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Abstract: The global deployment of 5G wireless networks has introduced significant ad-
vancements in data rates, latency, and energy efficiency. However, the rising demand
for immersive applications (e.g., virtual and augmented reality) necessitates even higher
data rates and lower latency, driving research toward sixth-generation (6G) wireless net-
works. This study addresses a major challenge in post-5G communication: mitigating
signal blockage in high-frequency millimeter-wave (mmWave) bands. This paper proposes
a novel framework for blockage prediction using AI-based classification techniques to
enhance signal reliability and optimize connectivity. The proposed framework is evalu-
ated comprehensively using performance metrics such as accuracy, precision, recall, and
F1-score. Notably, the NN Model 4 achieves a classification accuracy of 99.8%. Compre-
hensive visualizations—such as learning curves, confusion matrices, ROC curves, and
precision-recall plots—highlight the model’s performance. This study contributes to the de-
velopment of AI-driven techniques that enhance reliability and efficiency in future wireless
communication systems.
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1. Introduction
The development of sixth-generation (6G) wireless networks is driven by the growing

demand for ultra-high data rates, ultra-low latency, and massive connectivity. These capa-
bilities are essential to enable emerging technologies, such as immersive virtual reality (VR),
autonomous systems, and large-scale Internet of Things (IoT) deployments, thus necessitat-
ing the next evolutionary leap to 6G [1]. A key enabler of 6G is the use of millimeter-wave
(mmWave) frequencies (30–300 GHz), which provide vast spectrum resources to support
ultra-fast data transmission and enhanced bandwidth capabilities [2]. However, mmWave
bands present significant challenges in wireless communication, primarily due to their
unique propagation characteristics.

This paper addresses a fundamental challenge in mmWave systems: predicting signal
blockage and managing signal degradation in complex urban environments. The proposed
approach leverages AI-based classification models to predict signal blockage events in
real-time. The classification strategy differentiates between blockage and non-blockage
conditions based on path loss thresholds derived from empirical data and mmWave propa-
gation models. By applying machine learning (ML) methods such as logistic regression,
support vector machine (SVM), and neural networks (NNs), this study advances the devel-
opment of intelligent, adaptive communication systems that maintain robust connectivity
in dynamic environments.
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This study leverages multiple classification techniques, such as logistic regression,
SVM, and NNs, to optimize signal detection and minimize blockage in high-frequency 6G
systems. This approach classifies signals based on path loss. Specifically, it uses corrupted
path loss strength values to predict blockage. Our mechanism is based on the corrupted path
loss strength value. Thus, PL ≥ 120 =⇒ class zero indicates a signal blockage occurrence,
while PL < 120 =⇒ class one states that the signal is not blocked, as shown in Figure 1.
An assumption of 120 dB as a maximum path loss value allows the receiver to detect
and decode the transmitted signal; otherwise, the signal is considered noise [3]. Similarly,
reference [4] used machine learning techniques to model the loss of the mmWave path and
demonstrated that the strength of the received signal below a critical threshold (such as
120 dB) indicates a high probability of blockage. Moreover, the threshold of 120 dB aligns
with the receiver sensitivity limits of modern mmWave systems. According to system link
budget calculations, beyond this value, the signal-to-noise ratio (SNR) often drops below
the minimum required for decoding, effectively making the signal indistinguishable from
noise. This is consistent with established propagation models, such as the NYUSIM channel
model for 5G mmWave, which reports that urban microcell environments exhibit path loss
values in the range of 100–140 dB, with 120 dB often marking the transition from weak
but detectable signals to complete signal degradation [5]. In current 5G systems, blockage
prediction models often define signal blockage around similar path loss values. For example,
the 3GPP TR 38.901 standard for mmWave propagation considers the path loss in urban
scenarios and notes that beyond 120 to 130 dB, Non-Line-of-Sight (NLOS) conditions
dominate, significantly reducing link reliability [6]. Furthermore, reference [7] analyzed
mmWave propagation at 140 GHz and demonstrated that path loss values exceeding 120 dB
indicate significant blockage effects. Performance is then evaluated using metrics such as
accuracy, precision, recall, and F1-score.

Figure 1. Classes based on path loss.

By leveraging the results of these AI classification techniques, 6G cellular systems can
intelligently adapt to the dynamic nature of mmWave channels. This paves the way for:

• Robust communication: Proactive mitigation of signal degradation, blockage, and
channel impairments.

• Enhanced user experience: Consistent high-speed data delivery and reduced latency
for users.

• Improved network efficiency: Optimal resource allocation, minimizing wasted band-
width, and maximizing network capacity.

To summarize the contribution of the paper that involves signal enhancement, block-
age avoidance, and AI-driven signal optimization in high mmWave communication, the
following points are highlighted:
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• Signal Blockage Mitigation: We propose a novel mechanism to enhance signal recep-
tion by addressing the inherent susceptibility of mmWave communication to blockage
caused by obstacles, ensuring reliable connectivity in dynamic environments.

• AI-Driven Signal Optimization: Leverages artificial intelligence on the reception side
by intelligently selecting the optimal signal path or beam, dynamically adapting to
changing conditions, and maximizing communication efficiency.

• Enhanced High-Frequency Utilization: Demonstrates methods to optimize high-
mmWave frequency bands, overcoming propagation challenges to unlock their poten-
tial for reliable communications.

Finally, this work involves a discussion of the challenges and future research directions
in the integration of AI in 6G wireless communication technology. The results of this study
provide information on the potential benefits of AI in future 6G wireless communications
and highlight the need for further research in this area.

The structure of this manuscript is as follows: Section 1 introduces 6G wireless systems,
followed by a general background in Section 2. Section 3 presents 6G use cases, while
Section 4 discusses the network architecture. Section 5 outlines key challenges. Section 6
examines the integration of AI and Section 7 presents results related to block prediction.
Sections 8 and 9 provide future directions and the conclusion, respectively.

2. Background
Wireless channel modeling has traditionally relied on deterministic and empirical

methods. Examples include ray-tracing techniques and statistical propagation models,
which have been fundamental in characterizing signal behavior across diverse environ-
ments. However, with the adoption of mmWave and terahertz (THz) bands in 6G, AI and
ML have emerged as powerful alternatives to traditional modeling approaches [8,9].

Ray-tracing models simulate radio wave propagation deterministically by accounting
for reflections, diffraction, and scattering from obstacles such as buildings and vehicles.
These models offer high accuracy when detailed environmental information is available.
Similarly, empirical models, such as those proposed by Seidel and Rappaport [3], use statis-
tical data from measurements to estimate path loss. Although computationally efficient
and simple, empirical models often fail to generalize well to dynamic environments.

To address the challenges in mmWave propagation, AI-based models have been
extensively explored. Unlike traditional methods, AI models learn complex patterns di-
rectly from data, enabling them to predict channel behaviors, such as path loss, blockage,
and link reliability, without relying on detailed environmental parameters. Ghassemi
et al. [10] proposed a Transformer-based (ViT) approach for vision-aided blockage predic-
tion, which dynamically switches between the mmWave and sub-6 GHz bands to enhance
throughput and ensure reliable connectivity. Similarly, Charan et al. [11] developed a
deep learning model that integrates visual and wireless channel data to proactively predict
signal blockages.

The evolution from 5G to 6G represents not just an increase in data rates but also a
paradigm shift in network intelligence, spectrum utilization, and service delivery. The 6G
network is envisioned to operate in high-frequency bands such as millimeter wave (30 to
300 GHz) and terahertz (0.1 to 10 THz), unlocking vast spectral resources and enabling
extreme data rates of up to several terabits per second [2,12]. However, these bands present
severe propagation challenges, including increased free-space path loss, susceptibility to
atmospheric absorption, and vulnerability to physical blockages [13].

The attenuation in mmWave and THz bands is highly frequency-dependent. As fre-
quency increases, signals experience greater absorption by atmospheric gases—particularly
oxygen and water vapor—as well as materials, thus limiting the transmission range and
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the overall reliability of the link [14]. Building, vegetation, vehicle, and even human body
obstructions can rapidly attenuate signal strength, resulting in service interruptions [15].
As a result, predictive and adaptive mechanisms are critical for sustaining link quality in
6G environments.

To mitigate these challenges, recent research has focused on integrating artificial
intelligence (AI) and machine learning (ML) techniques to predict blockage events and
dynamically manage wireless resources [16]. AI models have demonstrated high efficacy
in analyzing complex propagation environments by learning from large datasets gener-
ated through ray tracing, real-world measurements, or simulations like NYUSIM [5,17].
Prominent among these are classification algorithms such as support vector machine
(SVM), logistic regression (LR), and neural networks (NNs), which effectively differentiate
blocked from non-blocked scenarios using features like path loss, delay spread, angles of
arrival/departure, and received power.

Furthermore, 3GPP TR 38.901 and other standardization efforts confirm that mmWave
signals typically become undetectable when the path loss exceeds 120–130 dB in urban
environments [6]. This threshold has been widely adopted in blockage classification
research and is used to define binary classes in many machine learning frameworks. The
ability of AI models to preemptively identify when a blockage is likely allows networks to
switch to alternative beams or fallback paths, thereby ensuring consistent quality of service.

Thus, this work contributes to the growing body of research that leverages AI classifi-
cation models to predict signal blockages in high-frequency wireless channels, offering an
intelligent solution to one of the key challenges in 6G network deployment.

Millimeter-wave (mmWave) communication differs from sub-6 GHz systems due to
its distinct signal behavior. Several key characteristics define its propagation:

High Path Loss: Due to their much shorter wavelengths, mmWave signals experience
significantly higher free-space path loss, especially as frequency increases. In dense urban
microcell environments, this loss can range from 100 dB to 140 dB, often exceeding the
120 dB mark, at which point, maintaining a reliable connection becomes a real challenge [7].

Dynamic Blockage: One of the major hurdles in mmWave systems is their sensitivity
to physical obstructions. Everyday urban features like buildings, trees, and even peo-
ple can interrupt the signal. Studies [18] show that dynamic situations such as passing
vehicles or pedestrians can cause sudden and severe drops in signal quality, leading to
unstable connections.

NLOS Conditions: In cities, direct Line-of-Sight (LOS) between transmitter and re-
ceiver is often blocked. In these cases, the system relies on reflected or diffracted signals,
which typically have weaker power, longer delays, and more variability. Tools such as
NYUSIM and ray-tracing models [7] demonstrate how much performance can suffer under
NLOS conditions, making smart mitigation strategies essential. Author: Done Environmen-
tal Sensitivity: mmWave signals are also highly affected by their surroundings. Factors like
the materials of nearby surfaces, their texture, and even weather conditions can influence
how signals propagate. Atmospheric absorption and scattering make real-time modeling
and prediction even more complex.

Because of these challenges, there is a growing need for advanced, adaptive technolo-
gies—particularly AI-driven approaches—for predicting blockages and adjusting links on
the fly. These innovations will be key to making mmWave viable in future 6G networks.

3. 6G Radio
The 6G wireless network is empowering different new applications with the applica-

tion of several innovations [19]. Integrating the 5G New Radio (NR) framework with evolv-
ing wireless network architectures presents a key challenge for future generations [20,21].
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Although 5G NR operates in the mmWave band, beamforming is essential for enhancing
signal gain. It plays a critical role in improving link reliability and coverage within the
mmWave spectrum. The 6G network is anticipated to outperform existing networks by
supporting advanced applications and services with unprecedented performance require-
ments. These networks are expected to meet the growing demand for ultra-high data rates,
ultra-low latency, wide coverage, high reliability, and consistent service quality.

Channel modeling has always been a critical component of wireless communication
systems across all generations. Wireless channels are unpredictable due to many reasons
such as movement that affects the propagation of the signal and blockage. Traditionally,
wireless channel estimation relied on deterministic or empirical methods. In 5G+ and future
networks, AI and ML techniques are increasingly employed to enhance the accuracy of
path loss estimation. Calculating the received signal strength is also useful for determining
base station coverage [22].

These models use ray optical laws to calculate the reflected rays and diffraction of elec-
tromagnetic waves during scene or location reproduction. Ray tracing, an optical modeling
approach, considers all potential paths a signal may traverse between the transmitter and
receiver. It then adds up the power from each of these paths to determine the total received
power at a specific location. Ray tracing algorithms account for multiple reflections and
obstructions by simulating visibility and reflection conditions along the signal path. Such
models have been widely implemented in commercial and academic wireless simulation
tools. Accurate modeling of multipath reflections is essential in ray tracing, especially in
environments with dense obstructions. The ray tracing calculation determines all pertinent
beams for each collection point of varied focuses [7].

To date there have not been commercial 6G applications but researchers are working
on these, and the following subsections may contribute to this.

3.1. Extensive Machine-to-Machine Interaction

Machine-type communication handles communication between machines without
the need for human intervention. The number of connected devices is estimated to reach
billions of devices. Extensive machine-to-machine interaction is described as one of the es-
sential use cases of 5G NR for communication among these massive amounts of connected
devices. Extensive machine-to-machine interaction can be used for various purposes, in-
cluding wellness monitoring, the board of armada and scheduled operations, autonomous
driving, industrial facility mechanization, intelligent metering, surveillance, and secu-
rity [23].

3.2. Network Design for Network Transition Past 5G/6G

D2D, OFDMA NOMA, SCA, MIMO, and massive MIMO are essential improvements
in the 5G organization architecture. These developments have concentrated on meeting all
of the 5G requirements that are recognized as the 2020 prerequisites. The System Coordi-
nated Access (SCA) network constructs the inclusion and offloads the data flow. MIMO
helps broaden the diversity achieved to accommodate the most significant number of
clients. Massive MIMO is an expansion of conventional MIMO frameworks that aids in
enabling massive availability in the business. Mental Radio is another essential innovation
for utilizing the accessible groups in the range by changing various bounds for concurrent
correspondence. According to 3GPP release 15, the leading standard air interface for the
5G organization is 5G New Radio. In 5G NR, 3GPP has established two frequency groups.
These two frequency bands are less than 6 GHz (FR1) and greater than 24 GHz (FR2).
The FR2 spectrum incorporates the millimeter-wave band, which uses high frequencies to
improve information speeds. The diverse range and numerology provide full inclusion
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and better information rates. Because high frequencies are often associated with signifi-
cant proliferation problems, mmWave execution is constrained to narrow locations. The
mmWave restriction can be removed by increasing the radio wire gain by beamforming.
Beamforming is a technique for directing the most extreme force of a sign toward the
client’s direction. An investigation of the association of wireless frequency with the path
loss for a range of frequencies from 0.1 GHz to 100 GHz can be seen in Figure 2. The power
of the frequencies is shown in the figure; frequencies such as 2, 18, 40, 54, 68, and 82 GHz
exhibit varying degrees of path loss. In general, higher frequencies correspond to greater
path loss and vice versa.

Figure 2. mmWave frequencies vs. path loss [24].

While early 5G networks operated primarily in sub-6 GHz bands, the demand for
higher data throughput led to the adoption of mmWave frequencies. The 6G network is ex-
pected to utilize terahertz (THz) frequencies to support data rates reaching up to terabits per
second [25]. Optical Wireless Communication (OWC) is emerging as a promising solution,
with visible light frequencies offering substantial potential for data transmission. Visible
Light Communication (VLC) refers to data transmission using visible light wavelengths,
offering high-speed and interference-free communication [26]. Notably, visible light wave-
lengths enable high data rates (in the terabit-per-second range) and support energy-efficient,
environmentally friendly communication. Future forms will focus on reduced power con-
sumption and increased battery life by delivering energy-efficient methods.

4. 6G Challenges and Opportunities
This section outlines the key challenges and potential opportunities associated with

sixth-generation (6G) wireless communication systems.
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4.1. Material Internet Challenges

Integrating communication, management, and computing systems into a unified
framework is one of the primary technical challenges in realizing the vision of the tactile
internet. The flexible communication framework is integrated into a wireless network. It
combines hardware and virtual network components to support dynamic control systems.
The tactile internet is still in its early developmental stages. Several unresolved evaluation
challenges still need to be addressed. In addition to physical layer challenges—such as
waveform design and robust scheduling—with intelligent control-plane and user-plane
reducing end-to-end delay, it is critical to focus on flexible network coding techniques, and
adaptive routing algorithms. Similarly, security is likely the most basic requirement for
material internet applications. To protect against malicious attacks, robust security and
trust assurance mechanisms must be implemented. The fundamental design principle of
wireless tactile systems should be to empower users through assisted decision-making,
rather than fully replacing human roles or control [27].

4.2. Non-Technical Challenges

The evolution of 6G must address not only technical challenges but also a variety of
non-technical issues, including industry resistance, spectrum allocation policies, regulatory
frameworks, and legal considerations. Unlike 5G, 6G is expected to be deeply integrated
into all aspects of human life and industrial activity, fostering stronger collaboration across
various sectors. Versatile correspondence will entail not being restricted to its specific
field but collaborating intimately with different ventures/fields. In any case, the natural
approach or benefits of certain customary methods would directly or, by implication, create
industry obstructions to 6G. Another non-specific component is the range task and use
rules. For instance, the 6G terahertz repeat will require composing assignments from
various states and areas worldwide. A bound-together recurrence range should be spread
as much as possible. Coordination with clients in other regions of the range, such as climate
radar, should also be considered. In terms of plans and rules, satellite communications will
face increasing constraints. A satellite’s correspondence circle and reach resources should
be determined through individual interviews. Second, satellite correspondences will have
more issues when trading through overall meandering than through traditional natural
interchanges [25]. As of now, a few powerful nations and a few industry interests are
effectively building satellite communication frameworks. Organizing connections between
these satellite communication frameworks which are conveyed freely to one another will
be a complicated issue.

4.3. Application Segmentation

Application segmentation is analogous to the client-side in network slicing. It aids
in applications such as haptic communication, remote surgery, autonomous vehicles, and
many more. Several utilization cuts have built-in application cutting layers in light of the
different uses. The layer then gathers all the insights regarding the requested application
and encodes them as execution measurements. These measurements will incorporate the
required quality of service, inertness necessities, and the required transfer speed. At the
RAN segmentation layer, a cut is chosen from the generally present cuts and put away in
the store because of the exhibition measurements. If, regardless, the required RAN cut is
absent, a new cut is created by the NFL. Segmentation engineering creates different new
services [28,29].
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5. Knowledge of Artificial Intelligence
Recent advancements in artificial intelligence (AI) have significantly expanded its

applications across both academic research and commercial sectors. AI has rapidly found
use in cognitive radios, remote sensing, computer vision, and network management within
communication and signal processing domains [30]. In wireless communications, AI algo-
rithms have demonstrated value in emerging technologies, such as massive MIMO, which
require efficient channel estimation and optimization. Such tasks typically do not yield
low-complexity optimal solutions in complex wireless environments; therefore, the parallel
processing capabilities inherent in AI can be leveraged to improve computational efficiency.
Modern wireless communication networks adopt a layered architecture, where each layer
is responsible for specific functions, including those that support AI integration. Advanced
AI algorithms are increasingly bridging the gap between protocol layers, enabling more
holistic optimization across the wireless network stack [16]. In any case, this part is coor-
dinated considering the current layers to provide a noticeable way to explore numerous
unpreventable computer-based intelligence applications. It is critical to note that simulated
intelligence is a good idea that incorporates several branches that cut across different areas,
for example, mechanical innovation, normal language handling, AI, and PC vision.

5.1. Artificial Intelligence in the Physical Layer

Traditionally, physical layer modeling has been model-based, where mathematical
structures are defined and refined within specific constraints to meet predetermined per-
formance requirements. For example, a channel model is typically designed to work
alongside parametric methods to guide channel estimation. Researchers have recently
adopted AI techniques to model wireless communication channels and estimate channel
state information (CSI) parameters [31,32].

5.2. Artificial Intelligence in Wireless Networks

The availability of rich datasets across various layers of wireless systems makes them
well suited for the application of AI-based solutions. Researchers have successfully applied
reinforcement learning strategies to routing protocol design in wireless sensor networks,
achieving more energy-efficient control mechanisms for distributed sensor environments.
In vehicular communication systems, predictive models based on real-time data have
shown superior accuracy compared to traditional probabilistic models, especially given
the dynamic nature of vehicle movement [33]. Beyond advancements in computational
techniques, one major challenge lies in data storage and management, particularly within
centralized cloud-based data centers. Such centralized processing can cause significant
delays in executing time-sensitive tasks, especially for devices distributed over large geo-
graphic areas. Moreover, centralized computing is not ideal for maintaining data privacy
and addressing processing constraints in distributed systems. Edge AI enables localized
devices to perform computation and decision-making tasks, thereby alleviating the limita-
tions of centralized cloud systems [34]. However, edge devices may face potential overload,
as they typically lack the processing power of a centralized cloud infrastructure. Ongoing
research efforts have focused on the following strategies to address these challenges:

• Improving the processing capabilities of edge hardware.
• Enhancing coordination between edge and central processing units to optimize

task allocation.

5.3. Artificial Intelligence in Network Administration and AI

Simulated intelligence is essential in the administration of organizations. With the rise
in Software-Defined Networking (SDN) and Network Function Virtualization (NFV), large-
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scale data collection has become significantly more accessible. This progress has enabled
robust AI-based management and coordination mechanisms within 6G, paving the way
for full network automation [16]. Specifically, the core domain of network administration
presents several challenges, which can be broadly categorized as follows:

• Supervised learning: Commonly applied for traffic prediction, classification, and
resource forecasting.

• Reinforcement learning: Effective in dynamic resource management and adaptive
control.

• Unsupervised learning: Although less common, it offers promising use cases in
anomaly detection and traffic pattern discovery.

6. Pervasive Artificial Intelligence Issues
During the early phases of 5G standardization, researchers explored the potential of

artificial intelligence to enhance performance and operational efficiency. Specifically, AI
algorithms can support tasks that are traditionally inefficient when performed manually,
such as anomaly detection, resource allocation, and automated network management.
However, these AI-driven solutions have yet to be fully adopted in global 5G deployments.
While artificial intelligence (AI) is expected to drive a paradigm shift toward data-driven
approaches in wireless communication, several unresolved challenges remain. There is still
no consensus on the most effective algorithms for addressing unified challenges in small-
scale networks, such as modulation and coding design, channel estimation, and resource
allocation [30]. Practically distributed work promises high precision or low complexity with
either logical hypotheses or valuable informational collections. Furthermore, we note the
lack of a powerful strategy for fair examination across all recommended arrangements due
to differences in selected informational collections, assumptions, and assessment standards.
A cautious collection cycle should be followed for organizations to recognize computations
without losing general relevance. Second, the limited accessibility of value datasets hinders
the testing and acceptance of suggested categorization or relapse estimates [35,36].

7. Results
The dataset used in this study was generated using the NYUSIM millimeter-wave

channel simulator [17], configured for an urban microcell environment at a frequency of
145 GHz. In the simulation setup, both LOS (Line-of-Sight) and NLOS (Non-Line-of-Sight)
conditions were mixed to accurately reflect urban microcell environments. The NYUSIM
channel simulator inherently accounts for various urban obstacles, including buildings,
vehicles, and other typical obstructions. The simulations were not limited to open spaces
but incorporated realistic urban blockage scenarios to evaluate the performance of the
classification models under diverse conditions. The generated Channel State Information
(CSI) includes critical parameters such as the T-R separation distance (m), time delay (ns),
received power (dBm), phase (rad), azimuth AoD, elevation AoD, azimuth AoA, elevation
AoA, path loss (dB), and RMS delay spread (ns). To enable binary classification, a path loss
threshold of 120 dB was employed to assign data to two classes. Prior to model training,
the dataset underwent preprocessing, which included normalization of numerical features
to ensure uniform scaling and enhance model convergence. Subsequently, the dataset
was split into training and testing sets using a standard 80:20 ratio. This enabled effective
training of the classification models—including logistic regression, support vector machine
(SVM), and several neural network configurations—while ensuring reliable evaluation,
using metrics such as accuracy, precision, recall, and F1-score on unseen data. Figure 3
illustrates the distribution of the path loss (dB) against the average T-R separation distance,
highlighting the expected signal attenuation with increased distance.
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Figure 3. Distribution of path loss (dB) and T-R separation distance (m).

This section analyzes the performance of classification models to uncover patterns
in the dataset and evaluate their effectiveness in binary classification. Using performance
metrics and visualizations, the study seeks to provide insights that support reliable decision-
making in binary classification tasks.

For classification, we employ logistic regression, SVM, and an NN. Performance is
evaluated using metrics like accuracy, precision, recall, and F1-score. Visualizations, such
as learning curves, confusion matrices, ROC curves, and precision-recall curves, aid in
assessing the models’ effectiveness.

The use of metrics and visualizations enables a thorough evaluation of model perfor-
mance and enhances our understanding of binary variable analysis. Neural networks (NNs),
logistic regression, and support vector machine (SVM) are AI classification techniques that
have been implemented to predict the blockage occurrence during signal propagation.

In this section, classification models, such as an NN, logistic regression, and SVM,
have been applied. The quality of these models is evaluated using metrics to assess
model performance.

• Accuracy: Represents the proportion of correctly classified instances (blocked vs.
non-blocked signals). While useful as an overall measure, it can be misleading for
imbalanced datasets.

• Precision: Indicates the ability to avoid false positives, which is especially important
in identifying blocked signals accurately.

• Recall: Measures the model’s ability to detect blocked signals, minimizing false
negatives.

• F1-score: A harmonic mean of precision and recall, used to balance these metrics when
they conflict.

• ROC Curve and AUC (Area Under the Curve): Demonstrate the model’s discrim-
inative power across different classification thresholds, with higher AUC values
indicating better performance.

Learning curve: The learning curve illustrates the relationship between the model’s
accuracy and the size of the training dataset. It helps assess if the model would benefit
from additional training data or if it has reached its maximum potential.
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Accuracy: This represents the overall ability of the model to make correct predictions.
A high accuracy result indicates that the model has a high rate of overall correct predictions.

Accuracy =
TP + TN

TP + TN + FP + FN
(1)

where TP represents true positives, and TN stands for true negatives, while FP represents
false positives and FN represents false negatives.

Precision: The model can avoid misclassifying negative instances as positive. High-
precision results show that the model has a low rate of false positives.

Precision =
True Positives

True Positives + False Positives
(2)

Recall: Represents the model’s ability to correctly identify positive instances. A high
recall value indicates that the model has a low rate of false negatives and can identify most
of the positive instances.

Recall =
True Positives

True Positives + False Negatives
(3)

F1-Score: It is a general measure of the model’s precision, considering both the ability
to avoid false positives and false negatives. A high F1-score means the test does well at
avoiding both mistakes, striking a good balance between accuracy for positive things and
accuracy for negative things.

F1-Score =
2 ∗ Precision ∗ Recall

Precision + Recall
(4)

ROC Curve: The Receiver Operating Characteristic (ROC) curve shows how well a
binary classification model performs at different levels of strictness. It does this by plotting
how often it correctly identifies positive cases (recall) against how often it mistakenly
identifies negative cases as positive across different thresholds [37].

Precision-Recall Curve: The precision-recall curve visualizes the trade-off between
precision and recall at different classification thresholds. It plots precision on the y-axis and
recall on the x-axis.

Initially, functions are created to efficiently apply the models and display the metrics.
Then, a brief description of each model’s functioning is provided. Finally, the results of the
regression models are discussed and analyzed.

7.1. Neural Networks (NNs)

Neural networks are a part of artificial intelligence that acts like a computer version
of a brain [38]. Made up of simple processing units connected in layers, they mimic
the way brains learn by passing information back and forth, usually called forward and
backward propagation, as shown in Figure 4, and the output can be calculated using
Equations (5) and (6).

Lϵ(y, f (x, w)) =
1
2

k

∑
i=0

(yki
− ŷki

)2 (5)

where L represents the loss, y is the actual dependent value, and ŷk is the predicted value.
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Figure 4. Neural Networks Forward and Backward Propagation.

The predicted value of the neural network can be represented as follows. The equation
for a neural network can be expressed in terms of its forward pass. A common form for a
single-layer and multi-layer neural network is:

ŷ = f (W · x + b) (6)

ŷk =
k

∑
i=0

(wjk · S
k

∑
i=0

(wijxi + bj) + bk) (7)

Further details of forward and backward propagation are presented below.

7.1.1. Forward Pass

During the forward pass, the input data are propagated through the layers of the
neural network to calculate the output. For a given layer l, the output z(l) is computed as:

z(l) = W(l) · a(l−1) + b(l), (8)

where:

• W(l) is the weight matrix of layer l,
• a(l−1) is the activation from the previous layer,
• b(l) is the bias vector of layer l.

The activation a(l) of the current layer is then calculated using an activation function
f (·). For the ReLU (Rectified Linear Unit) activation function, this is expressed as:

a(l) = max(0, z(l)). (9)

The final layer uses a sigmoid activation function for binary classification, defined as:

a(L) =
1

1 + e−z(L) , (10)

where L is the output layer.
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7.1.2. Backpropagation

The backpropagation algorithm calculates the gradients of the loss function concerning
the model parameters (W and b) to update them during training. This process involves the
following steps.

7.1.3. Gradient of the Loss Function

The loss function L for binary classification is defined as:

L = − 1
N

N

∑
i=1

[yi · log(pi) + (1 − yi) · log(1 − pi)], (11)

where:

• N is the number of samples,
• yi is the true label of the i-th sample,
• pi is the predicted probability for the i-th sample.

7.1.4. Weight and Bias Updates

For each layer l, the gradients of the loss function to the weights W(l) and biases b(l)

are calculated as follows:
∂L

∂W(l)
= δ(l) · a(l−1)T

, (12)

∂L
∂b(l)

= δ(l), (13)

where δ(l) is the error term for layer l, calculated as:

δ(l) =
∂L

∂z(l)
· f ′(z(l)). (14)

Here, f ′(z(l)) is the derivative of the activation function f (·). For the output layer, the
error term is computed as:

δ(L) = a(L) − y, (15)

where a(L) is the output activation, and y is the true label.

7.1.5. Propagation to Previous Layers

The error term for a hidden layer l is propagated backward as:

δ(l) =
(

W(l+1)T · δ(l+1)
)
· f ′(z(l)). (16)

7.1.6. Parameter Update

Finally, the weights and biases are updated using the gradient descent algorithm:

W(l) = W(l) − η · ∂L
∂W(l)

, (17)

b(l) = b(l) − η · ∂L
∂b(l)

, (18)

where η is the learning rate.
The forward and backpropagation processes enable the neural network to learn by

iteratively updating its weights and biases to minimize the loss function. This mechanism
allows the network to effectively predict signal blockages in high-frequency mmWave
communication systems.
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7.2. Support Vector Machine

Support vector machine (SVM) is a classification tool used in machine learning. SVM
works by identifying a hyperplane in high-dimensional space that optimally separates the
data points belonging to different classes. This hyperplane is defined by an equation of
the form:

wTx + b = 0 (19)

where w is a weight vector representing the direction of the hyperplane and x is a data
point, while b is the bias term that determines the position of the hyperplane and T denotes
the transpose operation.

The main concept of SVM is to create a wide gap between the decision line (hyperplane)
and the most important data points (support vectors) for each class. This gap is critical for
the model’s ability to handle new, unseen data (generalization performance). By prioritizing
a large margin, SVM seeks to build a strong decision boundary that can effectively separate
the classes.

7.3. Logistic Regression

Logistic regression is an algorithm used for binary classification problems. This
model predicts the chance of something belonging to a specific group by using a logistic
function [39]. The logistic function is defined as:

f (x) =
1

1 + e−z (20)

where z is a linear combination of the predictor variables:

z = β0 + β1x1 + β2x2 + . . . + βnxn (21)

Here, β0, β1, . . . , βn are the coefficients of the regression to be estimated. The logistic
function transforms the value of z into a range between 0 and 1, which is interpreted as the
probability of the instance belonging to the positive class.

To estimate the regression coefficients β, the maximum likelihood method is used. The
goal is to maximize the likelihood function, which is defined as the probability of observing
the training data given the model. Once the coefficients have been estimated, logistic
regression can be used to make predictions. If the estimated probability f (x) is greater than
a predetermined threshold (usually 0.5), the instance is classified as positive; otherwise,
it is classified as negative. Following are the classification algorithms assessments of
overcoming blockage in 145 GHz mmWave bands by predicting two classes for a good
signal and blocked signal that have a path loss value above 120 dBm.

Figure 5 visualizes the trade-off between precision (avoiding false positives) and recall
(capturing true positives) at various classification thresholds. The precision-recall curve
indicates that NN Model 4 has a curve closer to the top-right corner compared to the other
models, signifying a better balance between precision and recall. The other models like SVM
and NN Model 3 also perform well but show slightly lower precision or recall compared to
NN Model 4. The curve shows how sensitive the models are to threshold changes, with
NN Model 4 maintaining high performance over a broader range of thresholds. Thus, this
indicates that NN Model 4 is highly reliable in identifying blocked and non-blocked signals,
even when the decision boundary changes.
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Figure 5. Precision-recall curve of multiple classification models.

Figure 6 represents the ROC curve and evaluates the model’s discriminative power by
plotting true positive rates (recall) against false positive rates across thresholds. SVM and
NN Model 3 also exhibit strong performance but lag slightly behind NN Model 4. How-
ever, NN Model 4 achieves the highest AUC value, approaching 1.0, indicating excellent
performance in distinguishing blocked from non-blocked signals. NN Model 4 shows a
steep rise toward the top-left corner, meaning it achieves high recall with minimal false pos-
itives, a critical attribute in blockage prediction, compared with logistic regression, which
shows a more gradual rise, reflecting limitations in capturing the complex relationships
between features.

Figure 6. ROC curves of multiple classification models.
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Figure 7 presents the curve that demonstrates the convergence of the neural network
models by showing how the loss decreases during training. NN Model 4 achieves a smooth
and rapid decrease in loss, indicating effective learning and optimization. The lack of
significant oscillations suggests that the learning rate and batch sizes were well tuned. A
plateau in the loss at a low value suggests that NN Model 4 avoids overfitting, likely due
to proper regularization. Therefore, the stable convergence implies that NN Model 4 can
generalize well to unseen data, making it reliable for practical deployment. While Figure 8
shows the training and validation loss vs. iteration curve.

Figure 7. Loss vs. Iteration curve.

Figure 8. Training and Validation Loss vs. Iteration curve.
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Figure 9 shows the Matthews Correlation Coefficient (MCC) curve, plotting the MCC
score against different decision thresholds for multiple models. Most models achieve
their highest MCC scores in the threshold range 0.3–0.7, meaning this is where they best
balance the four confusion matrix components. After this range, the MCC starts to decline,
indicating either too many false positives (low threshold) or too many false negatives
(high threshold). NN Model 4 has the highest MCC scores, approaching 1.0 at their peak.
This suggests they handle class imbalance effectively. Other NN Models also perform
well, though they slightly dip compared to Model 4. SVM and logistic regression show
lower MCC scores, indicating they are not as effective at balancing false positives and false
negatives compared to neural networks.

Figure 9. Analysis of the Matthews Correlation Coefficient (MCC) curve.

These figures collectively validate the superior performance of NN Model 4 and
provide evidence for its robustness in addressing the blockage classification challenge.

Table 1 shows the architectural differences between NN Model 1 to NN Model 4,
considering multiple algorithms, including neural networks (NNs), logistic regression (LR),
and support vector machine (SVM).

◦ Model 1: Shallow network (1 hidden layer, 32 neurons)
◦ Model 2: Moderate depth (2 hidden layers, 64–32 neurons)
◦ Model 3: Deeper network (3 hidden layers, 128–64–32 neurons)
◦ Model 4: Optimized model (4 hidden layers: 128–64–32–16 neurons, with dropout

and L2 regularization)

Neural Network (NN) Model 4 outperformed logistic regression (LR) and support
vector machine (SVM) and other NN models due to its ability to:

◦ Capture Nonlinear Relationships: The path loss and blockage relationship involve
complex, nonlinear patterns influenced by environmental factors, which NNs can
model effectively.

◦ Handle High-Dimensional Data: NNs efficiently process multivariate features such as
distance, power, and angle of departure/arrival, leveraging their layered architecture.
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◦ Achieve Optimization via Backpropagation: The NN used in this study was fine-
tuned through hyperparameter optimization, including the number of hidden layers,
neurons, and learning rates, allowing it to learn intricate patterns from the data.

◦ Enable Scalability: The NN’s architecture was better suited for larger datasets com-
pared to SVM and LR.

Table 1. An assessment of the clustering algorithms.

Classification Algorithm Precision Score Recall Score F1-Score

NN Model 1 0.81 0.81 0.80

NN Model 2 0.86 0.85 0.85

NN Model 3 0.98 0.98 0.98

NN Model 4 1.00 0.99 1.00

LG Model 0.80 0.79 0.79

SVM Model 0.96 0.95 0.96

Moreover, Neural Network (NN) Model 4 achieved superior performance compared
to other models and configurations due to the following key factors:

• NN Model 4 had more hidden layers, neurons per layer, and a higher learning rate,
enabling it to learn complex, nonlinear relationships between features (e.g., path loss,
distance, received power).

• These architectural enhancements provided the model with a greater capacity to
capture intricate patterns in the dataset.

• NN Model 4 demonstrated the best trade-off between precision and recall, as reflected
in its high F1-score.

• This balance indicates that it effectively reduced both false positives and false nega-
tives, making it highly reliable in detecting blockage and non-blockage scenarios.

Since Neural Network (NN) Model 4 is highlighted as superior, the architecture and
hyperparameters of the NN Model 4 are summarized as follows:

NN Model 4 was designed as a fully connected feedforward neural network (FNN)
optimized for blockage prediction in high-frequency millimeter-wave (mmWave) commu-
nication. The architecture consists of the following:

• Input Layer:

◦ 10 neurons (corresponding to 10 input features, including T-R separation distance,
received power, azimuth AoD, elevation AoD, path loss, and RMS delay spread).

• Hidden Layers:

◦ Layer 1: 128 neurons, Adam activation
◦ Layer 2: 64 neurons, Adam activation
◦ Layer 3: 32 neurons, ReLU activation
◦ Layer 4: 16 neurons, ReLU activation

• Output Layer:

◦ 1 neuron, Sigmoid activation (since the task is a binary classification: “blocked”
vs. “non-blocked”).

To ensure optimal model performance, we employed grid search and manual tuning
of hyperparameters. The final values used for NN Model 4 are:

• Optimizer: Adam (Adaptive Moment Estimation)
• Learning Rate: 0.001
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• Batch Size: 64
• Loss Function: Binary Cross-Entropy
• Epochs: 100
• Regularization: L2 (λ = 0.0001) applied to all layers
• Dropout: 20

7.4. Comparative Analysis with Literature Benchmarks

While our study evaluates neural network models, SVM, and logistic regression for
blockage prediction in mmWave communications, it is essential to contextualize these
findings within prior research.

Recent state-of-the-art efforts include:

• Ghassemi et al. (2025) [10]: Introduced a Vision Transformer (ViT)-based dual-band
prediction framework using visual context for enhanced robustness, achieving 98.6%
accuracy with high computational cost due to transformer complexity.

• Charan et al. (2021) [11]: Developed a vision-aided model combining wireless and
visual features to predict blockage and facilitate proactive handover, achieving 96.5%
accuracy but requiring visual sensor inputs.

• Alrabeiah et al. (2021) [40] and others proposed hybrid deep learning models inte-
grating sub-6 GHz auxiliary data and high-dimensional feature fusion, achieving
97.2–98.0% accuracy.

In contrast, our NN Model 4 leverages only the wireless channel parameters (e.g.,
path loss, AoD/AoA, delay spread) and still achieves 99.8% accuracy, surpassing many
vision-augmented models in terms of classification performance.

Moreover, our model’s lightweight structure with four hidden layers and dropout
regularization reduces the computational overhead, making it more suitable for real-time,
on-device deployment in 6G environments.

The comparison in Table 2 clearly shows that our proposed NN Model 4 achieves
state-of-the-art performance without the complexity or hardware dependency of vision-
based systems. It is, therefore, an ideal candidate for practical deployment in mmWave
and 6G applications where power, latency, and computational efficiency are critical.

Table 2. Performance comparison with state-of-the-art models.

Model/Study Accuracy (%) Precision Recall F1-Score AUC MCC Notes

Our NN Model 4 99.8 1.00 0.99 1.00 0.99 0.99 Lightweight, no vision
input, high efficiency

SVM (this study) 96.0 0.96 0.95 0.96 0.97 0.91 Classical ML, no deep
learning overhead

Logistic
Regression 80.0 0.80 0.79 0.79 0.81 0.72 Linear, interpretable,

lower performance

Ghassemi et al.
(2025) [10] 98.6 0.97 0.98 0.98 0.98 0.94 ViT-based, camera

input, high complexity

Charan et al.
(2021) [11] 96.5 0.96 0.96 0.96 0.96 0.91 Vision-aided hybrid

model

Alrabeiah et al.
(2021) [40] 97.2–98.0 0.97 0.97 0.97 0.97 0.93 Fusion of wireless +

visual + sub-6 GHz

7.5. Computational Complexity

A comparative analysis of the computational and memory complexities for logistic
regression (LR), support vector machine (SVM), and neural network (NN) models, with



Electronics 2025, 14, 2007 20 of 22

emphasis on the proposed NN Model 4. As seen in Table 3, logistic regression provides
the lowest computational complexity, it lacks the expressive capacity to capture nonlinear
characteristics in mmWave environments. SVM performs better in such contexts but
scales poorly with larger datasets. The proposed NN Model 4, although computationally
more intensive during training, significantly outperforms other models (achieving 99.8%
accuracy) and is optimized for inference in real-time applications through regularization
and a GPU-friendly architecture. Thus, the computational cost is justified by the significant
performance gains, especially in dynamic 6G environments.

Table 3. Computational complexity analysis of classification models.

Model Time Complexity (Training) Space Complexity Remarks

Logistic Regression (LR) O(n · d) O(d)

Efficient and scalable for linear
problems; limited modeling
capability for nonlinear
patterns.

Support Vector Machine
(SVM) O(n2 · d) to O(n3) O(n · d)

Effective in small to
medium-scale problems; kernel
computations make it costly for
large datasets.

Neural Network (NN
Model 4) O(∑(di · di+1 · e)) O(∑(di · di+1))

High training cost, but scalable
and fast at inference; supports
GPU acceleration; best suited
for complex nonlinear tasks.

where:

• n = number of training samples
• d = number of input features
• di = number of neurons in layer i
• e = number of training epochs

8. Future Work
Future research plans include conducting real-world measurements since simulated

datasets may not fully capture the complexity of real-world environments, such as urban
areas with dynamic obstacles or rural settings with limited signal interference. Moreover,
benchmarking the model against existing blockage prediction systems, such as ray tracing
or deterministic models, to assess relative performance is an important future project.
Apart from the NN, LG, and SVM algorithms, many other classification methods have
been proposed for 6G wireless communications. The choice of which classification method
to use depends on the specific application and data properties. Future work can involve
investigating other unsupervised learning techniques. Furthermore, with the new era
of 6G, classification methods can be involved with new communications scenarios that
implement a very large number of antennas in multiple dimensions, which are called
XL-MIMO systems. Finally, different environments (e.g., suburban or other cities) need
to be considered, where cross-validation using diverse city scenarios can be conducted to
assess robustness and adaptability under varying propagation conditions.

9. Conclusions
In conclusion, 5G in its current stage is paving the way toward 6G wireless commu-

nications, driven by AI and high-frequency bands. This work generated high-frequency
mmWave data, which were modeled using multiple classification algorithms to address
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signal blockage issues in future wireless networks. NN, logistic, and SVM algorithms offer a
promising approach for AI-driven classification in high mmWave 6G cellular systems. This
work evaluates multiple AI models using metrics like accuracy, precision, recall, F1-score,
ROC-AUC, and MCC, demonstrating that NN Model 4 achieves near-perfect classification
accuracy. NN Model 4 provides high accuracy and scalability, while SVM offers simplicity
and interpretability. The choice between them depends on specific network requirements,
data quality, and the level of interpretability desired.
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