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As wireless communication expands, 6G is expected to restructure connectivity by
enabling ultra-reliable, high-speed links across sub-terahertz(sub-THz) frequencies.
These systems will play an important role in supporting advanced applications like
holographic communication, extended reality and automation. However, connectiv-
ity in 6G networks is highly sensitive to physical impairments such as human body
blockage and device micromobility. These two phenomena trigger different recovery
procedures, making it essential to distinguish between them rapidly and accurately
to maintain proper service and optimize resource allocation. In this thesis, we de-
veloped a machine-learning based statistical interference framework to proactively
differentiate between blockage and micromobility events using measurements col-
lected at 156 GHz. Our methodology included generating synthetic signal traces,
training multiple classifier models, autoencoder and comparing their performance
using standard evolution metrics. The result shows that ensemble models, particu-
larly Random Forest which achieve up to 95% classification accuracy, outperforming
more complex approaches in both accuracy and reliability. From here it confirms
that lightweight models can support real-time decision-making and enable strong,
proactive connectivity management in future 6G deployments.
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1 Introduction
Emerging wireless communication systems like 5G (30-70 GHz) and upcoming 6G
(100-300 GHz) offer incredibly fast data speeds, but face significant challenges when
users interact with their devices. However, these high-frequency signals are highly
susceptible to challenges caused by user-induced factors. Our research focuses on
two critical user-related problems that particularly affect these networks: human
body blockage (when a person physically blocks the signal path) and micromobility
(small movements of a handheld device). Both issues can dramatically impact con-
nection quality or even cause complete signal loss, but they differ fundamentally in
their characteristics and required solutions. Blockage, such as a user’s hand or body
temporarily obstructing the signal path, typically requires switching to a new base
station to restore connectivity. In contrast, micromobility situations can usually
be addressed through beam management techniques, such as rapid adjustment of
beam direction or implementing more sophisticated beam tracking algorithms. The
distinction is crucial because applying the wrong solution wastes valuable network
resources and extends service disruption time, negatively affecting user experience.
Mistaking one problem for the other leads to inefficient solutions or extended con-
nection losses.

Given the ultra-fast rate of these networks, the system must identify and respond
to these disruptions almost instantaneously. This approach enables preventive mea-
sures rather than reactive responses, significantly improving connection reliability
and user satisfaction. To achieve this classification capability, we evaluated various
machine learning approaches, testing their ability to distinguish between micromo-
bility scenarios and blockage events based on signal characteristics. The research
revealed that ensemble learning methods, particularly Random Forest algorithms,
deliver superior performance in this application. These methods combine multiple
decision trees to produce more accurate and robust predictions than single-algorithm
approaches.

Our approach leverages measured Signal Reception Probability (SRP) traces at
156 GHz, collected separately for each impairment type, and synthesizes a combined
time-series dataset containing both phenomena. The research on wireless commu-
nication blocking has had minimal attention in the THz range during recent years.
The current procedures split detection techniques into online procedures and offline
procedures. Complete statistical data enables offline detection techniques to pro-
duce accurate results for identifying blockage characteristics from rise time through
fall time and duration. These methods cannot be used effectively for real-time op-
erations because they provide detailed precision.
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The purpose of online blockage detection is to instantly locate blockages, so adap-
tive MCS mechanisms use fast modifications to reduce signal degradation. Real-time
data used by online approaches remains limited, which produces two detection prob-
lems: decreased precision together with increased delay time. Multiple researchers
have demonstrated different machine learning techniques used for blockage identi-
fication processes. Deep Neural Networks (DNNs) with ReLU activation functions
serve to identify blockages at three carrier frequencies that range from 30 to 48 GHz
and end at 60 GHz. The research demonstrates an outstanding blockage detection
accuracy between 0.9 and 0.98 based on the combination of network design and
training information. Incorporation of LSTM neural networks in certain methods
leads to dynamic parameter adjustments through historical blockage data for a de-
tection accuracy improvement of up to 0.97. More powerful neural network layers
at sub-6 GHz channels lead to greater probability of detection according to recent
studies.

Although progress has been made, researchers still lack sufficient investigations
on THz band blockage detection. The practical implementation of THz band sys-
tems encounters difficulties due to the lack of critical performance evaluation meth-
ods for detection latency and false alarm rate. Blockage detection analysis today
functions as a black-box system since ML techniques get directly applied without
studying how they affect detection performance.

1.1 Evolution of Wireless Communication cellular Technolo-
gies

Wireless communication technology have advanced significantly over the past few
generations, changing how people connect with one other and converse. The prolif-
eration of mobile broadband reflects a societal shift towards constant connectivity,
with HSPA and LTE technologies emerging as primary enablers of this ubiquitous
access paradigm. LTE infrastructure significantly enhances the user experience,
supporting high-demand applications such as immersive multimedia, mobile con-
tent creation, and real-time professional communication platforms. One of LTE’s
pivotal advancements lies in its capability to deliver downlink speeds exceeding 100
Mbps, thereby expanding both user bandwidth capacity and the operational scala-
bility of network providers. While 3G represents the prevailing mobile communica-
tion standard, 4G introduces a successor framework designed to elevate mobile data
throughput and service convergence to next-generation benchmarks. For a system
to meet true 4G criteria, it must achieve data transfer rates of 100 Mbps in mobile
conditions and scale up to 1 Gbps in fixed scenarios, thus setting a new threshold
for high-speed wireless communication. Unlike its predecessor, which employs a hy-
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Figure 1.1 Timeline of Wireless Communication Technologies

brid of circuit- and packet-switching, 4G networks adopt a purely packet-switched
architecture, optimizing bandwidth utilization and latency-sensitive service deliv-
ery. 4G technology represents a transformative leap in wireless communication,
facilitating a seamless shift toward an all-encompassing wireless ecosystem with im-
plications across both personal and professional spheres. [2] Fifth-generation (5G)
mobile communication technology has introduced a fundamental shift in networking
foundations, especially because of the noteworthy influence it has on IoT.

5G networks contrast with prior generations because they were purposely built
to maintain connectivity for a tremendous number of devices, all while guaranteeing
the high reliability and low latency inherent in such applications. Such a jump in
network capability is required to foster a new wave of intelligent services spanning
smart cities, autonomous vehicles, precision healthcare, and digital industry. [3] [4]
At the foundation of 5G’s framework are significant innovations, including mas-
sive machine-type connectivity, continual spectrum adjustment, and state-of-the-art
MIMO antenna systems. These improvements, working together, result in excep-
tional flexibility and robustness within the network structure. Enabling adaptive,
scalable, and energy-efficient operation, the network concept includes decoupled con-
trol and user interfaces, refined resource handling, and a sound architecture for small
cell integration and inter-cell collaboration. [3]

Moreover, 5G integration with IoT platforms provides enhanced connectivity,
reduced latency, and increased device density support compared to previous gener-
ation networks. It facilitates real-time data transfer, supports the proliferation of
smart sensors and wearables, and addresses the massive data throughput demands
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inherent in modern digital ecosystems. The convergence of these technologies is
driving fundamental changes in connectivity models, thereby fostering innovation
in sectors like healthcare, urban infrastructure, and advanced manufacturing. As
the deployment of 5G progresses globally, it is expected to not only resolve limi-
tations such as latency and bandwidth congestion seen in previous generations but
also to set the foundation for future digital economies by underpinning emerging
technologies like augmented and virtual reality, edge computing, and distributed AI
applications. [4]

1.2 Fundamentals of 5G Technology

The upgrade from 4G LTE to 5G New Radio (NR) is distinguished by numerous
architectural and performance capability shifts. The major change in this regard
is the transition to directional wireless transmission at millimeter wave (mmWave)
frequencies. Unlike its counterpart LTE, which is confined within the range of mi-
crowave spectrum, 5G NR extends to two frequency ranges – FR1 (up to 6 GHz) and
FR2 (above 24.25 GHz up to 52.6 GHz) – the later being used for high-capacity data
transmission at speeds of multiple gigabits per second. [5] Finding solutions to these
issues, the 3rd Generation Partnership Project (3GPP) introduced the NR technol-
ogy with massive MIMO, beamforming, a highly flexible frame structure, etc. These
increments accommodate multitude deployment scenarios and are optimized for the
ultra-low latency communication, for sub-1 ms round-trip times at the air interface,
an improvement unrealizable in LTE [6]. 5G NR standardization began with Release
15, finalized in 2018, which initially enabled mmWave operation in non-stand-alone
(NSA) mode. Release 16, completed in 2020, introduced key improvements includ-
ing better MIMO and beamforming techniques, dynamic spectrum sharing (DSS),
dual connectivity (DC), carrier aggregation (CA), and improved energy efficiency
for user devices [7]. The significance of these developments was underscored when
both Release 15 and 16 were officially recognized as part of the ITU IMT-2020 5G
standard in July 2020 [8].

Furthermore, Release 17 broadens 5G NR’s scope across three use-case fami-
lies: enhanced mobile broadband (eMBB), ultra-reliable low latency communication
(URLLC), and massive machine-type communications (mMTC). It introduces sup-
port for additional spectrum, access to the 60 GHz unlicensed band, new OFDM nu-
merologies, channel access mechanisms, and functionalities tailored to XR (AR/VR)
applications. It also supports reduced-capability user equipment to enhance mMTC
deployment. NR also differs markedly from LTE in terms of resource manage-
ment. It employs scalable numerologies for flexible time-frequency allocation, and
it brings significant advancements in initial access, synchronization, channel coding,
and modulation strategies [9]. As 3GPP prepares Release 18 and future iterations,
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Figure 1.2 5G value added specific features.

additional research is addressing challenges such as beam management, network en-
ergy efficiency, seamless mobility, and operation above 52.6 GHz. Notably, future
NR enhancements will also extend into non-terrestrial networks (NTNs), improved
sidelink communication, power-saving features, and support for advanced broad-
cast and multicast services [10]. Thus, while LTE laid the groundwork for mobile
broadband, 5G NR redefines the wireless paradigm, offering a flexible, scalable,
and ultra-efficient platform capable of supporting the next generation of intelligent
and immersive digital services. Integration of mmWave communication in next-
generation 5G mobile networks has attracted a lot of attention from the industry
and academia. At the center of this evolution, there is multi-connectivity, which
is expected to play a vital part in boosting session continuity when the network
is dynamic. As the community is actively determining the fundamental aspects
of mmWave cellular systems and unraveling the mysteries of mmWave propaga-
tion attributes, there is critical need for evaluation methodologies that can evaluate
session-level dynamics in real life deployments.

To address this demand, [11] proposed an integrated evaluation framework that
assesses performance from both user and network perspectives. Such methodology is
specifically optimized for mmWave situations in real urban conditions and adopts the
crucial components, including: the structural conditions of mmWave channels, the
time-varying blockage of LoS routes by human motion, and the cross-cell allocation
of resources in the context of mmWave bands. A case study was conducted on a real
scenario Manhattan grid at 28 GHz where the analysis of viable multi-connectivity
mechanisms could be carried out at the depth [11]. Directional beamforming is a
fundamental enabler for mmWave systems, integrated to counteract the inherently
high path loss observed at these frequencies .The interference behavior and sus-
ceptibility to misaligned beams are drastically altered by the extremely directional
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nature of mmWave beams, which resemble flashlights. [12] By concentrating energy
in specific directions, beamforming significantly enhances signal strength and spa-
tial selectivity [13]. However, this technique also necessitates specialized interference
modeling approaches. In particular, [14] presents a robust and computationally ef-
ficient beamformer design using iterative fast Fourier transform (FFT) methods,
while [15] introduces an interference cancellation-based hybrid precoding scheme
that achieves performance close to optimal in mmWave MIMO systems.

Massive Multiple Input Multiple Output (MIMO) architectures further amplify
the advantages of beamforming, offering the potential to deliver high data rates
in dense mmWave deployments. Advanced modeling efforts, such as evaluate the
spectral efficiency in two-tier heterogeneous network topologies, combining MIMO-
equipped macro base stations with small cell overlays. Moreover, energy and spectral
efficiency trade-offs in multi-cell, multi-user beamforming designs. Despite these
advances, mmWave systems face critical challenges related to line-of-sight (LoS)
signal integrity, particularly in urban environments. Recognizing human blockage
as a significant propagation impediment, 3GPP incorporated relevant models in
Technical Report 38.901 of Release 14 [16]. Real-world obstacles, including mobile
entities like pedestrians and vehicles, can introduce abrupt signal attenuation of up
to 30–40 dB. These blockages not only degrade performance but also add stochastic
variability to the channel due to their mobility and random physical dimensions.
Notably, 3GPP has emphasized the need for both spatial and temporal consistency
in channel modeling, given that propagation conditions can change rapidly and
unpredictably with each simulation instance [13].

1.3 Towards 6G: Vision and Technical Landscape

The performance of 5G wireless communication systems has been greatly improved
due to the application of high-frequency technologies, i.e., millimeter-wave (mm-
wave) communications. Due to the conflict between the fast growing demand for
high data rate services and the limited spectrum resources, 5G may soon face its
performance bottleneck. As a result, THz communications are being evaluated as
one of the essential technologies for 6G systems [17].The mmWave spectrum, typi-
cally ranging from 30 to 70 GHz, has been a focal point in the evolution of wireless
communications due to its vast available bandwidth and potential to deliver multi-
gigabit data rates. One of the most significant impediments to mmWave deployment
is its high sensitivity to blockage. Electromagnetic waves at these frequencies have
a limited ability to diffract around obstacles, especially those larger than their wave-
length. As a result, common elements in urban and indoor environments such as
walls, furniture, and even human bodies can severely degrade signal strength. For
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instance, blockage by a human alone can reduce the link budget by 20–30 dB. Ad-
ditionally, mmWave suffers from higher free-space propagation losses compared to
sub-6 GHz frequencies. Specifically, at 60 GHz, the propagation loss is approxi-
mately 28 dB greater than at 2.4 GHz due to the wavelength differential [18].

Micro-mobility, or the small-scale movement of users or devices within a ser-
vice area, presents another significant difficulty. In order to overcome propagation
losses, mmWave communication mostly depends on directional, narrow beams for
both transmission and receiving. Beam training methods, which are sensitive to
fast movement and time-consuming, are required to properly align these beams.
Performance degradation or frequent disconnections can result from misalignment
caused by even small user movement. In locations with high population density,
where users and impediments are constantly moving, this issue is exacerbated. In
order to maintain consistent coverage, mmWave communication requires a dense
deployment of base stations (BSs) due to the high attenuation and poor diffraction
qualities. However, this technique is not commercially feasible due to the expense
and logistical difficulty of establishing fiber-based backhaul for every BS. There have
been proposals for wireless backhaul solutions in mmWave frequencies such as 60
GHz and E-band (71–76 and 81–86 GHz), however their effectiveness is limited by
the same propagation problems. In order to maintain consistent coverage, mmWave
communication requires a dense deployment of base stations (BSs) due to the high
attenuation and poor diffraction qualities. However, this technique is not commer-
cially feasible due to the expense and logistical difficulty of establishing fiber-based
backhaul for every BS. There have been proposals for wireless backhaul solutions in
mmWave frequencies such as 60 GHz and E-band (71–76 and 81–86 GHz), however
their effectiveness is limited by the same propagation problems [19].

The limited practical deployment of mmWave in 5G networks can be explained
by the fact that these basic obstacles have not been addressed. The issue gets even
more dire as we look to 6G. Even higher frequencies, such the THz band, which
bears all of mmWave’s drawbacks but to a greater extent, are planned for inclusion
in emerging 6G systems. In THz systems, blockage leads to even greater attenua-
tion, and because micro-mobility necessitates very narrow beam widths, beam miss
alignments occur more frequently. Therefore, instead of being fixed, these problems
get worse in 6G, necessitating a paradigm change in session continuity and radio
access technology [20]. 6G networks are expected to achieve superior performance
compared to 5G through the integration of advanced technologies, optimized sys-
tem architectures, and AI-enhanced network management algorithms. With the
use of terahertz and optical communication technologies, 6G will further improve
high-frequency operation, which 5G has already pushed through mmWave bands.
It is anticipated that 6G networks would shift from conventional cell-based designs
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towards cell-less architectures that integrate numerous access and backhaul tech-
nologies in order to accommodate the variety of future applications and provide
seamless 3D coverage. Additionally, intelligence will be embedded more deeply into
the network, shifting from centralized cloud processing to distributed learning at the
edge, enabling real-time predictions and autonomous adaptation. Unlike 5G, which
balances performance trade-offs across applications, 6G aims to simultaneously meet
ultra-high reliability, extreme capacity, energy efficiency, and low-latency demands
in a unified and holistic manner tailored for the complex socioeconomic and techno-
logical landscape of the 2030s [21].

1.4 Literature Review

1.4.1 Micromobility Impairments

The evolution of wireless connectivity in 6G systems aims to achieve extreme ca-
pacity with peak data rates up to 1 Tbps and support broadband connectivity at
high speeds [22]. MmWave communications in 5G systems face challenges due to
frequent link blockages, leading to session drops. To improve session continuity, re-
searchers have proposed bandwidth reservation and multi-connectivity techniques.
Bandwidth reservation allocates a small portion of resources for ongoing sessions,
significantly enhancing their continuity [23]. Key enablers include ultra-massive
MIMO, intelligent reflecting surfaces, and integrated space and terrestrial networks.
Multi-radio multi-connectivity (MR-MC) is proposed to enhance reliability and low
latency in Sub-THz bands by allowing users to connect to different bands simultane-
ously [24]. 6G will also focus on massive machine-type communication (mMTC) and
ultra-reliable low-latency communications (URLLC), with an emphasis on closed-
loop massive connectivity and diverse safety-critical control applications [25]. To
achieve these goals, 6G systems will utilize a wide spectrum range, from sub-6 GHz
to (sub-)Terahertz and visible light communications, along with advanced coding,
modulation, and waveforms to improve latency, reliability, and complexity [22].

In the context of Terahertz (THz) cellular systems, user micromobility repre-
sents a critical challenge distinct from static blockage, primarily due to the highly
directional nature of THz communication. Micromobility specifically refers to the
occasional rotations and small displacements of user equipment (UE) while held by
a user. Unlike static blockages, which are fixed physical obstructions, micromobility
is a dynamic phenomenon inherent to human-device interaction. This small-scale,
continuous movement is particularly problematic for THz systems utilizing large
antenna arrays, as it leads to beam misalignment and subsequent signal degrada-
tion. The performance impact of micromobility is often assessed by the ”time to
the outage,” highlighting how these dynamic user movements directly contribute to
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service interruptions [26].
3GPP has pointed out this challenge as its latest solution is multi-connectivity.

Because of this, a user equipment (UE) is able to work through a blocked NR base
station (BS) by connecting to one of the nearby alternate NR base stations [27].
In the systems being developed for New Radio (NR), when crowds move and block
mmWave pathways, it is necessary to use smart ways to maintain session continuity.
Guards are allocated at the NR base stations only for approved sessions, and this is
done to help improve user experience by keeping the chances of newly initiated and
ongoing sessions being rejected balanced [28]. Attention toward broadband high-
altitude platform stations (HAPS) from 6G researchers comes from their ability to
provide better LoS qualities and be effective at higher frequency bands like mmWave.
To make mmWave base stations work with MIMO beamforming, the communication
paths must be kept in a spatial line-of-site relationship. So, being able to control
both the transmitters and receivers efficiently is essential.The use of beamforming is
common in mmWave bands as it helps improve the effectiveness of mmWave radio
networks. By using these methods, you can direct the signal’s energy to a specific
location [29].

1.4.2 Blockage Impairments

blockage, particularly from human bodies, is a critical factor limiting performance
in mmWave/sub-THz systems, necessitating dynamic, time-dependent modeling ap-
proaches that account for both macro- and micro-mobility, as well as realistic an-
tenna patterns and propagation effects [30] . One of the main problems that lower
mmWave system performance is when there is blockage in the human body. Re-
search evidence indicates that barriers can cause intermittent access to the wireless
network as the obstacles in the environment move and interfere with the signal.
Mobility among people in cities causes this change from blocked LoS to open LoS
and back. The deployment of mmWave technology in 5G and beyond cellular net-
works has introduced significant challenges related to signal blockage [31]. Many
realize that since mmWave waves are very small, they follow a different pattern of
propagation from today’s wireless bands. For instance, mmWave signals are affected
by more pathloss, atmosphere attenuation, and diffraction than microwave systems
are [32]. System developers face big challenges because they must make sure 5G
NR systems offer solid and reliable connectivity. Many kinds of mobile objects, for
instance cars and people, in the channel blocking the isolated channels can cause
the signal to degrade or even to lead to an imbalance in ongoing sessions.

One of the main obstacles preventing mm Wave communications from offering
ultra-high data rates and ultra-low latency networks is human blockage, which signif-
icantly lowers the quality-of-service (QoS) that users experience [33]. Both mmWave
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and THz access systems are subject to the same type of impairments extremely large
free-space propagation losses and blockage phenomenon. The principle difference is
the magnitude of this effect with blockage causing much higher attenuation in THz
band [34]. Conventionally, the performance of 5G/6G mmWave/sub-THz systems
has been evaluated using static user location distributions, assuming continuous
beam alignment through tracking procedures. [30]

1.5 Research Motivation & Questions

Based on the discussion about the challenges faced by high-frequency wireless sys-
tems, it is evident that detecting human body blockage is an important problem
not only for 5G but for 6G as well. The transition to higher frequency bands like
mmWave and sub-THz, while offering significant advantages in terms of bandwidth
and data rates, introduces new complexities in signal propagation. Differenciating
accurately between various forms of obstructions is especially important in situa-
tions where user equipment (UE) is being used in micromobility. Classic methods
can find it hard to tell if a change comes from a genuine blockage or from small
natural movements nearby. This challenge motivates the exploration of machine
learning-based solutions that can intelligently analyze signal patterns and provide
reliable blockage detection. This thesis addresses the following research questions:

1. Can a machine learning-based model help differentiate between dynamic hu-
man body blockage and UE micromobility in high-frequency wireless systems like
mmWave and sub-THz?

2. If so, what kind of performance such as accuracy and false detection rates can
be expect from different machine learning algorithms?
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2 Experimental Setup and Measurement
Procedures
We are presenting the measurement campaigns conducted to capture the phenomena
of blockage and micromobility, both of which are critical in understanding impair-
ments in the system. The data collected has been carefully arranged to reflect a wide
range of circumstances and challenges that are encountered in actual environments,
as the measurement campaigns have been carefully organized to replicate real-world
situations. Focused on accurately capturing their temporal and spectral character-
istics, these campaigns documented signal reflections, oscillations, and interruptions
caused by obstacles and micromobility events.

Following the data collection process, we outline the procedure for generating
SRP (Signal Received Power) time series that incorporate both types of impair-
ments. In order to guarantee that the data is appropriate for further analysis, this
approach entails significant stages of preparation such signal normalization, noise
reduction, and segmentation. In order to capture the distinct temporal impressions
and oscillatory patterns of both blocking and micromobility phenomena, the SRP
time series was built.

2.1 Blockage Detection and Measurement Setups

We performed two separate measurement studies to measure the attenuation effects
of human body blockage in the THz band independently [1]. The measurement

Table 2.1 Basic statistical characteristics for BS and UE height 1.65 m

BS-UE distance 3 m 5 m 7 m

Mean attenuation (dB) 13.87 12.16 7.29
STD of attenuation (dB) 1.18 0.42 0.21
Mean rise time (ms) 59.26 85.73 102.51
STD of rise time (ms) 36.72 44.51 30.93
Mean fall time (ms) 62.39 79.17 95.57
STD of fall time (ms) 38.92 46.89 29.34
Mean blockage time (ms) 383.72 376.12 361.92
STD of blockage time (ms) 32.17 47.31 36.13
STD of signal in blockage state 0.44 0.21 0.68
STD of signal in non-blockage state 0.027 0.017 0.029
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Figure 2.1 Schematic diagram of the blockage measurement setup [1].

system used THz transmitter (Tx) and receiver (Rx) equipment running at 156
GHz with 90 mW output power. The measurement apparatus used pyramidal horn
antennas with an operating HPBW of 10 ° and an antenna gain of 25 dB. The mea-
surement area consisted of an empty hall measuring 7.5 m long and 3 m high. The
channel sampling resolution of 50 µs appeared in both studies as did the amplifier
time constant which stayed at 30 µs. The main difference between experiments con-
cerns the measurement hall dimension which extends to 4.5 m, yet another set-up
operates within 2.4 m but this difference does not substantially affect measurement
outcomes [35]. Measurements were made in three Tx-to-Rx distance settings that
ranged from 3 m up to 5 m and 7 m. A human blocker traversed the direct sight
path at a velocity of 3.5 km/h while using the entire length from 3 to 7 meters. This
represented practical blockage situations. Patent design and deployment parameters
included two antenna height implementations:

h = 1.35 m: Simulating LoS blockage by a person’s chest.

h = 1.65 m: Simulating LoS blockage by a person’s head.

The placement of blockers involved different positions to assess multiple blockage
situations in the test area.

• For x = 7 m: d = 1.5 m, 2.5 m, 5.5 m.

• For x = 5 m: d = 1.5 m, 2.5 m.

• For x = 3 m: d = 1.5 m.

The study was conducted thirty times for each configuration to ensure statistical
reliability. The resulting data set provided detailed insight into how blockage affects
communication links across various distances and heights. While Table 3.1 summa-
rizes the key statistical features, Figures 3.2 illustrate the typical behavior of the
blockage event.
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Figure 2.2 Illustration of the experimental setup [1].

2.2 Micromobility Detection and Measurement Setups

The micromobility measurement campaign focused on four application scenarios:
Racing game, Phone call, VR viewing, Video streaming. The mobility patterns
of users were first emulated using an approach described in [36].Using a controlled
experimental setting to capture exact movement patterns, the method outlined in
the cited article was used to first simulate the mobility patterns of users. To follow
the motions of user equipment, the measurement campaign used a Nikon D3100
camera in video recording mode at 1280x720 resolution and 30 frames per second.
To represent the center of the THz beam’s half-power beamwidth (HPBW), a laser
pointer mounted on mobile devices with precise parameters was used. For tracking
purposes, the laser beam was projected onto a flat wall surface.

In order to improve contrast for data processing, the experimental setup was car-
ried out in a dark room setting with a 2-meter gap between the user equipment and
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Figure 2.3 Typical signal behavior during the blockage event.
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Figure 2.4 Illustration of the experimental setup for micromobility

the observation wall. The observed area was 1.5 x 2.5 meters. The laser pointer was
positioned perpendicular to the horizontal axis of the smartphone for applications
such as video viewing, racing games, and phone calls, and parallel to the floor on
the VR console for VR viewing. Each application scenario reflected unique micro-
mobility features: VR viewing recorded head movement patterns during 3D movie
viewing, the racing game application generated semi-regular movement patterns as
users controlled vehicle positioning through built-in motion sensors, and video view-
ing and phone calling applications produced natural hand tremor patterns as users
tried to maintain stationary positions without conscious stabilization efforts.

Ten separate tests, each lasting 10 seconds and producing a 30-frames-per-second
video clip, were used as the basis for the statistical analysis. This produced over
3,300 sample points per application trace. Since major directional changes were
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Table 2.2 Micromobility statistics for different applications

Sth (dB) Racing Calling VR

3 70.24 198.242 175.8177
5 87.2753 255.8403 261.9927
7 92.0423 471.38 295.9297
10 96.0087 599.1333 316.365
15 114.8423 1013.0633 341.2

unlikely to occur within this timeframe, it was found that the 33-millisecond time
resolution between frames was adequate for capturing changes in the trajectory of
user equipment. This allowed for possible interpolation to higher temporal reso-
lutions using linear or more intricate techniques. A 2D Markov chain system was
designed to simulate user movements between distinct states while taking into ac-
count velocity-shift patterns and motion axis relation effects.

A static transmitter (Tx) acted as a base station (BS) emulator, while a mobile
receiver (Rx) provided user device simulation. A high-directivity horn antenna pow-
ered the 156 GHz Tx to produce 44 mW of output power.see Fig. 2.4 and Fig. 2.5
The Rx receiver operated 400 cm from the Tx transmitter before initial alignment to
achieve maximum beam precision. The Rx movement system used goniometers that
provided precise speed control up to 80◦/s for horizontal (yaw) and vertical (pitch)
axis movement [37]. The production of control traces was required using time series
data from the Markov model. The antenna movement states were recorded with
1 for step movements, while 0 indicated stationary states in the data traces. The
channel measurement sampling resolution operated at ∆ = 50 µs.
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A study evaluated the duration for the received signal strength to descend past
levels of 3, 5, 7, 10, and 15 dB. The beam alignment was precise at t = 0 because
the signal strength measured 15 dBm. The highest rate of movements occurred
in racing games that created regular beam alignment disruptions. The directional
movements in virtual reality applications occurred at a moderate pace while occur-
ring frequently. Video calls and phone usage experienced slow-moving movement
patterns that generated stable connections. While 2.2 provides the primary statis-
tical properties, Fig. 3.1 displays the usual micromobility behavior for the various
investigated applications.
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3 Proposed Algorithms
In this chapter, we will take a closer look at the joint time series data, which involves
both blockage and micromobility events. this is really important because it is the
main base of out detection mathod of blockage. we are explaining here how these
events are captured and how they interact over time.

Next, we will give an idea of the machine learning algorithns we have considered
for this task. Each one has has its own set of features and capabilities, and discussion
why we think they might be a good fit for detecting blockages. To achieve the best
results we need to select the optimal algorithm before optimizing its settings. The
processing of data and accurate blockage event detection by the algorithm will be
explained through successive steps.

3.1 Joint Time Series

Micromobility and obstruction effects on SRP cannot be captured simultaneously
by thorough measurements due to the current limits of sub-THz experimental equip-
ment. Despite this technical limitation, by combining isolated data of these distinct
processes, researchers can use a superposition methodology to generate realistic SRP
profiles. By carefully adjusting the signal intensity patterns obtained to account for
interruptions brought on by required beamtracking techniques, this reconstruction
method combines blockage and micromobility processes. The methodology sets pa-
rameters for forecasting future blockage events and starts with system initialisation
at t = 0 in an unblocked state, just after beam alignment.

In order to forecast blockage frequency in dynamic situations, this temporal
model takes into consideration blocker density, movement velocity, and physical
dimensions. Their study showed that human mobility patterns in cities produce
regular blockage intervals that are statistically accurate to describe mathematically.
The time interval until blockage occurs follows an exponential distribution, with the
mean calculated using the formula derived by [38]:

λB =
2ρBvBrB

π
, (3.1)

where λB represents the blockage rate, ρB is the density of blockers in the environ-
ment, vB denotes the average blocker velocity, and rB corresponds to the effective
blocker radius. This equation provides a mathematical foundation for predicting
blockage frequency in dynamic environments.

Using least-mean-squares fitting techniques on empirical data, application-specific
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(b) Regular beamtracking

Figure 3.1 Signal behavior during blockage and micromobility for VR application.

signal degradation patterns are identified for the micromobility component. De-
pending on the specific mobility characteristics of the use case, this method enables
accurate modeling of the impacts of gradual misalignment of the beam. Realistic
signal received power (SRP) behavior under micromobility settings is then produced
by combining the obtained trend with regularly distributed signal strength changes.
It is possible to characterize the angular deviation θ(t) for the micromobility com-
ponent as a random process with time-dependent variance [39].

θ(t) ∼ N (0, σ2
θ(t)). (3.2)

The procedure resets after predefined intervals when regular beam-tracking tactics
are implemented, taking into account the beam-search delay factor. The hierarchical
beam searching technique introduces a delay penalty proportional to the number of
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antenna components in the base station and user equipment, multiplied by the array
switching latency, as illustrated in [39]. The signal strength temporarily decreases
to outage levels during these realignment times.

The temporal features of blocking occurrences follow certain statistical distri-
butions, which can be precisely modeled using truncated normal distributions, as
confirmed in [38]. The superposition technique accurately represents the frequency
and length of blockage episodes by integrating these well-established models.

This reconstruction process maintains the essential features shown in the empiri-
cal data, although it just approximates rather than precisely replicates the real-world
SRP behavior. For creating and assessing performance improvements for upcoming
sub-THz communication systems in the 6G era, this makes it an invaluable tool.

3.2 Machine-Learning Classification

Multiconnectivity and other system-level blockage avoidance techniques require the
ability to identify blockage events before they happen. Recent strategies have used
machine learning methods in the time domain to achieve this [35]. Identifying
patterns within noisy signals caused by user equipment (UE) micromobility, partic-
ularly when devices are held in users’ hands, requires more sophisticated analytical
frameworks. To address this challenge, we evaluated multiple categories of machine
learning (ML) algorithms specifically designed for effective pattern recognition in
complex signal environments. These approaches offer improved capabilities for de-
tecting and interpreting signal variations amid micromobility-induced noise that
characterizes real-world usage scenarios.

3.2.1 Random Forest

Random forests are an ensemble machine learning algorithm that combines multiple
decision trees. Each tree independently classifies the data and casts a vote for the
most frequent class. The final classification result is determined by aggregating these
votes. Random forests offer high classification accuracy, are robust to outliers and
noise, and do not suffer from overfitting. As a result, they have become one of the
most widely used techniques in data mining research. [40]

A random forest is a classifier composed of multiple tree-structured models,
represented as {hk(x, Zk)}Kk=1, where each Zk is an independently and identically
distributed (i.i.d.) random variable. Each tree contributes a single vote for the
most frequently occurring class at a given input x. This definition illustrates that
a random forest consists of multiple decision trees. In Breiman’s random forest
model, each tree is constructed using a training dataset and a corresponding random
variable Zk. These random variables are independent and identically distributed
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(b) Non-blockage

Figure 3.2 Signal behavior during oscillation and non-blockage.

across different trees, leading to a classifier hk(x, Zk), where x represents the input
feature vector.

After running the model K times, a sequence of classifiers {h1(x), h2(x), . . . , hK(x)}
is obtained. These classifiers collectively form an ensemble system and the final
classification result is determined by a majority voting mechanism. The decision
function is given by:

H(x) = argmax
Y

K∑
i=1

I(hi(x) = Y ), (3.3)

where H(x) represents the final classification model, hi is an individual decision tree,
Y is the output variable, and I(·) is an indicator function. For any given input, each
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Figure 3.3 Random Forest Classifier

tree in the ensemble votes to determine the most suitable classification outcome.

3.2.2 Decision Tree

Decision tree classifiers are widely recognized for their ability to provide a clear
representation of performance outcomes. Their high accuracy, optimized splitting
criteria, and advanced pruning techniques make them essential in various data classi-
fication tasks. These classifiers use distinct datasets to train models from large data
pools like us, which in turn influences the accuracy of the test set. However, deci-
sion trees face challenges related to robustness, scalability, and height optimization.
Despite these concerns, they stand out from other classification methods by gener-
ating a well-structured set of rules that are both efficient and easy to interpret. [41]
In decision tree classification, the attribute that provides the highest information
gain is typically chosen for splitting. Information gain is determined by computing
the difference between the initial entropy and the entropy after the split. Entropy,
which ranges from 0 to 1, measures the level of uncertainty or impurity in the data.
It is calculated using the following formula:

H(Y |X) =
∑
x∈X

P (x)H(Y |X = x). (3.4)

Consider a dataset S consisting of s samples, where the target variable has m distinct
categories (C1, C2, C3, ..., Cm). Let Si represent the number of samples belonging to
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Figure 3.4 Decision Tree Classifier

category Ci. The total information entropy of the dataset is given by:

I(S1, S2, ..., Sm) = −
m∑
i=1

Pi log2 Pi, (3.5)

where Pi denotes the probability of a sample belonging to category Ci, which can
be estimated as:

Pi =
Si

S
, (3.6)

Now, assume that an attribute A has K distinct values {A1, A2, ..., AK}, leading to
the division of dataset S into K subsets {S1, S2, ..., SK}. Each subset Sj contains
the samples where attribute A has value Aj. If attribute A is chosen for splitting,
the new subsets become child nodes of the decision tree. Let Sij be the number of
samples in subset Sj that belong to category Ci. The entropy of the dataset after
splitting on attribute A is given by:
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E(A) =
K∑
j=1

|Sj|
|S|

I(Sj1, Sj2, ..., Sjm). (3.7)

Finally, the information gain obtained by splitting on attribute A is calculated as:

Gain(A) = I(S1, S2, ..., Sm)− E(A). (3.8)

This value indicates the reduction in uncertainty or impurity achieved by partition-
ing the dataset based on attribute A. The attribute with the highest information
gain is preferred for making splits in the decision tree. [42]

3.2.3 XGBoost

XGBoost is a gradient boosting method that incorporates regularization, allowing
the adjustment of variable weights. This feature sets it apart from other boosting
techniques, as it helps mitigate overfitting more effectively than traditional Gra-
dient Boosting Machines (GBM) that lack regularization. By penalizing variable
importance in high-dimensional datasets, XGBoost facilitates variable selection.

Regularization reduces overfitting without compromising predictive performance,
enabling the model to generalize well to unseen data. The final model is formed by
aggregating all the individual trees, with the prediction output defined as:

Zi = G(Xi) =
K∑
j=1

gk(Xi), (3.9)

where Xi represents the input features, and gk(Xi) is the output function of each
tree. Like many machine learning algorithms, XGBoost relies on hyperparameter
tuning to optimize performance. Machine learning is an iterative process in which
model accuracy is progressively enhanced. During each iteration, specific parameters
are adjusted to refine performance. However, these optimal parameter values cannot
be directly inferred from data and must be fine-tuned separately for each predictive
modeling task. Hyperparameter tuning, therefore, identifies the best parameter
configuration to maximize model accuracy. [43]

3.2.4 Autoencoder

Autoencoders (AEs) a subclass of neural networks that learn significant represen-
tations of input data through unsupervised reconstruction tasks. As illustrated in
Fig. 3.6,these models have a symmetric encoder-decoder architecture with an output
layer that reflects the dimensionality of the input layer. The main goal is to encode
the input patterns into low-dimensional latent representations and then decode them
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Figure 3.5 XGBoost Model

to obtain the original data with low information loss. This built-in feature renders
AEs to be very suitable for anomaly detection in high-dimensional spaces, as it is
possible to learn low-dimensional encodings of normal data, with abnormal data re-
sulting in high reconstruction error. We used autoencoder-based anomaly detection
compress our dataset into a latent space with a smaller dimension than the origi-
nal data and the differences between the restored and original data compared. We
used normal data to train an autoencoder and tracking the reconstruction error, we
identified situations in which the error exceeds a predetermined threshold. When it
occurs, we are aware that we have discovered an anomaly.

The implemented AE consists of two functionally distinct modules: First one is
encoder network which transforms input vectors x ∈ R1500 into compressed latent
representations g ∈ R32 through non-linear projection:

g = σenc(Wex+ be), (3.10)
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where We ∈ R32×1500 denotes the encoder weight matrix and be ∈ R32 the bias vector.
σenc the rectified linear unit (ReLU) activation introduces sparsity while maintaining
gradient stability during backpropagation. Then reconstructs the original input
space x′ ∈ R1500 from latent codes by inverse mapping:

x′ = σdec(Wdg + bd), (3.11)

employing a dense layer activated by sigmoids with parameters Wd ∈ R1500×32,
bd ∈ R1500. The activation of sigmoids restricts the output values to [0, 1], facili-
tating a probabilistic interpretation of the fidelity of reconstruction. The severe re-
duction in dimensionality (1500 32 units) in the bottleneck layer forces the network
to remove redundant features, but retain the important features of normal opera-



26

tional data. This paradigm of compressing, decomposing, and compoitioning allows
the model to discover salient data manifold and to remain sensitive to distribution
shifts caused by anomalies. Calculating whether the reconstruction loss exceeds a
predetermined threshold allows anomalies or non-blockage to be identified. In this
paper, the mean error for the training set’s normal instances is calculated, and if the
reconstruction error exceeds the training set’s standard deviation, subsequent ex-
amples are categorized as abnormal or non blockage [44]. In unsupervised training,
the autoencoder (AE) optimizes parameters, θ = {We, be,Wd, bd} for minimizing the
reconstruction error (RE) between input x and output x′:

L(θ) = ∥x− x′∥2. (3.12)

The training process iteratively adjusts weights in the network via backpropagation
until the model converges to a point at which it can stably reconstruct normal
patterns [45]. Most importantly, the training dataset consists of solely nominal
operational data, allowing the AE to learn specialized reconstruction abilities for in-
distribution samples. During inference, anomalies are detected when reconstruction
errors exceed statistically derived thresholds. We compute the threshold T from
training-set reconstruction losses r:

T = µr + σr, (3.13)

where µr and σr are the average and the standard deviation of losses throughout
training, respectively. Let us assume T represents the 84th percentile using nor-
mal samples, approximating a quasi-Gaussian distribution error, derived from the
68-95-99.7 empirical rule. Samples satisfying rtest ≤ T are classified as normal os-
cillations, while rtest > T indicates abnormal/non-blockage states. Mean Absolute
Error (MAE) measures pixel-wise differences between input x and reconstruction x′:

MAE(x, x′) =
1

n

n∑
i=1

|xi − x′
i|, (3.14)

where n = 1500 is related to the input dimension. MAE was chosen instead of
Mean Squared Error (MSE) since it linearly penalizes errors, therefore reducing the
over-sensitivity of the metric in response to outlier pixels that can conceal subtle
anomalies. In this paper, we uses sigmoid function as the activation function. By
determining the type and magnitude of signals flowing in the neural architecture
that are connected through activation functions, activation functions connect the
sequential layers in a neural network. These functions introduce non-linear trans-
forms, basically acting as dynamic gates to block out irrelevant features while en-
hancing salient ones [46]. Such selective filtering allows neural networks to function
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Figure 3.7 Autoencoder Model

in the space of complex representations rather than simplistic linear approxima-
tions. Some of the most used activation functions are Sigmoid function, Hyperbolic
Tangent function (tanh), and Rectified Linear units (ReLu). In this paper we used
sigmoid and ReLu function in the encoder and decoder layers. Sigmoid function

f(a) =
1

1 + e−a
, (3.15)

where a ∈ R shown by the curve of sigmoid function visualization Fig. 3.8(a). The
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(a) Sigmoid Function

(b) Rectified Linear unit function

Figure 3.8 For sigmoid function the values are bounded between 0 and 1.For ReLu values
are between 0 and infinity

range of the value of this function is between 0 and 1 and 0 centered, as shown in
the orange vertical line. Additionally, ReLU has been widely employed, particularly
in conjunction with convolutional neural networks. The formula for ReLU is:

f(a) = max(0, a), (3.16)

which accepts the highest value between 0 and its input value. Fig. 3.8(b) vividly
illustrates the ReLU activation function’s feature, which only passes positive values.

3.2.5 LSTM

Long Short-Term Memory (LSTM) networks are a specialized class of Recurrent
Neural Networks (RNNs) designed to handle long-range temporal dependencies in
sequential data. Their architecture includes memory cells and input, output, and
forget gates that allow the network to selectively remember or forget information
over time. This makes LSTMs particularly effective for modeling complex, time-
dependent processes without requiring predefined time windows. [47]

We used LSTM networks to separate micromobility patterns and blockage events.
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Regular device movements along with environmental changes produce micromobil-
ity patterns through small consistent signal alterations, yet blockage events occur
as sudden long-lasting disruptions because of physical barriers in the signal path.
LSTM trains exclusively with normal sequences during the development phase of
anomaly detection. Through training, the model analyzes typical sequence patterns
in these data, which results in forecasting accuracy. The system detects anomalies
by monitoring prediction mistakes that occur after the learned pattern deviates from
its expected course. Let the multivariate time series be denoted as:

xt ∈ Rd, t = 1, 2, . . . , T, (3.17)

where xt represents the sensor readings at time t, and d is the number of input
features (e.g., signal strength, angle, distance). The LSTM network is trained to
predict the next h time steps using all previous observations up to time t:

x̂t+1:t+h = LSTM(x1:t), (3.18)

After training, the prediction error for each point is calculated as the squared dif-
ference between the predicted and actual future values:

AnomalyScoret = ∥xt+1:t+h − x̂t+1:t+h∥2 . (3.19)

A threshold is then applied to the anomaly score to classify the behavior at each
time point. If the score exceeds a threshold θ, the event is considered anomalous,
likely indicating a blockage. [47] To improve robustness, the prediction errors across
multiple future steps are modeled as a multivariate Gaussian distribution. The
likelihood of an observation being ”normal” is assessed by evaluating how probable
its error vector is under this distribution. Low likelihood values suggest a depar-
ture from the learned micromobility behavior. This statistical modeling allows the
system to tolerate occasional small prediction errors due to noise while still being
sensitive to sustained and structured deviations like those caused by blockages. We
wanted to show that the LSTM-based anomaly detection approach offers several
key advantages in distinguishing between micromobility and blockage events. First,
it eliminates the need for manually defined time windows or handcrafted features,
as the LSTM network automatically learns both short- and long-term temporal de-
pendencies directly from the data. This makes the model flexible and adaptable to
varying signal behaviors. Second, the approach is particularly effective in scenar-
ios where anomalous data is scarce, since it is trained solely on normal sequences,
making it well-suited for real-world applications where blockages are rare or hard to
label. Lastly, by statistically modeling the prediction error distribution, the method
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Figure 3.9 A representation of LSTM model

achieves robustness to noise while maintaining sensitivity to abrupt or sustained de-
viations, such as those introduced by physical obstructions in the environment. This
balance between adaptability and sensitivity is crucial for accurate and real-time de-
tection in dynamic systems.
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4 Numerical Analysis
In this section we generate numerical results that maintain consistency and quality
throughout the investigation. The defined performance metrics allow an evaluation
of the model through its ability to measure both prediction accuracy and impair-
ment detection performance. The research study analyzes two different conditions:
Scenario A sets the baseline without micromobility, whereas Scenario B evaluates
the system during its operation with micromobility enabled. The analytical combi-
nation serves to establish a complete understanding regarding the model’s operation
across multiple conditions.

4.1 Data Acquisition and Preprocessing

The collected data includes two signal trace types: one consisting only of blockage
events and the other containing blockage and micro mobility patterns. The main
intent of this research project involves building a machine learning system that can
recognize time-domain oscillations with accuracy. Supervised learning processing
involved segmenting the traces through the extraction of representative windows
from both types during times with either oscillatory motion or without blockage
occurrences. The selected time sequences contain 1500 continuous timesteps which
provides an adequate window for detecting pattern dynamics.

The labeling process involved binary classification where oscillation segments
obtained the value zero while non-blockage segments received the value one. The
labeling system creates a straightforward supervised learning format for classifica-
tion tasks. The analysis excluded all preprocessing steps including filtering and
normalization for the raw signal dataset. We made this arrangement on purpose so
that the model could absorb information from intrinsic raw measurement attributes
including amplitude fluctuations, periodic shapes and transitory variations. Keeping
the natural signal properties intact serves the model well as it enables it to detect
hidden patterns that may otherwise disappear during normalization steps.

The system design adopts end-to-end learning approaches that shift feature ex-
traction responsibility from human operators to the automated model architecture.
The range of blockage signatures from simple to complex creates an effective learning
basis for developing models that handle realistic communication signal patterns.

4.2 Performance Metrics

The evaluated metrics to assess the proposed algorithms comprise precision, pre-
cision and recall. The evaluation of classification tasks relies heavily on accuracy
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since it represents their fundamental evaluation benchmark. A model’s overall per-
formance can be evaluated through this metric which measures the proportion of
correctly predicted items compared to the complete dataset.

The evaluation of balanced datasets benefits greatly from accuracy measurements
because class samples remain equal in number. The accuracy measure provides
reliable performance assessment in our data set because it follows the requirement
of balanced classes. The mathematical formulation for accuracy, denoted as A, is
given by:

A =
t

T
, (4.1)

where, t represents the number of correctly predicted instances, T denotes the total
number of instances in the evaluation set. This metric provides a straightforward
interpretation: a higher value of A indicates that the model is more successful in
predicting the correct class labels. The most straightforward and popular criterion
for assessing a classifier’s performance is accuracy. However, accuracy isn’t always
a useful indicator, particularly when there are imbalances in the data. The funda-
mental issue is that we can only attain high accuracy when the negative class is
dominant if we forecast negative most of the time. Therefore, it is possible that the
negative class is (much) more likely even when a highly accurate classifier generates
a positive prediction. These circumstances are defined by a precision of 50% or
less. In a lot of applications, this is really undesirable. Having precision and recall
as performance metrics allows researchers to understand model behavior regarding
the minority class data specifically [48]. Precision reveals the rate at which correct
positive predictions originate from total positive results given by the model. The
measurement holds enormous importance in situations with expensive false positive
consequences. An incorrect pulse indication from this algorithm could trigger sys-
tem procedures that prove unnecessary. The mathematical expression for precision,
denoted as P , is defined as:

P =
tp

tp + fp
, (4.2)

where, tp represents the number of true positive predictions, fp indicates the number
of false positive predictions. In the ideal scenario where the model makes no false
positive errors (i.e., fp = 0), the precision reaches its maximum value of 1, indicating
perfect reliability in positive predictions. Recall refers to the proportion of true
positive instances correctly identified out of all actual positive cases. It is calculated
as:

R =
tp

tp + fn
, (4.3)

where tp denotes the number of true positives and fn is the number of false negatives.
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Figure 4.1 Precision and recall when detecting blockage without micromobility.

Similar to precision, recall reaches its maximum value of 1 when no false negatives are
present (i.e., fn = 0). A low recall measurement shows that several real oscillation
events which signal blockage get identified as non-oscillation. The failure to detect
oscillation followed by an outage proves more serious because it stops the system
from starting a new association. The UE maintains beam tracking functions with
the presently blocked base station so the service outage duration lengthens. The
outage duration depends on how long the beam tracking failure timers have been
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Figure 4.2 Accuracy when detecting blockage with micromobility.

activated. [49]

4.3 Scenario A: Absence of Micromobility

A preliminary examination was carried out on signal traces that were only hampered
by blocking phenomena, leaving out any disruptions caused by micromobility. Ac-
curately identifying the oscillation period that predicts an outage event is the main
goal in this scenario. The XGBoost model performs exceptionally well in classifi-
cation, as seen in Figure. 4.4, with an accuracy rate that approaches 95%. Other
tree-based algorithms that retain accuracy levels above 90%, such Random Forest
and Decision Tree, come in close second. On the other hand, more computationally
sophisticated designs, like as autoencoders and LSTM networks, provide noticeably
worse outcomes with significantly lower accuracies.

Research literature supports this observation because blockage-induced traces
are easier to analyze regarding oscillatory patterns detection capabilities. Research
has shown that threshold-based deterministic approaches [35] offer exceptional accu-
racy rates of up to 98% through summed periodogram metrics while outperforming
sophisticated machine learning (ML) models based on Convolutional Neural Net-
works (CNNs) and Recurrent Neural Networks (RNNs). [50–52]

4.4 Scenario B: Presence of Micromobility

Furthermore, the dominance of tree-based approaches is highlighted by a thorough
analysis of precision and recall metrics, as shown in Figure. 4.1(a) and Figure.
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Figure 4.3 Precision and recall when detecting blockage with micromobility.

4.1(b). These algorithms show balanced and resilient precision and recall rates in
addition to high accuracy. Crucially, the recall metric continuously outperforms
precision by a small margin of about 2–3%. This behavior points to a classifier bias
toward minimizing false negatives, which is an important operational characteristic
since it avoids needless beam-tracking operations by preventing blockage-induced
outages from being mistakenly misclassified as micromobility events. The research
results between Figure. 4.1 and Figure. 4.4 demonstrate that the use of advanced
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Figure 4.4 Accuracy when detecting blockage without micromobility.

neural network structures such as LSTM and Autoencoders does not automatically
yield optimal results. Under detailed experimental conditions, these highly com-
plex neural network models both demand substantial computational resources and
meticulous parameter adjustment while requiring large training datasets, yet prove
less efficient than simpler streamlined approaches.

The analysis examines signal traces that experience both blockage-related and
micromobility-induced impairments in their performances Figure. 4.3. Due to mi-
cromobility interruptions the detection task becomes more complex because addi-
tional interferences emerge.

The data from Figure. 4.2 demonstrates that all algorithms experienced a de-
scent in accuracy levels compared to blockage-only results since micromobility in-
troduced signal fluctuations to the measurements. Random Forest demonstrates
superior performance as the top algorithm since it achieves accuracy levels close to
95%, see Figure. 4.2. The accuracy results for XGBoost fall behind random forests
because it achieves approximately 90% success. Under mixed impairment condi-
tions LSTM networks demonstrate performance comparable to the other methods by
reaching accuracy levels of about 80%. LSTM architecture shows this performance
because its ability to model temporal dependencies and handle noisy sequential data.

The analysis of precision and recall shows substantial drops in precision rates
, see Figure.4.3(b) while recall values show minimal changes across the algorithms
regardless of micromobility presence. The system demonstrates a crucial criterion
by showing a preference toward avoiding wrong negative results rather than missing
positive results. False negatives represent undetected blockages while false positives
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indicate incorrect detection signals. The system introduction of a directional bias
serves a strategic purpose by favoring false positives because system safety is more
important than false negatives.

All things considered, these experimental results support the more general theory
that extremely complicated models do not always produce better results in obstruc-
tion and micromobility categorization tasks. Instead, even in difficult and noisy
contexts, very straightforward, tree-based ensemble methods like Random Forest—
which are distinguished by their inherent robustness, decreased tuning complexity,
and computational efficiency frequently produce the best results.
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5 Conclusions
In this thesis we addressed two critical issue that causes significant signal loss in
high frequency wireless communications as dynamic human body blockage and UE
micromobility both of which can lead to outages in mmWave and sub-THz systems.
Given that the system response strategies differ based on the type of impairment,
accurately differentiating between these causes is essential for robust system design
and recovery. To investigate this, we conducted experimental measurements at the
156 GHz sub-THz band and curated a synthetic time-series dataset containing both
blockage and micromobility impairments. We proposed a supervised machine learn-
ing framework to classify outage events based on the oscillatory behavior of the
received signal prior to the outage. Importantly, we applied no transformation to
the raw data, allowing models to learn directly from the signal characteristics. Our
experimental setup involved real-world measurements at 156 GHz and the genera-
tion of synthetic time-series data that captured both blockage and micromobility
patterns. Using this dataset, we trained and evaluated a range of machine learning
models to classify the impairments based on signal oscillation patterns just before
an outage occurs. Our results show that machine learning models can indeed dif-
ferentiate between outages caused by blockage and micromobility. Among the var-
ious techniques explored, tree-based ensemble models, particularly Random Forest,
achieved the best performance. This model reached up to 95% classification accu-
racy, with high recall values indicating minimal false negatives for blockage detection
even when micromobility impairments were present. This high recall is crucial as it
minimizes the risk of misinterpreting a blockage-induced outage as micromobility.
To explore this issue, we posed the following research questions:

1. Can a machine learning based model help differentiate between dynamic
human body blockage and UE micromobility in high frequency wireless systems like
mmWave and sub-THz?

2. If so, what kind of performance such as accuracy and false detection rates can
be expected from different machine learning algorithms?

In response to the first research question, our findings confirm that machine
learning models can successfully differentiate between blockage-induced and micro-
mobility induced outages. The models could identify subtle variations in the signal’s
temporal behavior that correspond to each impairment, even when both occur si-
multaneously. Regarding the second research question, we observed that tree-based
ensemble models, particularly Random Forest, offered the best trade-off between
accuracy and computational efficiency. The Random Forest classifier achieved up
to 95% accuracy, along with high recall values, indicating its robustness in detecting
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blockage events without misclassifying micromobility-related outages. Interestingly,
more complex neural network models did not outperform simpler models and re-
quired longer training times and fine-tuning, suggesting they may be unnecessary
for this task.

In summary, this thesis presents an effective and lightweight ML-based solution
for impairment classification in sub-THz systems, which can support the devel-
opment of more intelligent and responsive communication networks in future 6G
deployments.
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