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ABSTRACT
Millimeter-wave (mmWave) communication plays a crucial role in wireless systems due to its high data rate capabilities and suita-
bility for 5th generation (5G) networks. However, mmWave signals confront significant propagation issues, which include greater 
path loss, major attenuation from blockages, and sparse multipath propagation, constraining coverage and consistency. Accurate 
path loss validation is a serious and composite task for successful network planning, optimization, and resource allocations. To 
overcome these limitations, effective deep learning–based path loss estimation in mmWave communication systems is developed 
in this research work. Initially, the required data are collected from the standard datasets and given to the preprocessing phase. 
Once the data are preprocessed, they are given into the deep feature extraction phase, and it is done by applying the Pyramid 
Multihead Convolutional Cross Attention Network (PMC-CANet). The ability to ensure the efficiency of next-generation wire-
less networks is what makes it effective in feature extraction tasks. Finally, the path loss estimation process is performed on the 
extracted deep features through Adaptive Residual Bidirectional Gated Recurrent Unit (AR-BiGRU), where several parameters 
are tuned using the Updated Random Attribute–based Sculptor Optimization (URA-SO). One of the primary advantages of using 
AR-BiGRU with USOA for path loss estimation is its ability to process large, high-dimensional datasets, which can include not 
only geographical and environmental information but also temporal data, such as time-of-day or seasonal variations in path loss. 
The optimal solution outcome can be achieved by using the developed model. Then, its effectiveness is validated by comparing it 
with other existing models. This proposed system provides a consistent and best solution for tackling the problems of mmWave 
signal attenuation, thus enhancing the effectiveness and performance of next-generation wireless networks. The outcomes reveal 
that the proposed URA-SO-AR-BiGRU obtained an accuracy of 97.12% when taking the batch size as 15, leading to highly reli-
able and precise path loss estimations.

1   |   Introduction

Millimeter waves (mmWaves) are characterized by frequencies 
between 30 and 300 GHz that are integral to next-generation 
wireless technologies, which include high-speed data trans-
mission, satellite systems, and 5G networks [1]. The mmWave 

signals have broader bandwidth, and they provide higher 
data rates when compared to lower frequency counterparts. 
However, path loss is one of the main drawbacks of mmWave 
communication [2]. The reduction in signal strength caused 
by the material interactions, weather conditions, environ-
mental obstructions, and distance is known as path loss [3]. 
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Compared to lower frequency signals, mmWave signals are 
prone to physical barriers, degradation, and humidity issues 
[4]. In order to maximize spectral utilization, ensure consis-
tent connectivity and maintain network efficiency, a path loss 
prediction model is essential [5]. Accurately determining path 
loss is a key component of wireless communication, as it quan-
tifies signal attenuation over propagation distance [6]. As the 
deployment of mmWave is increasing in 5G infrastructures, 
the path loss issue also increases [7]. Therefore, advanced 
tools for adaptive and precise path loss modeling are needed 
to handle the signal fluctuations for better resource manage-
ment across varying operational conditions [8].

Traditional approaches to estimate path loss in mmWave com-
munication systems are developed based on mathematical 
formulations that forecast signal degradation by considering dif-
ferent attributes like environment and propagation behavior [9]. 
Techniques like free-space path loss (FSPL) are suitable for line-of-
sight conditions, as they correlate distance and signal degradation 
[10]. However, this method is difficult to implement in complex en-
vironments [11]. More advanced methods, such as the log-distance 
model, are used for finding the obstacles that lead to path loss by 
introducing a path loss exponent, but still, this technique relies on 
generalized parameters [12].

Conventional path loss estimation techniques in mmWave 
communications face several limitations that affect their ac-
curacy and adaptability [13]. Traditional methods use static 
parameters, so they do not estimate the path loss by analyzing 
factors such as physical obstructions and atmospheric changes 
[14]. Additionally, the unpredictable nature of multipath prop-
agation including scattering, diffractions, and signal reflec-
tions is not effectively handled by the classical models, which 
results in reduced estimation precision during path loss [15]. 
Mobility is also one of the issues in path loss prediction as 
vehicular networks or mobile communications demand real-
time adaptability [16]. Moreover, the CI and FI rely heavily 
on extensive measurement datasets that limit their scalabil-
ity and transferability across varying environments [17]. To 
address these issues, the present work introduces a deep 
learning-based approach for mmWave path loss estimation by 
overcoming the limitations of traditional techniques.

The unique contributions of the presented framework are 
listed below:

•	 To design an effective and intelligent path loss estimation 
model that helps to increase signal strength by identifying 
the cause of path loss issues. The data transmission via next-
generation wireless communication is enhanced by the de-
veloped model. Despite complex environmental dynamics 
and propagation conditions, this model still ensures precise 
path loss prediction. The proposed path loss determination 
mechanism is beneficial in enhancing network reliability 
and improving signal planning efficiency for offering feasi-
ble communication.

•	 To employ a Pyramid Multihead Convolutional Cross 
Attention Network (PMC-CANet) model for deep feature 
extraction from the preprocessed data. This model consists 
of pyramid-based multihead convolutions for learning the 

local and global patterns in the pre-processed data. The 
multihead cross attention is useful in emphasizing the con-
textually significant features. The PMC-CANet approach 
accurately handles nonlinear characteristics in the data and 
achieves high discriminative capability by combining pyr-
amid convolutional and multihead cross attention. Feature 
variability issues in data captured from the mm-Wave envi-
ronment are handled by this network.

•	 To develop an Adaptive Residual Bidirectional Gated 
Recurrent Unit (AR-BiGRU) model for performing accurate 
path loss estimation in mmWave communication. The de-
velopment model's use of bidirectional sequence learning 
and residual learning assists in capturing the past and fu-
ture dependencies of temporal data. Moreover, the degra-
dation issues are solved by the residual connections in the 
proposed network. Stable gradient flow is achieved by the 
AR-BiGRU network for processing a huge volume of fea-
tures. Highly reliable and context-aware path loss predic-
tion outcomes are attained by the suggested model due to its 
ability to integrate the temporal, spatial, and environmental 
factors.

•	 To introduce the Updated Random Attribute–based 
Sculptor Optimization (URA-SO) algorithm for tuning 
the hyperparameters of the AR-BiGRU model. The faster 
convergence as well as enhanced search efficiency of the 
URA-SO algorithm helps to optimize the important param-
eters for obtaining accurate path loss determination results. 
The URA-SO algorithm is being introduced to adjust the 
hyperparameters of the AR-BiGRU model.

The logical flow of this research work is organized as follows: 
Section 2 gives the existing research works along with the prob-
lem formulation of prior models. Section 3 outlines the signifi-
cance of path loss prediction in mm-Wave communication and 
provides an overview of the developed model. Section  4 ex-
plains the preprocessing strategy and the details of the feature 
extraction procedure, along with the optimization approach. 
Section 5 explains the deep learning-based estimation process 
using the proposed network and elaborates its objective func-
tion. The performance evaluation outcomes are discussed in 
Section 6, and the conclusion of this work is given in Section 7.

2   |   Literature Survey

2.1   |   Related Works

In 2024, Afape et al. [18] have introduced a machine learning 
model designed for path loss prediction known as the Automated 
Hyperparameter-Tuned Stacking Ensemble Regression 
(AHT-SEML) framework. Automated hyperparameter tuning 
techniques were used to optimize the performance of a meta-
regressor and a set of base regressors in this model. To validate 
the effectiveness of this approach, the researchers employed 
path loss data derived from a composite 3D ray-tracing image-
method model and applied it to various scenarios.

In 2024, Zakeri et  al. [19] have suggested a hybrid path loss 
estimation approach for indoor environments with the 
help of machine learning techniques and electromagnetic 
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calculations. After obtaining real data on path loss, they com-
pared traditional empirical models with advanced models 
such as cat boosting and deep neural networks. The machine 
learning–based models yielded better outcomes as they are ca-
pable of modeling complex signal behavior in indoor wireless 
environments.

In 2024, Brata and Zakia [20] have tackled path loss prediction 
using limited satellite imagery. The authors utilized convolu-
tional neural network (CNN)–based networks to predict path 
loss. Among the two different models, the visual geometry group 
(VGG-16) offered higher accuracy. Their models surpassed the 
3GPP Urban Macro (UMa) empirical baseline by reducing the 
error rates.

In 2024, Sung et al. [21] have developed a deep learning-based 
model for predicting mmWave path loss in vehicle-to-Vehicle 
(V2V) communications under dynamic and poor road condi-
tions. They trained their model on a simulated environment for 
handling real-world road and weather variability. Validation of 
the effectiveness of deep learning for accurate path loss forecast-
ing in vehicular networks was provided by the results.

In 2024, Thrane et al. [22] have analyzed the ability of conven-
tional channel models and a deep learning-based model for the 
path loss estimation process by utilizing satellite images. They 
trained their model and evaluated its performance against ray-
tracing models as well as conventional models. The frequency 
of predictions was taken into account when their deep learning 
approach improved performance and provided effective results 
in unseen locations.

In 2024, Pawar et and Venkatesan [23] have developed a path 
loss prediction strategy using CNNs, and the prediction errors 
were minimized using Particle Swarm Optimization (PSO). An 
outdoor simulation scenario was considered in this study using 
DeepMIMO datasets. Their CNN model was able to achieve 
high prediction accuracy and reduce RMSE values. Therefore, 
the suggested model was capable of handling multifrequency 
and blockage-prone outdoor environments.

In 2024, Kayaalp et  al. [24] have introduced a deep learning-
based path loss prediction framework for various vegetative and 
coastal terrains using 5G frequency bands. They applied the 
recurrent neural network (RNN) and long short-term memory 
(LSTM) methods for the estimation process and identified that 
RNN provided better predictive accuracy across different ter-
rains. According to their model, coastal environments experi-
ence greater path loss than vegetation regions.

In 2024, Cheng et al. [25] have developed a deep learning model 
for 5G suburban path loss prediction by incorporating attention 
mechanisms and dilated convolutions. The attention-enhanced 
CNN (AE-CNN) architecture extracted comprehensive features 
using global context blocks and distance-embedded inputs. The 
strength in capturing complex propagation characteristics is ev-
ident in the AE-CNN's lower RMSE score compared to conven-
tional empirical models.

In 2025, Hadji and Nedil [26] have proposed a deep neural net-
work (DNN)–based approach to forecast path loss by utilizing 

massive multiple-input multiple-output (MIMO) propagation 
measurements at 28 GHz in an underground mine setting. 
Evaluated with classical empirical frameworks, including log-
distance and multislope techniques, the developed DNN system 
reveals higher predictive accuracy, gaining an RMSE of 1.46 dB 
and a correlation of 99.17%, successfully extracting the intricate 
propagation characteristics of the environment.

In 2025, Hussain [27] has developed a UNet-based deep learning 
model that integrates multiscale feature extraction, convolution-
based feature fusion, and an atrous spatial pyramid pooling 
(ASPP) bottleneck for efficient context aggregation. The model 
forecasts pathloss maps from log-distance, line-of-sight (LOS) 
mask, and building mask inputs. The experimental results show 
that the proposed model performs better compared to other tra-
ditional models.

In 2025, Robinson et al. [28] have suggested a machine learning 
model to introduce an optimized path loss forecasting frame-
work for urban drive 5G network settings. At the training phase, 
various IoT-based data such as received power, path loss, band-
width, frequency, and distance were used. Then, ensemble ma-
chine learning classifiers were validated and attained scalable 
performance.

2.2   |   Problem Statement

The mmWave communication is essential for next-generation 
wireless networks, enabling higher data rates and lower la-
tency. However, estimating path loss accurately poses sig-
nificant challenges that impact network performance and 
reliability. Environmental factors such as obstacles, atmo-
spheric conditions, and material properties can cause path loss 
to vary, which affects signal propagation. Additionally, tradi-
tional path loss models often fail to account for the complex-
ity of mmWave interactions, leading to inaccurate predictions 
that can degrade system efficiency. Effective analysis requires 
advanced tools to manage and process the vast amounts of 
data generated by modern measurement systems, which is 
another challenge. For addressing these issues, a deep learn-
ing–aided path loss estimation mechanism is suggested that le-
veraging advanced neural networks to enhance accuracy and 
optimize wireless communication performance is developed 
in this work. Features and challenges of the traditional path 
loss estimation models are given in Table 1, and the following 
section provides the research gaps:

•	 The accurate modeling of mobility's impact on signal 
propagation is a challenge when estimating path loss for 
mmWave communications. In dynamic environments, 
such as vehicular networks or mobile device usage, signal 
characteristics change rapidly due to movement, leading 
to unpredictable variations in path loss. One way to ad-
dress this issue is through deep learning models. These 
models process sequential path loss data, capturing trends 
influenced by movement, speed, and direction. Deep 
learning's continuous updating of predictions using real-
time data allows for adaptive and precise path loss esti-
mation, which improves connectivity in dynamic wireless 
environments.
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•	 The challenge of inaccurate path loss estimation in con-
ventional models can significantly impact wireless com-
munication efficiency. Environmental variability is often 
overlooked by traditional methods, resulting in imprecise 
predictions that impact signal reliability and network 
performance. This limitation can result in suboptimal 

resource allocation, increased interference, and degraded 
connectivity. One way to address this issue is through 
advanced data preprocessing techniques. By cleaning, 
normalizing, and structuring large datasets of signal mea-
surements, data preprocessing enhances the accuracy of 
path loss models.

TABLE 1    |    Advancements and limitations of deep learning-based path loss estimation models for mmWave.

Author 
[citation] Methodology Features Challenges

Afape et al. 
[18]

SEML-AHT It boosts prediction accuracy by 
combining multiple base regressors 
and also ensuring reliable path loss 

estimation across diverse conditions.
It achieves lower error rates compared to 

traditional models, making it a more effective 
tool for mmWave system path loss prediction.

It relies on simulated path loss 
data, which may not fully capture 

real-world complexities.
At present, it is only applicable to 

mmWave systems in various cities.

Zakeri et al. 
[19]

Deep Neural 
Network

It ensures precise path loss estimation 
by using different polarization settings, 

enhancing accuracy for NLOS and LOS cases.
The reliable performance across various 

environments and frequencies is provided 
by its strong design and simplicity.

It depends on hyperparameter tuning, 
which can be slow and resource-intensive, 

making real-time use challenging.
It enhances accuracy but needs 
a large dataset to work well in 

different indoor settings.

Brata and 
Zakia [20]

VGG-16 It improves accuracy without 
costly data collection.

It has lower RMSE and MAE, making 
it more reliable for small datasets

It does not consider transmitter-receiver 
distance, which may affect accuracy.

It predicts faster but has higher 
errors, reducing reliability.

Sung et al. 
[21]

Deep learning It considers weather, channels, and 
traffic, improving path loss prediction 

in real-world driving conditions.
It reduces measurement costs and saves 

time by using deep learning instead 
of traditional modeling methods.

It relies on simulation data, which may 
not fully reflect real-world variations.

Thrane et al. 
[22]

DL-based 
ray-tracing

It uses satellite images that help 
neural networks make more 

accurate path loss predictions.
They provide important details like buildings 

and trees that affect signal strength.

It requires extra resources for 
processing satellite images.

The accuracy is dependent on the 
availability of good satellite images, 
which may not always be available.

Pawar and 
Venkatesan 
[23]

PSO It predicts path loss more precisely 
with a lower error rate.

It considers multiple parameters 
like users, base stations, and user 
positions, improving predictions.

It requires significant processing 
power to train and run effectively.

Its accuracy depends on the quality 
of numerical data used.

Kayaalp et al. 
[24]

RNN Its model provides better accuracy 
in predicting path loss, especially in 

coastal and vegetation environments.
Model performance is improved by 

optimizing training using K-fold 
validation and hyperparameter tuning.

Its effectiveness depends on the dataset 
structure, limiting its general applicability.

It does not account for extreme weather 
conditions like snow and rain.

Cheng et al. 
[25]

AE-CNN It efficiently predicts path loss for 28-
GHz mmWave in suburban areas.

It simplifies preprocessing and input 
generation, making the application easier.

Its accuracy depends on environmental 
factors like buildings and streets, and 
it does not consider moving vehicles.
Improving performance necessitates 

more tuning and optimization.
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•	 Diffraction and scattering effects can cause distortion 
of signal propagation, which is another significant chal-
lenge. Due to the short wavelength of mmWave, signals 
interact strongly with surface textures and small ob-
stacles, leading to unpredictable variations in path loss 
measurements. This challenge makes it difficult to build 
accurate models that can generalize across diverse urban 
and indoor environments. Deep feature extraction tech-
niques can be used to address this issue. By leveraging 
deep feature extraction models, they automatically iden-
tify complex signal behaviors influenced by diffraction 
and scattering.

•	 Distinguishing between different propagation environ-
ments, such as urban, indoor, and rural settings, is a 
significant challenge. Each environment has unique char-
acteristics that affect signal attenuation, reflection, and 
diffraction, making it challenging to apply a single path 
loss model across all scenarios. One way to address this 
issue is through residual connection. Residual can cate-
gorize propagation conditions automatically by training 
deep learning models on labeled path loss measurements 
from different environments.

3   |   Detailed Representation of Proposed Accurate 
Path Loss Estimation Model in mm-Wave Wireless 
Communication Environments

3.1   |   Significance of Predicting Path Loss in 
mm-Wave Wireless Communication Environments

As mm-Wave transmissions use high-frequency signals for 
sharing data, they are often affected by path loss issues. Path 
loss problems may arise due to various environmental fac-
tors, such as surface reflections, air absorption, and physical 
barriers. When compared to communication technologies 
that use lower frequency signals, mm-wave transmissions 
are highly susceptible to small-scale environmental changes 
[26]. In order to guarantee better signal coverage, minimize 
communication interruptions, and preserve overall system ef-
ficiency, precise path loss prediction is needed. Furthermore, 
mm-wave communication systems are widely operated in 
crowded urban areas or intricate indoor spaces, but the prop-
agation behavior might differ over short distances in these 
places. The use of building materials, vegetation, transporta-
tion patterns, and time-based variations like seasonal shifts 
can also lead to path loss issues during mm-wave transmis-
sions. To achieve ultralow latency and high data throughput 
in mm-Wave communication, accurate path loss prediction is 
useful, as it has a direct impact on network planning, resource 
allocation, and beamforming techniques. The use of mmWave 
wireless communication systems in designing and optimiz-
ing next-generation networks like 5G to predict path loss 
has increased in recent days. Most path loss models consider 
static factors, but these approaches might not perform well 
in identifying path loss by analyzing physical barriers. The 
process of accurately forecasting path loss helps to improve 
user experience and quality of service (QoS) and enhances the 

long-term scalability of mm-Wave wireless communication 
networks.

3.2   |   Overall View of Proposed Path Loss 
Estimation Model

An advanced deep learning–based model for accurate path 
loss estimation in mm-Wave wireless communication envi-
ronments is proposed in this research. This model is capable 
of overcoming frequent issues like nonlinear propagation be-
haviors, high-dimensional input data, and dynamic environ-
mental conditions. Standardized data are collected to estimate 
the path loss. Then, preprocessing is conducted on the input 
data for cleaning and normalizing the input to increase the 
accuracy of forecasting. This preprocessing procedure helps 
to lower the noise and bias issues. Deep features are extracted 
by the suggested PMC-CANet with preprocessed data. The 
multihead cross-attention procedure helps to capture the rele-
vant features. Different aspects of the preprocessing data that 
are useful for the prediction process are efficiently retrieved 
in this stage. Feature retrieval is done by the pyramid convo-
lution module in the PMC-CANet model at different scales. 
After the extraction of deep features, the AR-BiGRU model 
is employed to determine the path loss. Accurate path loss 
estimation in mm-Wave transmissions can be achieved with 
the BiGRU approach's dual capability of learning sequential 
dependencies in both forward and backward temporal di-
rections. The proposed model is capable of handling shifting 
environmental circumstances and obtains better prediction 
outcomes. The complexity issues and vanishing gradient prob-
lems are managed by the residual connection incorporated 
with the Bi-GRU model. Additionally, the URA-SO algorithm 
is used to modify different parameters in the AR-BiGRU for 
enhancing the estimation accuracy. Through the optimization 
process, the AR-BiGRU mechanism's learning effectiveness is 
enhanced. The ability of AR-BiGRU to handle diverse data-
sets with spatial, environmental, and temporal characteris-
tics is strengthened by the combination URA-SO algorithm. 
The suggested framework's accuracy and scalability are con-
firmed through experimental analysis using different existing 
techniques. The architectural framework of the proposed path 
loss estimation model in mm-Wave communication is exhib-
ited in Figure 1.

3.3   |   Dataset Description

In this work, the dataset was derived from simulated path 
loss data created using a MATLAB R2023a–based Composite 
3D Raytracing-Image (CRTI) propagation framework [18] 
taken online (from https://​doi.​org/​10.​1016/j.​rineng.​2024.​
102289). These data consist of environmental and struc-
tural attributes, such as atmospheric variations, architec-
tural styles, building heights and constructions, topography, 
and overall urban layouts of different locations. The outdoor 
mmWave signal characteristics at frequencies of 28, 38, 60, 
and 73 GHz are gathered in this database from four urban re-
gions. The gathered samples are termed as Cw. Total data are 
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specified as w. The dataset details are listed in Table 2 and in 
Figure 2.

4   |   Improvement in Estimation Performance 
Through Preprocessing and Feature Extraction 
Mechanisms

4.1   |   Data Preprocessing

The preprocessing techniques greatly improve the dataset's 
quality and usability for accomplishing predictions as well as 
classification. The input data Cw is transformed into a clean and 
consistent format by removing redundancy, filling in gaps, and 
correcting inconsistencies. Normalization also enhances the 
input characteristics for better generalization. Overall, this pre-
processing procedure helps to lower the noise and bias issues for 
performing stable path loss estimation.

FIGURE 1    |    Architectural framework of the proposed path loss estimation model in mm-Wave communication.

TABLE 2    |    Region and sample details used for path loss estimation.

Regions Number of samples

Port Harcourt 2800

Lagos Island 3050

Ibadan 3100

Abuja 2800

Total 11,750

Training and testing split

Description Count

Total samples 11,750

Training samples (75%) 8813

Testing samples (25%) 2937
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4.1.1   |   Data Filling

Adding missing or insufficient entries to the dataset by statisti-
cal or logical methods is known as data filling. Missing values 
for one or more of the samples' attributes may be present in the 
raw dataset. This missing value problem includes network er-
rors or errors from the device that is used to collect the data. 
Eliminating the sample with the missing value is one method of 
resolving the missing value issue. To fill in the missing data, it 
is beneficial to use mean and median computation to replace the 
missing values instead of removing them.

4.1.2   |   Data Cleaning

Data cleansing is one of the preprocessing steps used to handle 
inaccurate and incomplete data. In order to reduce redundancy, 
the data cleaning procedure identifies unnecessary data and re-
moves it. Noise issues in datasets are filtered during the data-
cleaning process.

4.1.3   |   Replace NaN Values

In this phase, the not a number (NaN) values are considered as 
undefined dataset elements. To prevent bias during the path loss 
prediction process, the NaN values are substituted with suitable 
values that take into account the mean or median.

4.1.4   |   Deduplication

In order to maintain the integrity of collected data, deduplica-
tion is performed. This step ensures that all the duplicate entries 
are removed from the dataset. The computational overhead is-
sues are rectified by removing the duplicate data.

4.1.5   |   Normalization

Data are transformed into a consistent format via the normal-
ization process. In this step, the numerical values are scaled to 

a common range like 0–1. Through this normalization process, 
every valuable feature in this data is equally beneficial to the 
learning process. The statistical properties of data are preserved 
even after normalization. The preprocessed data are indicated 
as NPRE

v .

4.2   |   Deep Feature Extraction Step

The deep feature extraction process is beneficial for identify-
ing both local and global variations in high-dimensional data. 
In this work, the PMC-CANet model is used for feature ex-
traction, as it gives importance to the most pertinent character-
istics across spatial and contextual dimensions by combining 
attention-based techniques with pyramid convolution proce-
dures. The preprocessed data are considered as input NPRE

v  for 
this procedure.

The pyramid multihead convolutional architecture [29] em-
ployed a sequence of three convolutional layers with kernel di-
mensions that are set to 17, 11, and 7, whereas the output channel 
counts were 128, 256, and 512. ReLU activation and a dropout 
layer were used to form a convolutional block after each of these 
convolutional operations. After every convolution block, a mul-
tihead self-attention module with eight heads was incorporated. 
The mathematical formulation for this attention mechanism is 
provided in Equations (1) and (2).

In the above equation, query Y , key P, and value D are repre-
sented. Next, EG denotes the extracted global features. The con-
catenate function is given as C(). Head 1 is signified as H1, and 
ath head is denoted as Ha. The term Q is attention. To create a 
single output feature, a fully connected layer was employed in 
the final stage of the model. Its input was derived by aggregating 
the outputs from various scales, and each of them is modulated 
by a trainable weight parameter.

(1)MH(Y ,P,D) = C
(
H1, . … HN

)
EG

(2)Ha = Q
�
Ya,Pa,D

a
�
= Softmax

⎛
⎜⎜⎜⎝

YaP
T
a�
bj

⎞
⎟⎟⎟⎠
Da

FIGURE 2    |    Region and sample details of the suggested path loss estimation model.

(a) (b)
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8 of 20 International Journal of Communication Systems, 2026

In the cross-attention model [30], two separate networks apply 
attention to one another, which allows for the extraction of more 
informative feature representations. Initially, the input is passed 
through both networks to obtain two sets of feature maps. 
Negative activations are eliminated by employing ReLU acti-
vation layers to process these maps. Following activation, the 
feature sets are passed through a transition layer to align their 
shapes to ensure compatibility for further operations. Instead of 
computing attention via the conventional outer-product, this ap-
proach applies an element-wise Hadamard product to derive the 
cross-attention feature maps. By highlighting useful features 
and minimizing noise, this operation allows the model to focus 
on regions with higher pathogenic information. The resulting 
cross-attention feature maps are then concatenated with the 
original outputs from both networks to form the final represen-
tation. The cross-attention process is mathematically derived in 
Equations (3) and (4).

Here, the cross-attention feature map is mentioned as 
RX. The feature map of the network U  and V  is stated as RU and 

RV, respectively. The processed output is expressed as shown in 
Equation (5)

Here, the output after the attention layer is termed as Ni, and the 
input given to the flatten layer is mentioned as �. The multihead 
cross attention is defined in Equation (6).

In the above equation, the cross attention is specified as CA. 
The extracted features from PMC-CANet are mentioned as Gfet

P
. 

A schematic view of PMC-CANet-assisted feature extraction is 
shown in Figure 3.

The PMC-CANet-based feature extraction model starts with 
input preprocessed data N, which goes through initial hierar-
chical feature extraction by a sequence of convolutional layers 
Conv 1 × 1 and Conv 3 × 3 to extract multiscale patterns. Later, 
these features are refined and given to the dual-stream attention 
modules, where Softmax and Matrix Multiplication (MatMul) 

(3)RCon = C
(
RX ,RU ,RV

)

(4)RX = RU ⊗ RV

(5)� = �Ni + N

(6)
MH

(
Y f ,Pg ,Dh

)
=C

(
H1, . …HN

)
LeHi

=CA
(
Y f L

f
i
,PgL

g
i
,DhLhi

)

FIGURE 3    |    Schematic view of PMC-CANet-assisted feature extraction.

Suggested PMC-CANet-based feature extraction
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operations calculate attention weights, enabling the model to 
carefully concentrate on suitable characteristics by considering 
those as queries and values, which improves their background 
significance. The processed outputs from these attention blocks 
are then combined, resulting in the extracted features, which 
symbolize discriminative, multiscale, and contextually-aware 
representations modified for downstream tasks.

4.3   |   Developed URA-SO

The proposed AR-BiGRU model consists of several hyperparam-
eters, and fine-tuning those helps to prevent overfitting issues. 
The purpose of this work is to introduce a URA-SO algorithm 
that optimizes model performance and increases its generaliza-
tion capability. The URA-SO is used to efficiently fine-tune the 
parameters in a specified interval to reduce the inconsistency of 
estimating path loss. When parameters are properly optimized, 
the model effectively handles complicated conditions that cause 
path loss during the mmWave communication including the 
temporal as well as environmental factors. The optimization 
procedure leads to more accurate forecasts by changing the 
parameters in the AR-BiGRU network. The complexity issues 
are handled precisely by the optimal solution, as it manages 
issues like atmospheric conditions during the mm-Wave trans-
missions for determining the path loss. In SOA [31], the math-
ematical modeling of changes in sculpting materials is useful 
to improve the exploration phase by avoiding local optima and 
handling multimodal as well as hybrid optimization problems. 
Due to its inefficiency in the exploitation phase, this algorithm's 
convergence is slow, as it takes more time to find the solution. 
Therefore, the optimization efficiency of SOA is enhanced by 
updating the random parameter h as shown in Equation (7).

In the above derivation, the term S is the fitness function. 
Initially, the fitness values are sorted in ascending order based 
on the solutions. Then, the random integer is computed based 
on the first fitness S1 and last fitness S2 in the sorted list. Wider 
exploration, as well as exploitation, is possible by upgrading the 

random parameter based on the fitness computation. By sorting 
fitness functions in ascending order, the random number update 
process is not time-consuming, making it possible to achieve 
the best global solution efficiently without taking more time. 
The transition between the two phases in conventional SOA 
is improved by the proposed URA-SO. The algorithm's search 
efficiency is improved by the random number update, which 
prevents premature convergence. Algorithm  1 provides the 
pseudocode of the URA-SO algorithm.

5   |   Description of Developed Deep Learning 
Mechanism for Path Loss Estimation With Its 
Objective Function

5.1   |   Residual Bidirectional Gated Recurrent Unit

An R-BiGRU model is considered for estimating the path loss in 
mm-Wave wireless communication.

In the R-BiGRU network [32], the residual architecture uti-
lizes skip connections, and it consists of two or three con-
secutive layers that include nonlinear functions such as 
batch normalization and ReLU. Preventing issues such as 
gradient vanishing and accuracy saturation problems can be 
achieved by using skip connections in the residual BiGRU. 
The output R attained from the residual module is given in 
Equation (8).

The ReLU nonlinearity is termed as �u. The variables Re(m) 
and g indicate the residual block and the input of the module, 
respectively.

The standard GRU is designed to handle sequential or time-
dependent data via the update gate and the reset gate. The up-
date gate of the GRU is in charge of both the forget gate and 
the input gates of the LSTM network. However, standard GRUs 
function in only one direction, so they cannot process past and 
future information. The Bi-GRU architecture has been created 
to address this and does not necessitate separate memory cells. 

(7)h =
S2

S1

(8)R = �u
(
g + V

(
Conv

(
�u(V (Conv(g)))

)))
= Re(g)
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10 of 20 International Journal of Communication Systems, 2026

The input sequence is simultaneously processed by a forward 
GRU and a backward GRU.

The operation of the update gate ad is determined using 
Equation (9).

Here, the hidden state and input are referred by the terms wd−1 
and pd, concurrently. The weight multiplied with the hidden state 
is termed as Ya, and the weight multiplied by the input is spec-
ified as Xa. The forget gate is responsible for removing past in-
formation, which is mathematically expressed in Equation (10).

The computation of the candidate hidden state is provided in 
Equation (11).

Here, the weights are multiplied, and an element-wise multipli-
cation ⊗ is done between the reset gate as well as the weight 
of the hidden state. These results are summed and sent to the 
nonlinear activation function tanh. The current hidden state is 
processed based on Equation (12).

The hidden state in Bi-GRU is computed using Equation (13).

At each time step d, the hidden state is computed by concatenat-
ing the hidden vectors ����⃗wd and �⃖���wd , generated by the forward and 
backward GRUs, respectively. The delineated representation of 
the R-BiGRU model is showcased in Figure 4.

5.2   |   Path Loss Estimation Using AR-BiGRU

The retrieved deep features Gfet
P

 are sent to the developed AR-
BiGRU for estimating the path loss. The AR-BiGRU is capable of 
capturing temporal dependencies in forward and backward di-
rections, which ensures precise handling of dynamic environ-
mental changes. Vanishing gradient issues are rectified while 
enhancing information flow by the incorporation of residual 
connections. The intricate as well as nonlinear relations in the 
input features are precisely modeled by the suggested tech-
niques. Bidirectional processing of the AR-BiGRU approach 
allows it to learn contextual dependencies from both historical 
and new patterns, which increases the accuracy of temporal se-
quence modeling. The residual learning and bidirectional flow 
of the proposed methods are useful in handling the features 
obtained from data that are taken in high-interference and 
urban regions. The BiGRU model can accurately learn spatial 

(9)ad = �
(
Xapd + Yawd−1

)

(10)bd = �
(
Xbpd + Ybwd−1

)

(11)�wd = tanh
(
Xwpd + bd ⊗ Ywwd−1

)

(12)wd = (1 -ad)⊗ �wd + ad ⊗ wd-1

(13)wd = Concatenate
(
����⃗wd , �⃖���wd

)

FIGURE 4    |    Delineated representation of the R-BiGRU model.
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patterns in path loss because the input data include location 
details. By analyzing the cause of path loss estimation, commu-
nication via mm-Wave wireless transmission networks is en-
hanced. The path loss PL is estimated based on Equation (14).

Here, the term c indicates the distance. The linear slope and 
floating intercept are defined by the variables �  and �; they are 
computed using Equations (15) and (16).

In the above notations, the average path loss and the average 
distance is mentioned as PL and c, respectively. The dependence 
of frequency is estimated using Equation (17).

Here, the center frequency is given as qf . Target frequency 
and the frequency-dependency factor are signified as q and 
�, respectively. The ratio of frequency deviation is given as q

qf
. 

Visualization of the proposed URA-SO-AR-BiGRU-based path 
loss estimation in mm-Wave wireless communication is shown 
in Figure 5.

5.3   |   Objective Function

The URA-SO algorithm is used to tune the important hyper-
parameters of the BiGRU to improve estimation accuracy. 
Optimizing parameters like hidden neurons and steps per epoch 
can improve the efficiency of the AR-BiGRU model. These pa-
rameters are essential for managing the model's efficiency to 

(14)PL(c)(dB) = � + � .10log10(c)

(15)� =

∑z
j

�
cj − c

�
×
�
PLj − PL

�
∑z

j

�
cj−c

�2

(16)�(dB) = PL(dB) − � . 10log10(c)

(17)PL(c, q)(dB) = � + � .10log10(c) + �.20log10(c)

(
q

qf

)

FIGURE 5    |    Visualization of proposed URA-SO-AR-BiGRU-based path loss estimation in mm-Wave wireless communication.
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study more details from the extracted features while overcom-
ing the overfitting issues. The optimization process improves 
the capacity of AR-BiGRU in learning temporal and spatial fea-
tures to estimate path loss. Similarly, the complexity of the train-
ing process is also managed by the optimization of the learning 
rate and steps per epoch.

The objective function Wn of URA-SO-AR-BiGRU-based path 
loss estimation is provided in Equation (18).

In the above equation, the steps per epoch in BiGRU are tuned 
in between [100 − 500], and it is specified as SPBiGRUH . The op-
timized learning rate and hidden neuron count in BiGRU are 
referred as EDBiGRU

P  and YTBiGRUN ; both lies in the interval of 
[0.01 − 0.99] and [5 − 255].

•	 The mathematical computation for accuracy is given in 
Equation (19).

•	 Mean squared error (MSE) is provided in Equation (20).

Here, the total data point is given as J. The true negative, true 
positive, false positive, and false negative scores are specified as 
GTN, GTP, FFP, and FFN, correspondingly. The predicted and ac-
tual value is stated as Ĥz and Hz.

6   |   Performance Evaluation and Discussions

6.1   |   Experimental Setup

The path loss technique implementation was carried out using 
Python. Factors like maximum iteration, chromosome length, 
and number of population were assigned as 50, 3, and 10 during 
the execution. Existing models were compared to validate the 
efficiency of the path loss determination process. Heuristic 
approaches including Northern Goshawk Optimization 
(NGO) [33], Carpet Weaver Optimization (CWO) [34], Remora 
Optimization Algorithm (ROA) [35], and SOA [31] were ana-
lyzed. Also, state-of-the-art models like DNN [19], VGG-16 [20], 
RNN [24], and R-BiGRU [32] were considered for verifying the 
accuracy of the proposed approach. The feature extraction per-
formance was compared with CNN [20], Autoencoder [36], PCA 
[37], and CAE [38].

6.2   |   Performance Measures

Different performance indicators are used to compare the per-
formance of path loss estimation against different techniques. 

The metrics used for validating the prediction performance are 
calculated using Equations (21–24).

6.3   |   Performance Validation of Feature Extraction

The performance of PMC-CANet in feature extraction is com-
pared among other feature retrieval mechanisms, and the re-
sults are displayed in Figure  6. The proposed PMC-CANet's 
relief score surpasses those of the existing methods due to its 
ability to capture both local and global contextual dependen-
cies from the preprocessed data. The multihead cross-attention 
module improves the processing ability for finding the most 
important features. The pyramid convolution structure is use-
ful for performing multiresolution analysis in the input data, 
which allows for the retrieval of relevant features necessary 
for accurate path loss estimation. The CAE are not capable of 
handling the spatial fluctuation issues present in mmWave 
data. At the 4th head convolution, the chi-squared static of the 
presented PMC-CANet in feature extraction is 32.81%, 25%, 
18.75%, and 6.25% higher than CNN, Autoencoder, PCA, and 
CAE. The PCA model is a linear approach, and it might miss 
the relevant features that are useful for determining the path 
loss. Similarly, the existing approaches like the autoencoder 
are capable of learning nonlinear embeddings, but they often 
suffer from overfitting issues and miss the spatial information. 
Overfitting issues can be avoided even with high-dimensional 
inputs due to the pyramid convolution process that uses a mul-
tihead cross-attention mechanism.

6.4   |   Performance Validation of Path Loss 
Estimation

The performance validation of the proposed URA-SO-AR-
BiGRU for path loss estimation is conducted among prior 
techniques and algorithms as shown in Figures  7 and 8. The 
efficiency is tested by considering different predictive measures 
among activation functions. Nonlinear transformations in the 
retrieved features are precisely handled by the suggested AR-
BiGRU mechanism, and it is confirmed by the high accuracy 
scores attained by the model. The RMSE of the URA-SO-AR-
BiGRU in path loss estimation while analyzing with Tanh func-
tion is 13%, 25%, 44%, and 41% better than DNN, VGG-16, RNN, 
and R-BiGRU models. The AR-BiGRU model's adaptive temporal 

(18)Wn = argmin
{SPBiGRUH ,EDBiGRU

P ,YTBiGRUN }

(
1

Accuracy
+MSE

)

(19)Accuracy =
GTP + GTN

GTP + GTN + FFP + FFN

(20)MSE =
1

J

j∑
z= 1

(
Hz−Ĥz

)2

(21)
MPE =

∑ Ĥz −Hz

Ĥz

J

(22)
RMSE =

√√√√√√
j∑

z= 1

(
Ĥz−Hz

)2

j

(23)MASE =
1

j

j�
z= 1

⎛⎜⎜⎝

���Hz − Ĥz
���

1

j− 1

∑j
z=2

��Hz −Hz−1
��

⎞⎟⎟⎠

(24)SMAPE =
1

j

j∑
z= 1

|||Hz − Ĥz
|||( |Hz|+ |||Ĥz
|||

2

)
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modeling and hierarchical spatial characteristics make it pos-
sible to minimize prediction errors, as demonstrated by fewer 
MEP, SAMPE, and MASE outcomes. The inability to solve the 
vanishing gradient problems in existing models resulted in high 
prediction errors. Moreover, reducing computational complexity 
issues and obtaining accurate forecasting results were achieved 
by parameter tuning and an effective feature learning process 
before path loss estimation.

6.5   |   Accuracy Computation of Developed 
URA-SO-AR-BiGRU

The accuracy computation of the developed URA-SO-AR-
BiGRU among conventional algorithms and techniques is 
given in Table 3. In the epoch-wise performance comparison, 
the proposed URA-SO-AR-BiGRU attained an accuracy of 
97.12%, whereas DNN, VGG16, RNN, and R-BiGRU obtained 
an accuracy of 82.4%, 92.56%, 87.12%, and 93.36% at an epoch 
count of 15. These results confirm the rapid learning ability 
of the suggested URA-SO-AR-BiGRU in precisely handling 
diverse path loss patterns. The adaptability of handling non-
linear data by the conventional models is low as per the accu-
racy analysis. The accuracy of RNN in estimating path loss is 
low due to vanishing gradient issues. The accuracy of URA-
SO-AR-BiGRU is 94.24%, 96.8%, 97.12%, and 96.64% for the 

epoch range of 5, 10, 15, 20, and 25. Although the R-BiGRU 
model outperforms other approaches, URA-SO-aided optimi-
zation improves its performance in path loss estimation. Thus, 
it overcomes the bias and high-dimensional data handling is-
sues more efficiently.

6.6   |   Convergence Outcome

The convergence outcome of the proposed URA-SO-AR-
BiGRU-based path loss estimation model is given in Figure 9. 
The convergence graph analysis is helpful to demonstrate the 
optimal efficiency of the URA-SO algorithm in fine-tuning 
the parameters of the BiGRU model. Performance degrada-
tion issues are rectified by the stable convergence achieved 
by the URA-SO-aided optimization. By using sorted fitness-
based random number computation, the proposed URA-SO 
algorithm enhances the search process. This optimization 
process lowers the computational overhead issues while in-
creasing the precision of path loss prediction. As per the 
results, conventional algorithms like NGO-R-BiGRU, ROA-
R-BiGRU, CWO-R-BiGRU, and SOA-R-BiGRU exhibit delayed 
convergence among the iteration ranges. This optimization 
efficacy is beneficial in obtaining better path loss estimation 
outcomes by enhancing the bidirectional processing ability of 
the BiGRU model.

FIGURE 6    |    Performance validation of feature extraction model with respect to (a) chi-squared statistic, (b) variance, (c) correlation coefficient, 
and (d) relief score.

(a) (b)

(c) (d)
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6.7   |   Statistical Results

The statistical evaluation of the introduced URA-SO-AR-
BiGRU is conducted among other heuristic optimization al-
gorithms, and the results are provided in Table  4. The best 
statistical measure of the presented approach is 0.791, whereas 
the mean and median are 0.9411 and 0.791, respectively. The 
URA-SO algorithm consistently achieves optimal performance 
by obtaining better mean outcomes than other algorithms. 
The standard deviation of just 0.4643 confirms the stable con-
vergence behavior of the developed URA-SO over multiple 
iterations. Existing algorithms such as NGO NGO-R-BiGRU, 
ROA-R-BiGRU, CWO-R-BiGRU, and SOA-R-BiGRU often get 
trapped in local minima, as they result in less convergence 

reliability. The NGO and CWO algorithms reach the worst 
values of 5.19 and 4.52, which indicate the unstable search 
patterns of those algorithms in the problem space. Parameter 
tuning becomes less efficient in traditional SOA due to the ab-
sence of a fitness-based random integer update process.

6.8   |   Statistical Testing on the Proposed Model's 
Accuracy Across Traditional Models

The statistical testing on proposed URA-SO-AR-BiGRU is tabu-
lated in Table 5. This computation supports to establish the sta-
tistical enhancement of the developed URA-SO-AR-BiGRU over 
classical models. Here, the ANOVA F-statistic value of 11.4263 

FIGURE 7    |    Performance validation of introduced path loss estimation technique among existing methods in terms of (a) MAE, (b) MEP, (c) 
RMSE, (d) accuracy, (e) MASE, and (f) SMAPE.

(a) (b)

(c) (d)

(d) (e)
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shows that there is a major total difference in the mean accu-
racy of the frameworks being compared. Moreover, while com-
paring the proposed model versus VGG16, the t statistic of 3.76 
and a p value of 0.0055 demonstrate that the developed URA-
SO-AR-BiGRU accuracy is notably superior to the VGG16 model. 
Therefore, it is proven that the proposed URA-SO-AR-BiGRU 
performs better compared to other traditional approaches.

6.9   |   Performance Comparison of the Proposed 
Mechanism Against Baselines

Figure 10 shows the performance comparison of the proposed 
URA-SO-AR-BiGRU compared to other baselines. This anal-
ysis is useful to estimate the efficiency and the performance 

of the suggested model. Here, the traditional SVR model at-
tains the highest RMSE value of 0.5%, leading to a poorer fit 
to the data and less accuracy. However, the proposed URA-
SO-AR-BiGRU model attains the lowest RMSE value of 0.1%, 
indicating more précised path loss estimation, as the estima-
tions are much nearer to the actual path loss values. Hence, 
it is proven that the proposed model outperforms other baselines.

6.10   |   Ablation Validation on Proposed 
URA-SO-AR-BiGRU

In Table  6, ablation observation of the developed URA-SO-
AR-BiGRU is given. Generally, this computation is employed 
to assess the robustness. The table shows that the traditional 

FIGURE 8    |    Performance validation of the introduced path loss estimation model among conventional algorithms for (a) MAE, (b) MEP, (c) 
RMSE, (d) accuracy, (e) MASE, and (f) SMAPE.

(a) (b)

(c) (d)

(d) (e)
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TABLE 3    |    Accuracy computation of suggested path loss estimation model.

Accuracy

Epoch NGO-R-BiGRU [33] ROA-R-BiGRU [35] CWO-R-BiGRU [34] SOA-R-BiGRU [31] URA-SO-AR-BiGRU

Algorithm comparison

5 83.04 84.96 84.48 87.52 94.24

10 84.08 86.88 87.04 91.52 96.8

15 84.16 83.12 84.32 84.96 97.12

20 83.04 91.04 89.68 88.56 96.64

25 92 92.32 80.96 90.72 94.48

Classifier comparison

Epoch DNN [19] VGG16 [20] RNN [24] R-BiGRU [26] URA-SO-AR-BiGRU

5 84 86.48 86.8 88.96 94.24

10 84.32 93.04 83.6 88.32 96.8

15 82.4 92.56 87.12 93.36 97.12

20 78.72 84.56 83.2 88.88 96.64

25 89.36 89.36 91.12 89.2 94.48

FIGURE 9    |    Convergence outcome of suggested path loss estimation model.

TABLE 4    |    Statistical results of suggested path loss estimation model.

Statistical measures NGO-R-BiGRU [33] ROA-R-BiGRU [35] CWO-R-BiGRU [34] SOA-R-BiGRU [31] URA-SO-AR-BiGRU

Best 1.300417 1.424001 1.271852 1.315795 0.791963

Standard deviation 0.691655 0.453494 0.660147 0.470547 0.464341

Mean 1.654694 1.662579 1.545479 1.385501 0.941122

Worst 5.194203 2.627655 4.523694 4.678629 3.803367

Median 1.300417 1.426231 1.271852 1.315795 0.791963
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PMC-CANet-Res-BiGRU model attains 83.92% of perfor-
mance, which is lower than other models, indicating min-
imized data rates, improved energy usage, and poor device 
localization. However, the developed URA-SO-AR-BiGRU 
attains better accuracy as 97.12%, which helps to accomplish 
better outcomes without errors. Analysis displayed that the 
developed URA-SO-AR-BiGRU gained more precise path loss 
estimation than prior schemes.

6.11   |   State of the Art Comparison 
of the Proposed Scheme

Table 7 establishes the state-of-the-art comparison of the imple-
mented mechanism. This observation supports demonstrating 
the performance of each mechanism, providing a greater un-
derstanding. The traditional Unet [27] model attains 85.5% of 
accuracy, which leads to poor decision-making and ineffective 
performance. However, the developed URA-SO-AR-BiGRU 

model achieves 96.64% accuracy, indicating reliable decision-
making and enhanced efficiency. Thus, the suggested mecha-
nisms accomplish greater path loss than the baseline schemes.

6.12   |   Discussion on Proposed Model 
Interpretability and Deployment Feasibility

Table  8 provides the deployment analysis of the developed 
URA-SO-AR-BiGRU. The table shows that the model has 
a total size of 512.3 KB. And the proposed model took less 
training time of 2.134 s, indicating that the suggested URA-
SO-AR-BiGRU framework is comparatively lightweight and 
resourceful. Moreover, a decreased model size and rapid infer-
ence time specify superior potential for deployment in a range 
of scenarios. Also, less training time leads to lower compu-
tational cost and enhanced accessibility. Moreover, an analy-
sis on feature importance for path loss prediction is provided 
in Figure 11. This analysis shows the relative significance of 
diverse features in path loss prediction. Feature 3 attains a 
greater importance value of more than 0.4%, and Feature 2 at-
tains an importance value of 0.32%. The analysis of model size, 
inference time, and feature importance emphasize the critical 

TABLE 5    |    Statistical validation of the proposed model's accuracy 
across traditional models.

ANOVA F 
statistic,

p value: 
F_onewayResult(statistic = 11.42632052178628)

T-test URA-SO-AR-
BiGRU versus DNN

t = 6.63, p = 0.0002

T-test URA-SO-
AR-BiGRU versus 
VGG16

t = 3.76, p = 0.0055

T-test URA-SO-AR-
BiGRU versus RNN

t = 6.08, p = 0.0003

FIGURE 10    |    Performance comparison of the proposed URA-SO-AR-BiGRU against baselines.

TABLE 6    |    Ablation observation on developed scheme.

Model/metrics Accuracy

PMC-CANet 90.64

PMC-CANet -Res-BiGRU 83.92

PMC-CANet -AR-BiGRU 86.4

PMC-CANet - URA-SO-AR-BiGRU 97.12
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practical considerations for deploying models, emphasizing 
the necessitate to balance model intricacy and computational 
efficiency, performance, and interpretability to guarantee ef-
fective real-world application.

6.13   |   Analysis of the Proposed Scheme Through 
Regression Performance Metrics

Figure  12 provides the performance analysis of the proposed 
model using four common regression error metrics, namely, 

MAE, RMSE, MAPE, and R squared (R2). The figure shows 
that the proposed model attains a 1.37% MAE error value, 
which shows the absolute difference between the forecasted and 
the actual value, leading to effective and accurate outcomes. 
Hence, the validation results state that the developed URA-SO-
AR-BiGRU is better at estimating the path loss than the prior 
mechanism.

6.14   |   Discussion

6.14.1   |   Generalizability and Robustness 
of URA-SO-AR-BiGRU

The proposed URA-SO-AR-BiGRU has the capability to gen-
eralize well among varied wireless communication environ-
ments as maintaining robustness under varying operational 
conditions, in which the PMC-CANet feature extractor sig-
nificantly contributes to generalizability. Its pyramid convo-
lutional formation extracts multiscale differences, whereas 
the multihead cross-attention mechanism highlights the 
suitable contextual aspects. Therefore, the system learns 
local as well as global signal features, which could transfer 
efficiently to diverse settings, including cities, exurban, and 
domestic scenarios. Moreover, the AR-BiGRU with residual 
connections enhances robustness to chronological depen-
dency in sequential and spatial data. By capturing mutual 
information exchange and ensuring smooth gradients, the 
model has the ability to adjust to rapid environmental vari-
ability, like atmospheric attenuation, which is frequent in 
practical mmWave deployments. Furthermore, the URA-SO 
strategy strengthens the robustness of the proposed URA-SO-
AR-BiGRU by effectively tuning the hyperparameters of the 
AR-BiGRU model. This adaptive fine-tuning averts under-
fitting in uncomplicated settings and overfitting in intricate 

TABLE 7    |    State-of-the-art comparison of the proposed models.

Epoch DNN [26] Unet [27]

RF- 
SVR 
[28]

URA-
SO-AR-
BiGRU

5 91.92 85.92 90 94.24

10 90.72 84.88 86.96 96.8

15 92.56 91.84 86.88 97.12

20 85.52 85.84 92.32 96.64

25 88.16 89.52 90.88 94.48

TABLE 8    |    Deployment analysis of the proposed models.

Metric Value

Model size (KB) 512.3 KB

Training time (s) 2.134 s

Inference time (ms/sample) 0.25 ms

FIGURE 11    |    Analysis of feature importance for path loss prediction.
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settings, guaranteeing reliable performance across datasets 
with a varied degree of variations. Overall, the developed 
model maintains equilibrium on accuracy, scalability, and 
resilience, which makes it compatible for exploitation in 5G 
networks.

7   |   Conclusion

An advanced deep learning technique was developed for ac-
curate path loss estimation in mm-Wave wireless communi-
cation environments. After data collection, preprocessing 
was performed to clean and normalize the data for improv-
ing the prediction quality. The refined data were then passed 
through the PMC-CANet model for extracting features. To 
extract relevant features at multiple scales, this model uti-
lized a multihead cross-attention mechanism and a pyramid 
convolution module. These deep features were passed to AR-
BiGRU to estimate path loss. The URA-SO algorithm was 
employed to optimize the AR-BiGRU parameters for better 
performance. The entire performance of the suggested model 
was evaluated through experimental analysis against existing 
methods. The accuracy of the designed URA-SO-AR-BiGRU 
is 97.12% at an epoch range of 15. The resultant outcomes 
confirm the adaptability and robustness of the implemented 
URA-SO-AR-BiGRU in path loss estimation of mm-Wave 
wireless communication. Ensemble models will be considered 
in the future to enhance the accuracy of path loss estimation. 
The root cause of the path loss will be analyzed to minimize 
the path loss issues with advanced deep machine learning 
approaches.
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