nance frequencies in 5 bands (with S11 < -10 dB at 3.48
GHz, 3.95 GHz, 4.93 GHz, 5.73 GHz and 10.51 GHz) and has
aminimum S11 at a frequency of 5.73GHz of -28.9 dB.

The 3.48 GHz frequency can be used for Wi-Fi 6, Fixed
Wireless Access (FWA), and loT due to its high speed,
low latency, and stable connectivity on mobile devices.
However, Model 5 has 8 multiband frequencies that
have a minimum reflection coefficient of -37.86 dB at
a frequency of 5.7 GHz. However, Model 5 has 8 mul-
tiband frequencies at 2.4 GHz, 3 GHz, 3.7 GHz, 5.7 GHz,
7.6 GHz, 10 GHz, 10.5 GHz, and 10.9 GHz. Model 5 has
the minimum reflection coefficient of -37.86 dB at a fre-
quency of 5.7 GHz. The 5.7 GHz frequency can be used
for communication, surveying, surveillance, and radar
on UAVs and airborne. It has high resolution in tracking
objects, has good penetration detection capabilities,
and is more stable in various weather conditions.

Fig. 4 shows comparison of radiation polarization in
the form of polar plots of several model forms against
model 5. We elected to demonstrate the radiation pat-
tern comparison in Fig. 4 (a) - (d) at 4 GHz since this is
the frequency at which the Model 5 reaches the highest
level of mainlobe magnitude. At 4 GHz frequency, mod-
els 1 and 2 have mainlobe magnitude of 7.29 dBi and
7.31 dBi. While the mainlobe direction of Model 1 and
Model 2 is 210 and 80. Side Lobe Level (SLL) of Model
1 and Model 2 at 4 GHz frequency is -15.4 dB and -14.8
dB. At 4 GHz frequency, Mainlobe magnitude of Model
3is 6.35 dBi, with main lobe direction 20, angular width
117.50, and SLL -14.5 dB. While, model 4 has a main lobe
magnitude of 5.56 dBi with mainlobe direction 140 and
SLL-13.7 dB. At 4 GHz, LPA Model 5 produces a mainlobe
9.21 dBi, with mainlobe direction 210, angular width
46.60, and -16.3 dB. At 4 GHz, Model 5 has the best main-
lobe directivity and SLL compared to the other models
of -16.3 dB. However, Model 3 has the best mainlobe
direction, which is 20. This indicates that the direction
of the mainlobe is only slightly shifted from the center.
Fig. 4 (e) is a comparison of the radiation pattern in the
form of LPA polar plot at a frequency of 5.7 GHz for LPA
Model 5 and Model 4. It can be seen from the figure that
by making a rhombus-shaped radiator (Model 5) can in-
crease the mainlobe by 3.34 dBi compared to a rectan-
gular radiator (Model 4). Fig. 4 (f) depicts the radiation
pattern of model 5 at frequencies of 7, 8, 9 GHz with
mainlobe magnitudes of 6.37 dBi, 7.33 dBi and 8.16 dBi
and mainlobe directions of 470, 390 and 90. While the
SLL of Model 5 at these frequencies are -0.5,-3.3, and -6.2
dB, respectively. At a frequency of 7 GHz the radiation
pattern performance of Model 5 decreases compared to
frequencies of 4, and 5.7 GHz but increases at frequen-
cies of 8and 9 GHz. From Fig. 4 (f) it can also be seen that
there is an increase in the performance of the main lobe
direction and SLL of the model 5 antenna at frequencies
of 7.8 and 9 GHz.
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Fig. 5 illustrates the surface current distribution for
each model. Surface current refers to the electric cur-
rent flowing across the antenna surface.

surface current (f=3) [1]
Component  Abs
Frequency 3GHz

Phase

Maximum (Plot)  489.157 A/m

surface current (f=5.7) [1] &

Component Abs
Frequency 57GHz
Phase 0*
Maximum (Plot)  125.244 A/m

(e)

Fig. 5. Surface Current performance of LPA: (a)
Model 1, (b) Model 2, (c) Model 3, (d). Model (4) and
(e) Model 5
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In this study, surface current was observed at differ-
ent frequencies based on the minimum reflection co-
efficient of the antenna as discussed in the previous
section. The surface current visualization shows vary-
ing colors representing intensity: blue (weak), green
(moderate), yellow (strong), and red (very strong).
Model 1 has the lowest reflection coefficient at 3 GHz
and produces a surface current of 489.16 A/m. Model 2
(shaped like the letter S) produces a surface current of
4454 A/m at 4.5 GHz, and Model 3 produces a surface
current of 295.643 A/m at 3.5 GHz. Model 4 produces a
surface current of 148.255 A/m at 5.7 GHz. While Model
5 produces a surface current of 125.244 A/m. Fig. 6 de-

‘ L L L

@z 1 Ld LB
: NN 0T
3 L
g or LPA Model 1
[=]
poo00 0 [ ]
JOUOOT
= LPA Model 3
- It — = =
% ﬂ'__FJ— = c p—
SRS HE ll——:

LPA Model 2

picts the directivity performance vs frequency of LPA
Model 1-5. From Fig. 6, it can be seen that LPA model 5
has greater directivity at most frequencies compared to
other models at most frequencies, namely at 3 GHz, 4
GHz, 5.7 GHz, 6 GHz, 8 GHz, and 10 GHz. At a frequency
of 5 GHz, Model 1 antenna has a directivity only slight-
ly higher than Model 5, namely, the difference is only
0.71 dBi. At a frequency of 7 GHz, there is an increase
in the directivity of model 2 compared to model 5 by
0.966 dBi. At a frequency of 11 GHz, antenna models
1, 2, and 3 have higher directivity than models 5 and
model 4. However, the greatest directivity is located at
a frequency of 4 GHz, obtained by Model 5 of 9.21 dBi.
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Fig. 6. LPA Directivity vs Frequency performance

At a frequency of 4 GHz, the Log Periodic Antenna
Model 5 has a directivity of 9.21 dBi, while Model 4 has a
directivity of 5.56 dBi. This shows an increase in directiv-
ity of 3.65 dBi by making the radiator rhombus-shaped.
Meanwhile, at frequencies of 6 GHz and 8 GHz, Model 5
has an increase in gain of 3.86 dBi and 2 dBi, respectively.
Differences in radiator shape and radiator dimensions
can affect the formation of multi-band frequencies and
affect the directivity performance of the antenna.

Fig. 7 shows a comparison of simulation and mea-
surement results performance of S11 using a VNA.
Antenna fabrication was performed on an LPA Model
5 using Rogers RO4003C material using a PCB etching
process. Prior to measurements, the antenna power
supply was connected to an SMA connector and mea-
surements were taken using a calibrated VNA. It results
show slight differences performance of S11 but they are
similar at some frequencies. The measured results seem
to be slightly better than the simulated results. These
discrepancies are mainly attributed to fabrication toler-
ances in the substrate and etching, small variations in
the dielectric properties, and additional mismatch and
loss introduced by the SMA connector and soldering.
Despite these effects, the measured |S11| remains be-
low —10 dB at the main operating bands, confirming
that the fabricated antenna operates as intended.
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Fig. 7. Comparison of simulation and Measurement
results

Table 1 shows a comparison of the antenna's per-
formance against its corresponding reference. The
antennas [23, 27, 28, 32] exhibit smaller dimensions
and broader bandwidths across each frequency multi-
band relative to our developed antenna; nevertheless,
our antenna features a greater number of multibands,
superior maximum directivity, and enhanced imped-
ance bandwidth (S11) compared to them. Antennas
[24-26, 30-34] exhibit greater bandwidths over many
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frequency multibands; however, they are bigger in size
compared to our developed antenna, which features
more frequency multibands and superior impedance
bandwidth. Table 1 demonstrates that the dimensions
of the model 5 antenna are less than those of models

Ref

[23]

[24]

[25]

[26]

[27]

[28]

[29]

(30]

[31]

[32]

[33]

[34]

[35]

Model 1

Model 2

Model 3

Model 4

Our
purposed
(Model 5)

Volume 17, Number 5, 2026

Antenna size
Substrate

0.034A x 0.004 A
FR4

0.18A % 0.18 A
FR4

0.14A % 0.14 \
FR4

0.175A % 0.09A
FR4

0.048\ x 0.024\
FR4

0.02\ X 0.02 \
FR4

n/a FR4

0.79A x 0.79 A
RT Duroid 5880

0.84A % 0.36 A

0.026A x 0.035 A
FR408

0.35A % 0.35\

0.179A X 0.086 A
FR4

0.16A X 0.08 A
FR4

0.173A % 0.055 A
RO4003

0.173A % 0.055 A
RO4003

0.2\ X 0.064 A
RO4003

0.2\ X 0.064 A
RO4003

0.138A % 0.044 A
RO4003

Table 1. Comparison of Related Studies

freq

900, 1900,
2600, 5200,
5800

1.8,28,5.7,
9.6

12,38, 57

35,58

12,88, 57

24,35,44,
6.09,7.7

24,3.5,5.7

5.7,6,6.45

1.8,24,3.6,
5.8

3.71,4.21,
5.16,6.98,
9.44

233, 3.3,
5.03,6.84,
8.12,9.75

3.7,49

35,55

3,43,6.2,
6.8

3,4.5,6,16,
6,79,7.62,
8.71,9.17

3.48, 3.96,
4.41,5.01,
5.97

3.48,3.93,
5.73,10.5

24,3,37,
5.7,7.6,7.6,
10,10.5,
10.9

Min S11 (dB)

-23
(at 5.8 GHz)

-28.64
(at 5.7 GHz)

-14.7
(at 5.7 GHz)

-15
(at 5.8 GHz)

=15
(at 5.7 GHz)

-9
(at 6.6 GHz)

-25
(at 5.7 GHz)

-13
(at 5.7 GHz)

-20
(5.8 GHz)

-20
(at 5.16 GHz)

-20
(at 5.03 GHz)

-27
(at 5 GHz)

24
(at 5.5 dB)

-15.3
(4.3 GHz)

-15.95
(6.16GHz)

-17.62
(5.97)

-29.4
(5.73)

-38.03
(5.7)

Bandwidth

25.3%, 49.6%,
34.8%

11%, 10.5%, 5.52%,
9.3%

6.72%, 4.3%, 2.44%

11,1%, 13,91%

6.72%, 4.3%, 2.44%

9.16%, 28.7%,
23.18%, 6.45%,
14.2%

150 MHz, 324 MHz
and 1608 MHz

n/a

18.97%, 54.84%,
10.78%

40 MHz,50 MHz,
110 MHz, 80 MHz.
70 MHz

4.72 %, 4.24 %, 3.38
%, 3.95 %, 3.94 %,
and 6.67 %,

5,4%, 4.08%

12,86%, 19.8%

0.65%, 0.93%,
0.64%, 0.73%

1.05%, 1.55%,

0.49%, 1.03%,

8.73%, 0.91%,
2.18%

1.72%, 2.13%, 1.6%,
2.02%, 0.5%

0.95%, 1.37%,
1.22%, 1.05%,
0.76%

0.41%, 0.96%,

0.81%,0.73%,

2.82%, 2.34%,
11.64%

Max Dir &

Max Eff

6.3 dBi
n/a

3.1 dBi
n/a

n/a

13dB
82%

3.78dB
69.18%

2.92 dBi
94.8%

4.33 dBi
n/a

6.26 dBi
n/a

6.38 dBi
41%

5dB
80%

6.48 dBi
n/a

5dBi
75%

3.2 dBi
78%

8.55 dBi
52%

7.3 dBi
30%

8.3 dBi
64%

7.04 dBi,
60.4%

9.2 dBi
84%

1 through 4. Antenna 5 possesses a greater number
of frequency multibands, superior impedance perfor-
mance, and enhanced gain and efficiency compared to
models 1 through 4. This concludes that the antenna
can be recommended for multiband applications.

Application

GSM (880-960 MHz), DCS, PCS, UMTS,
2.4 GHz WLAN, WiMAX, 5 GHz WLAN
(5725-5825 MHz)

GNSS (1.6 GHz), WiMAX (2.5 GHz), WLAN
(5.8 GHz), X-band (9.5 GHz)

L-band (1.2 GHz), WLAN (5.7 GH2)

5G Sub-6 GHz MIMO, LTE-U/LAA,
Smartphone,Massive MIMO 10x10

GSM, GPS, Galileo, DCS, PCS, UMTS, LTE
2300/2500, WLAN, WiMAX, 5G sub-6 GHz

Bluetooth, WLAN 2.4 & 5.8 GHz, WiMAX,
LTE, ITS 5.9 GHz, X-band comm

WBAN (Wireless Body Area Network), ISM
2.4 &5.7 GHz, UWB 3.5 GHz

WLAN 5 GHz, ISM 5.725-5.875 GHz,
C-Band Comm, Triplexer Systems

NB-1oT/ISM/5 G

Wireless Communication

5G/X Band

MIMO 5G Communication

5G Smart Phone

Wifi, 5 G, Radar (3GHz), FWA, IoT (4.3 GHz)
and Wi-fi 6E and Industrial Appl.

5G, Wifi (3GHz), Radar, Military
communication (4.5 GHz, 7.6 GHz), Wifi
6E (6 GHz), Remote sensing (8.7 GHz),
Navigation (9 GHz), UAV, Airborne Radar

5G, FWA, IoT (3.5 GHz), Satellite
communication, radar (4GHz), 5G
(4.4GHz), Wifi, Radar (5 GHz), Wifi 6E and
FWA (6GHz)

Wifi, 5 G, Radar (3GHz), Satellite Comm (4
GHz), Wifi, Radar (5 GHz), Remote sensing,
UAV communication (10 GHz)

Wifi (2.4 GHz), 5 G, Radar (3GHz, 3.6 GHz),

Satellite (4 GHz), Wifi, Radar (5 GHz), UAV

communication (5.7 GHz), Airborne radar,
remote sensing (9 and 10 GHz)
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Table 1 shows a comparison of the antenna's per-
formance against its corresponding reference. The
antennas [23, 27, 28, 32] exhibit smaller dimensions
and broader bandwidths across each frequency multi-
band relative to our developed antenna; nevertheless,
our antenna features a greater number of multibands,
superior maximum directivity, and enhanced imped-
ance bandwidth (S11) compared to them. Antennas
[24-26, 30-34] exhibit greater bandwidths over many
frequency multibands; however, they are bigger in size
compared to our developed antenna, which features
more frequency multibands and superior impedance
bandwidth. Table 1 demonstrates that the dimensions
of the model 5 antenna are less than those of models
1 through 4. Antenna 5 possesses a greater number
of frequency multibands, superior impedance perfor-
mance, and enhanced gain and efficiency compared to
models 1 through 4. This concludes that the antenna
can be recommended for multiband applications.

4. CONCLUSION

This study presented a comparative analysis of five
log-periodic microstrip antennas with different square-
patch geometries designed to operate between 3 and
11 GHz. The simulations demonstrate that Model 1
creates four multiband frequencies, Model 2 produces
seven, Model 3 produces five, Model 4 produces five,
and Model 5 produces eight operational bands with
|S11]<—10 dB. Model 5 produces 8 resonance frequen-
cies at 2.4, 3, 3.7, 5.7, 7.6, 10, 10.5 and 10.9 GHz with
the best impedance, minimum |S11| of —37.86 dB at 5.7
GHz, and the highest directivity of 9.21 dBi at 4 GHz.
Model 5 was fabricated and measured, and the mea-
sured S11 curve agrees reasonably well with the simu-
lation. Compared with previously reported multiband
antennas, the proposed Model-5 LPA offers more res-
onant bands, a minimum resonance frequency at 5.7
GHz, and higher directivity while keeping a simple, sin-
gle-feed structure, making it suitable for multistandard
communication and radar applications such as Wi Fi,
5G, UAV, and remote-sensing systems. Future work will
focus on measuring radiation patterns and efficiency,
further optimizing the radiator shapes, and integrating
the proposed antenna into complete communication
and radar front-ends.
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Abstract - As a result of the growing requirement for intelligent and adaptive resource allocation in future wireless networks, the
growing interest in next-generation (NG) wireless networks has promoted the use of sophisticated user clustering methods within non-
orthogonal multiple access (NOMA) systems. This paper proposes a novel deep learning framework based on a Transformer encoder
for efficient user clustering and pairing in downlink NOMA. Instead of relying on text-based tokenization, the numerical channel state
information (CSI) is mapped into dense feature embeddings, which are processed through multi-head self-attention to learn fine-
grained inter-user relationships. This enables the model to capture interference patterns and contextual channel dependencies that
conventional clustering approaches cannot represent. Using user distance, channel gain, SINR, and power allocation, we generated a
synthetic dataset that meets the requirements of 3GPP TR 38.901 for use in evaluating performance in real-world fading conditions. We
compared the performance based on a Transformer encoder approach with standard clustering methods (K-means, Balanced K-means,
DBSCAN). The simulation results indicate that the proposed Transformer-based user clustering framework consistently outperformed
all other clustering methods with respect to the key performance indicators of bit error rate (BER), throughput, user fairness, energy
efficiency, and outage probability. For each of the SNR regimes, we achieved lower BERs, greater potential rate, better fairness indices,
and less outage than the other clustering approaches. These results highlight the strong potential of Transformer-based architectures as
scalable and intelligent solutions for NOMA user clustering and resource optimization in emerging 6G wireless networks.
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1. INTRODUCTION devices simultaneously connecting, enhance the avail-
able spectrum utilization, ensure user fairness, and allo-

The rapidly evolving nature of next-generation wire-  cate resources based on intelligent systems utilized by
less network technologies requires the development of  the network users [1]. Power-domain non-orthogonal
advanced technologies that support large numbers of  multiple access methods are being explored as a po-

Volume 17, Number 5, 2026 397



tential solution to provide these capabilities. In pow-
er-domain NOMA, multiple users can simultaneously
share the same time or frequency resources through
superposition coding and power-domain multiplexing
techniques [2-4]. In downlink NOMA, users with weaker
channel conditions are allocated higher transmit power,
while users with stronger channels are allocated lower
transmit power. Stronger users employ successive in-
terference cancellation (SIC) to decode and subtract the
high-power interfering signals before retrieving their
own data [5, 6]. This hierarchical decoding mechanism
effectively mitigates intra-cluster interference and sig-
nificantly enhances spectral efficiency and connectivity
across heterogeneous environments [7, 8].

The application of NOMA has expanded beyond
physical-layer performance enhancement to support
emerging network architectures and services, includ-
ing mobile edge computing (MEC) and integrated
communication—-computation frameworks [9]. These
studies highlight that efficient user grouping, effective
interference management, and adaptive resource al-
location are fundamental to realizing the full potential
of NOMA in complex and heterogeneous network en-
vironments. To ensure user fairness in NOMA-enabled
systems, recent studies have formulated max-min
optimization problems [10] that aim to maximize the
minimum task computation or service rate among us-
ers. These approaches typically involve the joint opti-
mization of offloading decisions, NOMA decoding or-
der, transmission power allocation, and time resource
scheduling, leading to challenging mixed-integer
and nonlinear optimization problems. Despite these
advantages, the performance of NOMA is strongly in-
fluenced by how users are clustered and paired for re-
source sharing. Poorly selected user groups can result
in degraded throughput, unstable SIC operation, fair-
ness imbalance and increased outage probability [11].

1.1. RELATED WORKS

Traditional pairing schemes such as fixed gain-dif-
ference pairing, distance-based grouping and random
pairing lack adaptability to dynamic wireless environ-
ments and fail to capture multi-dimensional channel
state information (CSI), limiting their effectiveness un-
der mobility, fading and real-world user distribution
conditions [12-14]. To improve adaptability, several
clustering approaches have been investigated. Classi-
cal unsupervised clustering methods such as K-means,
hierarchical clustering and DBSCAN group users based
on statistical similarity in distance or channel gain. K-
means provides simple partitioning but suffers from
sensitivity to initialization and assumes spherical clus-
ter shapes. Hierarchical clustering constructs a tree
like structure of clusters by iteratively splitting user
groups; it often incurs high computational complex-
ity and may not scale efficiently with a large number
of users. DBSCAN identifies clusters of arbitrary shapes
but depends heavily on appropriate density thresholds
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and may be unstable in irreqular topologies [15]. Non-
parametric mean shift clustering automatically discov-
ers cluster modes, yet its computational complexity
increases rapidly with growing user numbers and high
dimensional CSI, reducing its practicality for large-scale
deployments [16, 17].

To overcome these limitations, recent works have in-
corporated deep learning (DL) into NOMA clustering
and pairing. Convolutional neural network (CNN) based
approaches capture spatial CSI features to guide cluster-
ing, while long short-term memory (LSTM) based models
exploit temporal channel variations to support dynamic
user grouping [18-21]. Although these approaches out-
perform classical clustering, their architectural constraints
limit receptive fields in CNNs and sequential process-
ing in LSTMs, which limits their ability to capture global
multi user interactions, which are essential for optimal
NOMA performance. This has led to growing interest in
deep neural networks (DNNs) and graph neural networks
(GNNs) for user association and resource allocation. In [22],
a DNN-driven user clustering strategy for downlink NOMA
was proposed, showing performance gains over heuristic
methods, but their approach requires task-specific super-
vision and retraining under changing network conditions.
However, the proposed method relies on task-specific
supervision and requires retraining when network condi-
tions change. Similarly, GNNs can significantly outperform
traditional clustering methods for user grouping, beam-
forming and power allocation in hybrid NOMA networks.
Recent research indicates that intelligent clustering tech-
niques such as graph-based methods can overcome the
limitations of traditional NOMA pairing techniques [23,
24]. Although graph-based models perform well for struc-
tured relational learning, the applicability of these models
in rapidly evolving wireless environments is limited by re-
liance on predefined graph structures and high computa-
tional requirements.

Recently, transformer architectures have been suc-
cessfully applied to capture global relationships
among high-dimensional features in various applica-
tions. Transformers employ multi-head self-attention
to capture relationships across multiple diverse CSI
features simultaneously, enabling the modeling of
complex feature interactions. In addition, transformers
process users in parallel, unlike recurrent architectures,
which rely on sequential processing, thereby avoiding
delays caused by waiting for prior computations before
processing subsequent users [25-27].

These characteristics of transformers are therefore
suitable for use in wireless applications such as power
allocation with attention-driven methods, resource
scheduling, link adaptation, channel prediction and
6G holistic resource optimization [28]. Moreover, deci-
sion transformer frameworks introduce offline training
with online generalization capabilities for base station
scheduling and radio resource management. Surveys
confirm that transformers are rapidly reshaping ma-
chine learning driven wireless optimization owing
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to their robustness and generalization strengths [29,
30]. The Transformer models have also been applied
to multi-antenna signal processing [31], beam selec-
tion [32], and channel estimation [33]. In a number of
wireless learning tasks, these studies show that self-
attention outperforms conventional convolutional or
recurrent networks in modeling relationships in high-
dimensional signal spaces.

However, despite these advancements, a critical
gap remains, as no existing work provides a unified
transformer based CSI embedding and user clustering
framework specifically designed for downlink NOMA,
integrating contextual CSI representations with adap-
tive clustering and intelligent user pairing. Most exist-
ing studies primarily focus on power allocation, chan-
nel prediction, or general resource optimization but
do not exploit transformer embeddings for NOMA user
grouping. Additionally, prior works seldom provide
comprehensive performance evaluations that include
BER, fairness, throughput, outage probability and en-
ergy efficiency within a single framework. Furthermore,
they do not address interpretability via attention visu-
alization, computational complexity and practical de-
ployment feasibility.

To address these challenges, this work proposes a
transformer encoder based CSI embedding and clus-
tering framework. The proposed approach transforms
raw CSl into contextual embeddings, captures global
dependencies among users through a multi-head self-
attention mechanism, and enables adaptive, similarity
aware user pairing for NOMA systems. The proposed
framework advances NOMA resource allocation while
addressing long standing challenges in scalability, fair-
ness, energy efficiency and interference management.

1.2. MOTIVATION AND CONTRIBUTIONS

From the existing literature, it is evident that tradi-
tional clustering algorithms and classical deep learn-
ing models are insufficient for capturing the dynamic,
non linear and high dimensional characteristics of user
channels in downlink NOMA systems. These limitations
result in suboptimal user pairing, reduced SIC perfor-
mance and degraded system throughput. To address
these challenges, this paper proposes a deep learning
framework for clustering downlink NOMA users that
captures contextual relationships among channel fea-
tures using window-based temporal representations.
The key contributions of this study are detailed below.

« A transformer encoder based framework is pro-
posed for downlink NOMA user clustering to en-
code multi-dimensional CSI into contextual em-
beddings. The proposed transformer-based em-
bedding model is evaluated against conventional
clustering algorithms, including K-means, DBSCAN
and Balanced K-means. In contrast, the transformer
encoder generates robust contextual embeddings
that improve clustering stability, enhance interfer-
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ence awareness and capture complex inter-user
relationships.

« A controlled dataset was created by simulating
user distances using the 3GPP TR 38.901 propaga-
tion models. Each user is represented using realistic
CSI parameters, which include distance to the site,
path loss, propagation channel gain, transmitted
power and signal to interference plus noise ratio
(SINR). This approach provides reliable, reproduc-
ible conditions and allows for practical propaga-
tion modeling to evaluate clustering performance.

«  The system performance was evaluated using key
metrics such as bit error rate, throughput, energy
efficiency, outage probability and fairness index.
The results consistently show that the transformer
encoder based system achieves superior perfor-
mance and more stable SIC operation compared to
traditional clustering techniques.

The rest of this article is organized as follows: Section
2 presents the system model. Section 3 discusses the
proposed architecture and clustering methods. Sec-
tion 4 discusses the simulation results. Lastly, section 5
concludes the article.

2. SYSTEM MODEL

The downlink NOMA system is considered, where a
single base station (BS) serves a set of N users denoted
by U={u,, u,,.., u,} within a single cell. All users experi-
ence distance dependent path loss and Rayleigh fading.
The BS utilizes power domain multiplexing to transmit
data simultaneously to multiple users over the same
time-frequency resources with different power levels as-
signed based on users channel conditions. At the receiv-
er side, a strong user employs successive interference
cancellation to decode its signal, where the receiver first
decodes and removes the high power signal intended
for the weak user before decoding its own signal.

Let the total system bandwidth be B, while the BS
operates under a maximum transmit power constraint
P .The available bandwidth is uniformly divided into
k frequency resource blocks, each with a bandwidth of
Bl/k. Likewise, the total transmission power is equally
allocated, assigning P__/k to each resource block. In
the power domain NOMA, each user experiences a
composite channel gain and is ordered based on chan-
nel gains, where u, experiences poor channel which is
located farthest from the BS and u, is relatively closer
to the BS with a better channel, and this pattern contin-
ues up tou, , whois nearest to the BS and has the stron-
gest channel. Accordingly, the users channel gains are
ordered such that |h,|* < |h,|* <--+|h,|* and power alloca-
tion follows P, > P, >---> P, to ensure that users with
weaker channels receive more power. The BS transmits
a superimposed signal comprising information sym-
bols intended for each user:

X=Z%\I:1\/;181 (1)
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Where P.is the power allocated to user u, with the con-
straint }}V_ P, < P__and s, is the information symbols
intended for user u. The received signal at user u; is:

yi=hix+ni= ZN by VRsi+n; (2)

h.= g, d Vi€{1,2,...,.N}, g, ~CN(0,1) is small-scale fad-
ing, d. is the users distance from the BS, a is the path-
loss exponent, and n, ~CN(0, ¢?) is the additive white
Gaussian noise (AWGN) at user u,. With SIC decoding at
the receiver, the signal-to-interference plus noise ratio
(SINR) at user u, is given by:

B Pilhil?
VIS IN, pyihif2+0? (3)

The throughput for user u, is given by:
Ri=Blog2 (1+Yi) (4)

Where Bis the system bandwidth allocated to the com-
munication channel.

3. PROPOSED ARCHITECTURE

As the number of users increases, the network creates
clusters before implementing NOMA. This study uses a
synthetic CSl dataset generated following the 3rd Genera-
tion Partnership Project Technical Report (3GPP TR) 38.901
propagation model, enabling controlled evaluation un-
der realistic fading, path loss and user mobility conditions.
Since real CSI datasets are rarely accessible due to opera-
tor restrictions, a simulation-based dataset ensures repro-
ducibility and scalability for large NOMA deployments,
consistent with existing literature. Fig. 1 shows the block
diagram of the proposed architecture, which has different
stages and gives a detailed overview of each stage.

In deep learning models, including transformer-based
architectures, we often need to feed the system with con-
siderable data, called the training set. During the training
phase, the model learns meaningful feature representa-
tions from the input data by minimizing a loss function
using labeled samples. In supervised learning, the train-
ing dataset contains both input features and correspond-
ing target outputs, allowing the model to learn the map-
ping between them. The proposed method captures
complex relationships among input features through
its self-attention mechanism. After training, the learned
model is evaluated using a separate test dataset to assess
the performance of the transformer based NOMA system.

Training Set

Feature
Embedding
Layer

Transformer
Encoder

Clustering Output
Techniques (Performance
Metrics)

Fig. 1. Proposed architecture block diagram
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3.1. TRAINING SET PREPARATION

This experiment starts with creating a dataset that
consists of channel gains of users and transmitted
power based on user behavior within a NOMA envi-
ronment. This dataset acts as the backbone of the en-
tire system and provides all necessary information for
downstream tasks, such as clustering and embedding
generation. To optimize the operation of the systems,
we consider several metrics involved in curating the
dataset, such as distance from the BS, channel gain,
power allocation and SINR from the users perspective
to develop meaningful data.

Let the input for each user u, be represented as a
feature vector: x,=ld, h, P, y] where d.is distance, h_is
channel gain, P, is power allocation, and y, is SINR. All
features are normalized to zero mean and unit variance
prior to training.

3.2. PREPROCESSING

Preparing raw data for future analyses is the primary
function of a dataset. The problem with raw datasets
is that they typically have a variable scale and magni-
tude across their data features. This can create bias in
the results of machine learning models, specifically for
machine learning algorithms, where the distance be-
tween data points affects performance significantly. To
solve this problem, the dataset is put through a standard
scaler, which is a data normalization method that adjusts
the dataset such that the mean of the dataset is equal to
0 and the standard deviation of the dataset is equal to 1.

_ Mathematically, it can be expressed as:Z=(X—)?)/o where
Xand o are the mean and standard deviation of Xand Z is
the standardized data. By scaling all of the features, the
dataset ensures that channel gain and power allocation,
which may originally have different numerical ranges, do
not dominate the clustering process. Thus, by training
the model on the normalized data, the model is able to
assign equal weight to all of the different features of the
data, resulting in a more accurate and meaningful cluster-
ing result. Without this normalization step, features with
larger magnitudes could significantly bias the clustering
outcome, leading to degraded model performance.

3.3. FEATURE EMBEDDING LAYER

The proposed system directly processes numerical
CSl and does not require tokenization, as opposed to
the BERT based text models. A learnable feature em-
bedding (LFE) layer is introduced to transform the nor-
malized CSI input into multi-dimensional tensor fea-
tures for use by attention-based algorithms [25].

A trainable projection embedding is used to represent
the relationship between users and their CSI properties.

ei=W, " Xi+be (5)
where x,is the normalized feature vector, W is the em-

bedding weight matrix, b, is the embedding bias, and
e, is the embedded CSl representation.
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3.4. TRANSFORMER ENCODER

The Transformer encoder processes the embedded CSI
vectors to learn users contextual relationships with their
respective neighborhoods by modeling global depen-
dencies through multi-head self-attention [27]. Let N rep-
resent the total number of users in the system. The input
to the encoder is represented as an embedding matrix.

Z=[e,, €3 ..., ex]T (6)

where e, represents the embedded CSl vector of user k.

There are two main components present in the Trans-
former encoder layer: multi-head self-attention (MSA)
and feed-forward network (FFN). Both components
contain residual connections and layer normalization,
which help stabilize training and improve the learning
capability of the model. The self-attention computes
the similarity between each user and all other users
within the system, enabling the model to capture the
level of interaction and potential interference among
users sharing the same channel.

The MSA approach allows the model to establish im-
portant associations among users who share similar
channel condition characteristics or have a poor chan-
nel condition. Therefore, MSA and FFN together make
up the fundamental parts of the Transformer encoder,
which allows the model to identify more complicated
relationships in the set of CSI than traditional cluster
algorithms could identify. After MSA has processed the
user embeddings created by the model, an element-
wise feed-forward network is applied to create high-
level representations that enhance the model’s ability
to identify nonlinear interactions among the various
channel characteristics. Additionally, by including re-
sidual connections, original CSI data will maintain its
information content while incorporating the features
learned from the user data. The encoder layers are
stacked together to produce a final embedding for all
of the users, which will consist of individual character-
istics and the relationships between users that were
learned from the model.

h; = Encoder(e;) (7)

Where h, reflects both individual CSI behavior and
learned inter-user dependencies.

As aresult, the Transformer encoder produces a struc-
tured feature space where users with similar behavior
are naturally grouped and strong-weak distinctions be-
come more prominent. These properties significantly
improve the performance of downstream clustering
algorithms and enable more efficient NOMA user pair-
ing. Further, the Transformer encoder is trained using a
contrastive reconstruction loss, defined as

L= (/K2 |l — 2|17 (8)

Where x, denotes the input CSI feature vector and X
represents the reconstructed output, and K is the num-
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ber of training samples. This loss encourages the Trans-
former encoder to learn compact and information-pre-
serving representations suitable for clustering.

The Transformer model is trained using the Adam
optimizer with a learning rate of 10* and batch size of
128. The network consists of 4 Transformer layers, each
with 8 attention heads and an embedding dimension
of 128. Training is conducted for 100 epochs, and the
validation set is used for hyperparameter tuning and
convergence monitoring. All random seeds and initial-
ization parameters are fixed to ensure reproducibility.
The Transformer encoder converts raw CSl into contex-
tual embeddings that capture global inter-user rela-
tionships using a self-attention mechanism.

These embeddings provide a structured feature
space in which conventional clustering algorithms
such as K-Means, Balanced K-Means, and DBSCAN can
operate more effectively. By working on the trans-
formed embedding space H instead of the raw CSI,
clusters become more coherent, balanced, and aligned
with strong weak pairing requirements in NOMA sys-
tems. This significantly improves throughput, fairness,
SIC stability, and overall system performance.

3.5. CLUSTERING METHODS

Clustering or partitioning of users is one of the
widely used techniques and plays a crucial role in or-
der to enhance the performance of the NOMA system.
Among various clustering schemes, some commonly
used traditional clustering schemes are K-means, hier-
archical clustering, and DBSCAN. Traditional clustering
schemes often fail to achieve balanced cluster sizes,
leading to suboptimal user pairing and reduced system
performance. In this paper, we propose a Balanced K-
means and transformer encoder model to address this
challenge. These schemes prioritize balanced cluster
sizes and optimize user pairing to maximize the utili-
zation of NOMA, spectral efficiency and throughput of
the NOMA network.

K- means remains attractive for NOMA because of its
low computational cost and its ability to partition us-
ers based on similarities in CSI or distance. Algorithm
1 iteratively assigns each user to the nearest centroid
and updates the centroid based on the cluster mem-
bers. Although K-means is popular, it has a number
of limitations that make it less than ideal for use with
NOMA. First, K-means clustering is highly sensitive to
the selection of the initial centroids; it does not provide
a mechanism for constraining the size of the clusters,
which often leads to unbalanced clusters with less di-
versity in the power domain and poorer performance
for SIC. Second, K-means is not well suited for irregular
user distributions, dynamic user mobility or the pres-
ence of extreme outlier values. Even a small number of
these extreme values can significantly change the posi-
tion of centroids, leading to unstable clustering results
and reduced reliability of the overall system.
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Algorithm 1: K-Means Clustering
Require: User set U={u1, u,
; number of clusters m.
Ensure:user clusters c=C,C,....C,

1. Initialize cluster centroids My Myreer 1 randomly

s Uy} with feature vectors X,

2. Repeat

3. Resetall clusters: C, <@ for k=1, 2,...,m

4. foreach useru, do

5. Compute distance d(x, u,) to each centroid ,

6. Assign u, to the closest cluster €, with minimum
distance

7. endfor

8. foreach cluster C, do

9. Update centroid u,= 1/|C,|) X (x,_.,) x,

10. end for

11. Until cluster assignments do not change
12. Return C

The clustering technique used by DBSCAN is based in-
stead on local density. This allows DBSCAN to discover
clusters with arbitrary shapes and to easily identify the
presence of outliers (noise) or user errors that affect
clustering ability. These characteristics make it suitable
for heterogeneous network environments such as met-
ropolitan areas where there are large numbers of users
clustered in high-density places and small numbers of
users in low-density areas such as cell-edge locations.
However, DBSCAN introduces its own challenges when
applied to NOMA systems. Its performance strongly de-
pends on two parameters, the neighborhood radius €
and the minimum number of points, making it extremely
sensitive to variations in user density, fading conditions
and mobility. Even small changes in these parameters
can produce significantly different clustering outcomes,
the formation of too many clusters, too few clusters or
a large number of users classified as noise, resulting in
unstable user grouping. Furthermore, the computation-
al complexity also increases rapidly with the number of
users and dimensions of CSI, making it less suitable for
large scale, real time base station scheduling. The de-
tailed procedure of the DBSCAN based user clustering is
summarized in Algorithm 2.

Algorithm 2: DBSCAN Clustering
Require: User feature vectors X={x, x,,..
hood radius €; minimum points MinPts
Ensure: Clusters C and noise set N

. X, }; neighbor-

1. Mark all users as unvisited

2. (C=0,N=0

3. for each user x, do

4. Ifx is unvisited then

5. Markx, as visited

6. Retrieve neighbors: NE(x)

7. if| NE(x)| < MinPts then

8. Mark X, as noise; addto N
402

9. else

10. Create new cluster C,

11. Expand cluster C, using Ne(xi)
12. AddC, toC

13.  endif

14. endif

15. end for

16. return Cand N

The expand cluster step is used in DBSCAN to grow
a cluster from an initial core point by adding all neigh-
boring points that meet the density requirement. It
ensures that all points that are density-reachable, in-
cluding neighbors of neighbors, are included in the
same cluster, allowing DBSCAN to detect full, arbitrarily
shaped clusters rather than only immediate neighbors.

Expand Cluster Procedure
Procedure Expand Cluster (x, Neighborset, C))
1. Addx andC,

2. for each user X Neighborset do

3. Ifx]. is unvisited then

4, Mark x,as visited

5. Retrieve neighbors: Ne(xj)

6. if |NE(X,-)| > MinPts then

7. Neighborset =Neighborset U Ne(xj)
8. end if

9. end if

10. iij not in any cluster then
11. Addxjand C,

12. endif

13. end for

Balanced K-Means extends the classical K-Means algo-
rithm by enforcing cluster size constraints so that each
cluster contains approximately an equal number of data
points, denoted as "n" . During the assignment phase,
each data point is allocated to its nearest centroid sub-
ject to the constraint that no cluster exceeds its capac-
ity. This ensures that users are evenly distributed among
"m" clusters, avoiding load imbalance that may degrade
system performance. The implementation of the cluster-
ing method is presented in Algorithm 3.

Algorithm 3: Balanced K-Means Clustering for
NOMA User Grouping

Require: User set U={u,, u,,..., u,} with feature vectors;
number of clusters m.
Ensure: Balanced user clusters C,C,....C
1. Initialize cluster centroids My Myeer M
while not converged do
Reset all clusters: C],<—(Z) forj=1,2,....m

2
3
4, for each user u, €U do
5
6

Compute distance d(u, y].) to each centroid 1,

Assign u. to the closest cluster C] such that
C |<[N/m]
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7. end for

8. for each cluster C] do
9. Update centroid y, =(1/|C|) ¥ ,u
10. endfor

11.  if no user reassignment occurs then
12. break

13. endif

14. end while

15. return: User clusters C, C.,...,C .

m

4. RESULTS AND DISCUSSION

This section presents the performance evaluation of
the proposed transformer-based user clustering and
pairing framework in a downlink NOMA system. MAT-
LAB simula-tions were conducted for 5,000 synthetic
users under Rayleigh fading, with the signal-to-noise
ratio varied across a wide operational range to assess
performance under differ-ent channel conditions. The
dataset is divided into 70% training, 15% validation, and
15% testing to ensure general-ization to unseen chan-
nel realizations. The trained encoder can be directly ap-
plied at the base station using real-time CSI measure-
ments, without requiring labeled data or re-training. In
comparing the transformer encoder driven clus-tering
method proposed herein with the three baseline clus-
tering algorithms (K-Means, DBSCAN, and Balanced K-
Means), several key performance metrics will be exam-
ined (throughput, energy efficiency, Jain's fairness index,
outage probability and bit error rate) that together de-
scribe how well the proposed approach maintains reli-
able communica-tion, utilizes spectrum efficiently and
distributes resources fairly among users.

The simulation parameters and system configuration
used for this work are presented in Table 1, with sub-
sequent sections providing in-depth comparisons for
each of the five performance indicators.

Table 1. Parameters utilized for simulation.

S.No Parameters Range
1 Number of users 5000
2 SNR range 0to20dB
3 Noise power o2 1 (normalized)
4 Transmit power P, 1Watt (normalized)
5 Path loss exponent 4

The throughput performances of all clustering tech-
niques discussed are summarized in Fig. 2.

The transformer-based model produces the highest
throughput rates for each SNR tested, as well as signifi-
cantly higher average throughput than any of the tradi-
tional clustering methods. The transformer-based mod-
els ability to generate optimized user groupings, along
with consideration for interferences, resulted in signifi-
cantly improved resource utilization efficiencies and in-
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creased spectral efficiencies compared with the other
clustering approaches. Both Balanced K-means and
DBSCAN clustering demonstrate increased throughput
compared to traditional clustering methods by provid-
ing improved stability, while the throughput generated
by classical K-means is significantly lower than that of
the other methods because of its sensitivity to centroid
initialization and its failure to form effective clusters,
which results in less than optimal intra-cluster power
distribution and decreased SIC decoding reliability.

=—O—K-means

==~ DBSCAN

5 | | == Balanced K-means
——&— Proposed method

IS

Throughput (bps/Hz)
N w

8 10 12 1‘4 1‘6 1‘8 20
SNR (dB)
Fig. 2. Throughput comparison with proposed
method

The energy efficiency (EE) of each of the evaluated
clustering methods is represented in Fig. 3. In essence,
EE is defined as the amount of throughput attained di-
vided by the total power used during transmission. The
transformer-based framework achieves the highest EE
for all conditions of SNR. In particular, it provides ap-
proximately 20% higher EE than the K-means method
at low and moderate SNR levels. This improvement is
mainly due to the model’s capability to form interfer-
ence-aware clusters and perform more effective power
allocation, which allows the transmission of a greater
number of useful bits per unit of consumed energy.
Balanced K-means also demonstrates competitive per-
formance because it maintains relatively balanced clus-
ter sizes and reduces unnecessary power consumption.
In contrast, DBSCAN and conventional K-means show
lower energy efficiency, mainly because their cluster-
ing structures are often irregular and less optimized for
efficient power utilization.

The transformer encoder is trained in an offline stage,
and its inference complexity increases approximately
linearly with the number of users in each batch. During
deployment, inference is performed at the base station
using standard GPU or accelerator hardware. There-
fore, the computational processing associated with the
model does not influence the transmission-side energy
model considered in this work. As a result, the report-
ed improvements in energy efficiency originate from
more effective cluster formation and better power al-
location, rather than from reductions in hardware-level
power consumption.
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Fig. 3. Comparison of proposed method for EE vs SNR

Fig. 4 compares Jain's fairness index obtained for the
different clustering approaches, indicating how evenly
the available network resources are distributed among
users. The proposed model consistently achieves the
highest fairness, with values ranging from 0.81 to 0.93,
indicating a more balanced distribution of throughput
and significantly reduced user starvation.
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SNR (dB)

Fig. 4. Jain’s fairness index comparison of all the
schemes

The proposed model’s fairness improvements were
found to be statistically significant when compared
with all baseline methods. Balanced K-means also de-
livers competitive fairness by enforcing cluster size
constraints, while traditional K-means and DBSCAN
show more uneven fairness due to their tendency to
form irregular or imbalanced clusters.

Fig. 5 illustrates the BER performance of the different
clustering methods across the entire SNR range. As ex-
pected, BER decreases for all schemes as SNR increases.
The transformer-based clustering method proposed
achieves the best BER at all SNR values. This improvement
is due to the encoder's ability to learn more about the
context associated with CSI over a longer period than the
other methods, allowing it to create better user groupings
that characterize potential interference and therefore al-
low for more accurate signal separation when utilizing
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SIC. Additionally, Balanced K-means produces reasonable
BERs due to the ability to form clusters in an organized
and controlled manner. Traditional K-means and DBSCAN
perform less well than Balanced K-means due to their reli-
ance on initialization and density thresholding methods,
both of which introduce uncertainty into the cluster as-
signments generated by those algorithms.
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Fig. 5. BER comparison for NOMA with different
methods
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Fig. 6. Outage probability comparison for NOMA

with different methods

Fig. 6 represents the outage probability of the evalu-
ated clustering schemes under Rayleigh fading, where
an outage probability event is defined as a users in-
stantaneous achievable rate falling below a predefined
threshold. The proposed method has the lowest out-
age probability of all scheme implementations, which
indicates it has a high capability of being robust against
fluctuations due to channel fading and interference in
the SNR levels.

The achieved lower outage probability is attributed
to the use of a transformer model, which enables the
creation of more coherent user groupings, thereby al-
lowing for greater separation of received signals and an
increase in the reliability of power allocation. Balanced
K-means clustering also provides a substantial gain
over conventional clustering methods, as cluster sizes
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are enforced to be uniform throughout all clusters,
thereby reducing the number of overloaded clusters.
Classical K-means and DBSCAN implementations have
higher outage probabilities than the proposed method
throughout all SNR levels, especially during low SNR
levels, due to the sensitivity of the methods to initial-
ization and density parameter selection, resulting in
poor user grouping and degraded achievable rate per-
formance. The results presented in the figure represent
the average of multiple simulation runs and therefore
show statistical robustness.

To ensure statistical rigor, all performance curves
were averaged over 20 independent Monte-Carlo re-
alizations of user distributions and Rayleigh fading.
For each performance metric, the variance across runs
was extremely small due to the large number of users
(5000), which results in inherently stable estimates.
Therefore, confidence intervals largely overlapped with
the mean curves and are omitted for clarity.

5. CONCLUSION

This work presented a transformer driven deep learn-
ing framework for adaptive user clustering and pairing
in downlink NOMA systems. By employing a transform-
er encoder to generate contextual CSI embeddings,
the proposed model effectively captures complex inter
user relationships that traditional clustering approach-
es fail to represent. Using a 3GPP based synthetic data-
set, extensive simulations demonstrate that the trans-
former based framework significantly improves cluster-
ing stability and NOMA performance. Compared with
K-means, balanced K-means and DBSCAN, the pro-
posed method achieved significantly lower BER, higher
throughput, improved fairness, enhanced energy ef-
ficiency and reduced outage probability across differ-
ent SNR regimes. The results demonstrate significant
improvements in key performance indicators, indicat-
ing that transformer-based structure can be leveraged
for learning specific CSl relations in order to optimally
allocate NOMA resources. These results indicate that
transformer-based methods offer a promising direc-
tion for supporting future 6G and Al-enabled wireless
communication systems. Future research should focus
on examining the effectiveness of hybrid transformer/
GNN architectures while also incorporating real-world
CSl data sets into their design and optimizing compu-
tational aspects for utilization by real-time base station
equipment.
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