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ABSTRACT Dynamic human body blockage and user equipment (UE) micromobility in the hands of
a user are two impairments that may lead to connectivity losses in 5G millimeter wave (mmWave,
30-100 GHz) and 6G sub-terahertz (sub-THz, 100-300 GHz) systems. The efficient handling of these
events calls for fundamentally different actions from the system, with the former requiring a search for
a new base station (BS), while the latter involves a beam tracking procedure. Failing to differentiate the
reason for an outage may lead to a prolonged time in outage conditions when blockage is misinterpreted
as micromobility and/or waste of system resources when micromobility is mistaken for blockage. This
work presents an algorithm that distinguishes between blockage and micromobility events at 156 GHz,
developed using machine learning (ML) techniques based on measurements of both phenomena. Our
numerical results show that among all the considered algorithms, ensemble-based techniques such as
Random Forest achieve the highest accuracy of around 95% in distinguishing between micromobility and
blockage impairments. Random Forest is also characterized by a very small fraction of false negative
decisions falsifying blockage events for its absence and thus misinterpreting blockage for micromobility
which is costly in terms of the amount of time spent in outage conditions. These properties make Random
Forest a preferable choice, allowing for a simple and robust online implementation.

INDEX TERMS 6G, terahertz, blockage, micromobility, detection algorithm, outage, connectivity loss.

I. INTRODUCTION

THE EMERGENCE and development of 5G and 6G
cellular systems promises remarkable data transmis-

sion rates and seamless connectivity, primarily by utilizing
millimeter wave (mmWave, 30-100 GHz) and sub-terahertz
(sub-THz, 100-300 GHz) frequency bands [1]. However,
the development of such systems poses significant chal-
lenges [2], with micromobility and blockage impairments
being particularly important.

The use of massive antenna arrays characterized by
highly directional radiation patterns to increase the antenna
apertures at the base station (BS) and user equipment (UE)
sides is responsible for micromobility effect. Micromobility,
manifesting itself in quick spontaneous motion of the UE
in the hands of a user, leads to rapid fluctuations in signal
received power (SRP) [3] even when a user is stationary.
Specifically, it has been shown to be severely affected by

rotations along horizontal and vertical axes quickly leading
to antennas misalignment [4]. Although this effect is present
in 5G mmWave systems [5], its impact on connectivity
is expected to be more profound in sub-THz band when
half-power bandwidth (HPBW) of BS antennas is further
decreased [6], [7].

Dynamic human body obstruction between the BS and
UE, such as pedestrians moving near the UE, leads to a
similar effect with a drastic drop in the SRP [8]. This
phenomenon has been well documented for both mmWave
and sub-THz bands, where various studies reported the
loss on the order of 15-40 dB depending on the utilized
carrier frequency [9], [10], type of blocker [11], and distance
between BS and UE [12].

Both micromobility and blockage impairments may lead
to outage conditions – a period of time when the SRP drops
below a certain threshold specified by the lowest possible
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modulation and coding scheme (MCS). However, the actions
that need to be taken by the BS and UE to ensure continuous
service differ significantly. When an outage occurs as a result
of blockage, the connectivity with the BS is completely
lost. To address this, the UE may initiate a connection to
another BS or, alternatively, utilize the multi-connectivity
option to hand over the connection to a backup BS [13], [14].
However, if micromobility leads to outage, there is no need
to change the network association point rather just perform
beam tracking procedure to reestablish the active link with
the current BS [15]. Therefore, distinguishing the reasons
for outages is crucial for optimal system performance. To
prepare the system for appropriate actions, either beam
tracking or switching over to the back-up BS, the decision
about the event should preferably be determined well in
advance [16], [17].

This study presents a method for distinguishing between
blockage and micromobility events causing outage and
compares the associated algorithms. To this aim, we utilize
the measured time-series of the SRP at 156 GHz for both
types of impairments separately and then produce a synthetic
time-series featuring both types of impairments. Further, we
apply and test several machine learning (ML) algorithms to
detect special events in the time-series that directly precedes
the blockage. Specifically, the proposed approach classifies
events based on time-series, where these impairments are
superimposed on top of each other. For the system designers
it allows for correct utilization of multi-connectivity and
beam tracking mechanisms, thereby enhancing the robustness
and reliability of sub-THz 6G systems.

The main contributions of our work are:
• results of blockage and micromobility phenomena in

sub-THz 156 GHz band, along with synthetic time-
series data incorporating both types of impairments;

• a detailed comparison of ML-based tests for distinguish-
ing whether an outage is caused by micromobility or
blockage;

• numerical results showing that: (i) ensemble-based
techniques, such as Random Forest, provides the highest
classification accuracy reaching 95%, (ii) Random
Forest is also robust against misclassification of outages
caused by blockage as those caused by micromobility,
and (iii) complex algorithms, such as neural network-
based models, may not be necessary for this task, as
they require extensive parameterization and significantly
longer training times.

The rest of the paper is organized as follows. We begin
with review of related work in Section II. In Section III,
the measurement data are presented. Section IV details
the proposed algorithm, followed by an evaluation of its
performance in Section V. Finally, conclusions are drawn in
the last section.

II. RELATED WORK
This section reviews prior research on blockage and micro-
mobility impairments in mmWave and sub-THz bands. Each

impairment is briefly described, followed by an overview
of the relevant detection tests and a discussion of their
applicability.

A. DYNAMIC HUMAN BODY BLOCKAGE
In 5G and 6G cellular systems, blockage refers to an occlu-
sion of the line-of-sight (LoS) path between the transmitter
and receiver caused by physical objects. We distinguish
between blockage caused by large static objects and that
caused by small dynamic ones, such as human blockage [18].
The latter occurs on much smaller timescales [19], can
temporarily obstruct the LoS propagation path, and may
potentially lead to outage events.

Blockage can be identified by analyzing variations in
the SRP. Existing statistical tests for blockage detection
fall into two categories: reactive and proactive [12]. The
former allow to detect blockage only when it already occurs
while the latter – prior to blockage allowing UE and BS
to take appropriate actions to avoid outage. The studies
proposing proactive tests frequently utilize algorithms that
process the SRP data in the time domain. Examples of such
studies include [20], where the authors used the signal-to-
noise (SNR) measurements in the time domain to predict the
beam blockage state. The proposed test is based on a deep
neural network (DNN) utilizing cross-correlation between
beam states. In [21], the authors also proposed a DNN model
for blockage prediction. In offline learning phase, DNN was
trained on a dataset of user positions to predict blockage
status. In online phase, the model predicts blockages with
the accuracy of 90%.

The authors in [22], [23] identified “pre-blockage sig-
natures” occurring in mmWave/sub-THz channels before
blockage events. These patterns were used to enable proac-
tive blockage detection through the application of recurrent
neural networks (RNNs) to sequential signal data. In [23],
the results were further enhanced by incorporating Light
Detection and Ranging (LiDAR) sensory data. Despite
achieving a prediction accuracy of around 90%, the train-
ing phase of these models demands significant time and
computational resources.

An alternative method operating in the spectral domain
was introduced in [17]. The authors designed a threshold-
based algorithm that identifies changes in the spectral
characteristics of the SRP to anticipate blockage events.
Their results indicate that blockage can be predicted approx-
imately 50 milliseconds in advance, with the rate of false
detections remaining below one occurrence per second on
average.

The proposed methods for blockage detection largely
rely on ML techniques requiring long training phases. This
latency is problematic, particularly in real-time applications
where immediate response is critical. Additionally, the
majority of studies measure the algorithm performance
purely with prediction accuracy leaving other metrics such
as false alarm rate and mean time to blockage unaddressed.
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B. MICROMOBILITY IMPAIRMENTS
Micromobility refers to quick displacements and rotations
of UE in hands of a user. Micromobility impacts systems
with directional antennas, where small-scale movements can
cause severe SRP degradation and, similarly to blockage,
may result in outage events.

Despite relatively large HPBW used, experiments have
shown that micromobility can degrade the SRP in 5G
NR mmWave systems [5]. As the frequency band shifts
towards THz, antenna arrays grow larger, making HPBW
significantly smaller. The impact of UE micromobility on
link performance was analyzed in [24], where inertial
sensors in a smartphone were used to track the stochastic
trajectories of the beam’s imaginary boresight. In [3], simple
micromobility models based on diffusion processes were
used to evaluate the performance of on-demand and regular
beam-tracking procedures in the THz band. The results
suggest that regular beam tracking, currently used in 5G NR
systems, may not be ideal for 6G THz systems where larger
antenna arrays demand more frequent and precise alignment
to maintain reliable connectivity.

The authors of [4] emulated micromobility using a
laser pointer attached to a smartphone to represent beam
direction. They showed that different applications have
distinct micromobility properties and that some applications
can tolerate longer intervals between beam tracking. In [25],
three models were developed and compared based on
time-to-outage metric. Among them, the two-dimensional
(2D) Markov model demonstrated the highest accuracy
but required significantly more computational resources.
In contrast, the simpler decomposed models that treat
micromobility as independent movements along rotational
axes proved effective for use cases with limited interaction
between the application and user behavior. Recently, the
authors in [26] carried out a large-scale 6-axes micromobility
campaign in the sub-THz band. Their main findings generally
coincide with those reported in emulation. That is, yaw and
pitch mobility were found to affect misalignment drastically.
Notably, the experiments were carried out in the far field.

After characterizing micromobility effects, studies began
evaluating its impact on performance and proposing solutions
for remote application discovery. In [27], the authors
examined micromobility in 6G THz systems during outage,
finding that to balance outage and spectral efficiency, beam
searching time must be reduced by at least tenfold as
compared to state-of-the-art techniques. To minimize the
beam searching time, the authors in [28] recommend using
inertial sensors to narrow the search space for antenna
configurations. However, the accuracy of current built-
in sensors was found to be insufficient to significantly
reduce the beamsearching time. Alternatively, to maximize
the time between beam tracking time instants, the authors
in [29] proposed ML-based tests to distinguish the types
of applications based on boresight movement. While the
proposed method can identify the application with a high
degree of accuracy, this statistic is generally unavailable on

both the BS and UE sides. Another study published so far
that attempted to discriminate applications based on their
micromobility patterns is [30]. They utilized several models
and demonstrated that even the best one, long short-term
memory (LSTM) networks, can only differentiate the type
of applications, e.g., fast or slow micromobility. Importantly,
the authors did not consider blockage impairments that might
happen simultaneously with micromobility.

C. JOINT DETECTION
Several algorithms reported so far can determine blockage
events in advance. However, no algorithms developed to date
capable of detecting outage events caused by micromobility.
In spite of careful survey of the literature, the authors
failed to find algorithms not only for proactive detection of
these events when they happen simultaneously, but also for
aposteriori classification of the these events when outage
occurs. We note that even the latter one would be of help
for system designers as it would allow to take appropriate
actions when the link to the BS is lost.

III. MEASUREMENTS
In this section, we first present measurement campaigns
for blockage and micromobility phenomena, describe and
illustrate the obtained results. We then outline the procedure
for constructing a joint time-series with blockage and
micromobility events.

A. EXPERIMENTAL PRINCIPLES AND LIMITATIONS
When performing field-measurements for the upcoming
technology that does not exist nowadays in hardware, there
are definitely several compromises to be made. For example,
due to the absence of miniaturized equipment operating in
THz band, we had to separate blockage and micromobility
measurements into two distinctive experiments and then
bind them together. At the experiments planning phase we
seriously considered the option to carry our measurements
campaign that would capture all the considered phenomena
jointly, micromobility, blockage and beamtracking functions.
While, in principle, it would be feasible to capture the former
two phenomena (micromobility and blockage) jointly, the
electronic beamtracking capability is not supported by our
equipment as of now. To the best of our knowledge, this
option is also not available in other laboratories that deal
with THz measurements.

To enable such measurements that contain micromobility
and blockage impairments as well as beamtracking functions
jointly at this development stage of sub-THz/THz equip-
ment would require the electronic beamtracking capability.
However, the implementation of an electronic beam steering
at frequencies above 100 GHz is accompanied by a number
of technological issues. Designs of multi-element radio-
electronic devices, such as large phased antenna arrays,
suitable for microwave and millimeter wave ranges can not
be easily scaled down and adopted by sub-THz/THz wireless
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FIGURE 1. Setup for blockage measurements [12].

systems. This is primarily due to the very small dimensions
of their unit cells resulting in the significant decrease of the
fabrication tolerances for both antennas and tuning elements,
enabling amplitude and phase controls. Local irregularities
of structural elements eventually lead to the distortion of the
system characteristics of the arrays. The miniaturization also
leads to the increase of AC losses in their layered structures,
utilizing dielectric, metallic, and semiconductor elements,
due to the skin and proximity effects, eddy currents, parasitic
RLC losses and current bypassing. Moreover, widely used
CMOS technology becomes less effective at sub-THz/THz
frequencies, and the use of A3B5-based devices is needed
in 6G real-time beam steering systems. This requires further
developments in industrial cleanroom fabrication processes.
The abovementioned technical challenges, that will be

eventually solved, hampers design and development of other
features of the 6G THz air interface mechanisms such as
statistical tests for discriminating blockage and micromo-
bility events, designing blockage detection algorithms, and
improving beam tracking procedures, etc.

Equivalent Isotropically Radiated Power (EIRP) is a
critical design metric for practical wireless systems.
The transceivers (Tx/Rx) employed in this study exhibit
antenna gains approaching 30 dB, suggesting potential
compliance with IMT-2030 short-range system EIRP require-
ments [31], [32]. This underscores the significance of the
derived results for advancing sub-THz wireless commu-
nications. However, it is also important to acknowledge
that the generated traces do not fully encompass real-world
environmental complexities, including interference, multi-
object blockage, specular reflections, non-linear mobility,
and device power management protocols. While the proposed
methodology yields an approximate (qualitative) represen-
tation of signal strength at the UE or BS, it preserves
the fundamental empirical characteristics. Consequently,
this approach remains valuable for developing various
performance enhancements in prospective 6G sub-THz/THz
systems.

B. BLOCKAGE MEASUREMENTS
In the blockage measurement campaign, described in [12], a
blocker crossed the LoS between the BS and UE, see Fig. 1.
The experiments were conducted in a hall with dimensions
of 7.5 m in length, 2.4 m in width, and 3 m in height. The
blocker moved at an average speed of 3.5 km/h. The distance
between the BS and UE, x, was set to 3, 5, 7 meters. Various
BS-to-blocker distances, d, were used for each x: (i) x = 3
m: d = 1.5 m; (ii) x = 5 m: d = 1.5, 2.5 m; (iii) x = 7 m:
d = 1.5, 2.5, 5.5 m. Two BS and UE heights were examined:
1.35 m, representing LoS blockage by a chest, and 1.65 m,
representing LoS blockage by a head. 30 experiments have
been carried our for each considered configuration.

A THz source emulating BS and operating at a carrier
frequency of 156 GHz with an output power of 90 mW was
used. Both the BS and UE were equipped with identical
pyramidal horn antennas. The antennas were perfectly
aligned. The HPBW of the BS and UE was 10◦, and each had
a gain of 25 dB. The time constant for the amplifier was set
to 30 μs. The channel sampling resolution was � = 50 μs.
The typical behavior of the SRP during the blockage event is
shown in Fig. 2, while the main statistical characteristics are
summarized in Table 1, where STD is a shortcut for standard
deviation. The notation utilized in the Table 1 is illustrated
in Fig. 2, including the oscillation period that was utilized
in [17], [22], [23] to detect blockage events proactively.

C. MICROMOBLITY MEASUREMENTS
The micromobility measurement campaign targeted four
applications: (i) racing game, (ii) phone call, (iii) VR
watching, and (iv) video watching. In the first stage, the
micromobility of the beam center was emulated as described
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FIGURE 2. Typical SRP behavior during the blockage event.

TABLE 1. Basic statistical characteristics for BS and UE height 1.65 m.

in [4]. Then, a 2D Markov chain was constructed to produce
a model as described in [25]. These models were then
utilized to produce control sequences for the real experiments
described below.

The experimental setup consisted of two components: a
static Tx emulating BS and a mobile Rx emulating UE,
see Fig. 3. The Tx provided 44 mW of output power and
operated at a carrier frequency of 156 GHz. Both the Tx
and Rx were equipped with high-directivity horn antennas.
The Rx was placed 400 cm away from the Tx, with their
optical axes co-aligned at the start of each measurement.
Rx side was equipped with goniometers with the maxi-
mum speed of 80◦/s allowing for control the direction of
the horn antenna in horizontal (yaw) and vertical (pitch)
axes that have been shown to affect performance of THz
link [3]. These goniometers were controlled by the control
sequences consisting of 1s and 0s, where 1 indicates one-
step movement while 0 corresponds to the steady state. The
time-series produced by the model were utilized to obtain
control sequences. The channel sampling resolution was
� = 50 μs.

As 6G sub-terahertz networks are expected to support on-
demand beam searching, understanding the duration before
signal strength falls below a certain threshold becomes
particularly important. Table 2 demonstrates the average time
in seconds for SRP to fall below a given level, Sth =

FIGURE 3. Setup for micromobility measurements.

FIGURE 4. Averaged SRP behavior under micromobility impairments.

{3, 5, 7, 10, 15} dB, with respect to the level at time t = 0
(approximately 15 dBm) when the antennas are perfectly
aligned.

The averaged behavior of the micromobility for different
considered applications over 30 time-series is shown in
Fig. 4. Micromobility refers to quick spontaneous displace-
ments or rotations of UE in the hands of a user and as
shown in previous studies heavily depends on the type of the
application currently utilized at the UE [4]. This effect leads
to the misalignment of the BS and UE antenna arrays. It has
been shown in [3] that out of potential axial displacements
and feasible rotations roll, pitch, and yaw, it is the latter two

7814 VOLUME 6, 2025



TABLE 2. Time for SRP to fall below Sth .

that produce the most impact on link performance potentially
leading to outage situations.

Specifically, Fig. 4 shows that immediately after the beam
searching time instant that is assumed to happen at time
t = 0 and is implicitly modeled in our experiments by
perfectly aligning Tx and Rx antennas manually at the
beginning of each experiment, the SRP starts to diverge
from the maximal value. These data confirm the hypothesis
in [4], [24] that different applications are characterized
by different micromobility characteristics. On top of this,
the considered applications can be roughly classified into
high-mobility (VR watching and racing game) and low-
mobility (phone call and video watching) classes. For slow
micromobility applications such as phone calling or video
watching it degrades insignificantly even at large intervals.
For high micromobility applications such as VR and racing
game it falls down by a significant margin quite quickly
potentially leading to the outage. Since in this case to restore
the link beam tracking procedure is needed, it is critical
to differentiate between outages caused by blockage and
micromobility.

D. JOINT TIME-SERIES
Nowadays, with the lack of miniaturized equipment operat-
ing in the sub-THz band, there are no experiments reporting
close-to-reality SRP when both micromobility and blockage
simultaneously happen. Nevertheless, having measurements
of these phenomena in isolation, one may reconstruct the
actual SRP under both types of impairments by utilizing the
following superposition procedure.

The procedure combines blockage and micromobility
effects, adjusting the received signal strength accordingly and
incorporating periodic interruptions due to beam tracking.
It begins at time t = 0 in a non-blocked state under the
assumption that a beam search has just been completed.
Parameters are initialized, including the variable that repre-
sents the duration until the next blockage, which is modeled
as an exponentially distributed random variable with the
mean given by [19], [33]:

γ = 2λBvBrB, (1)

where λB is blocker density, vB is blocker speed, and rB is
blocker radius.

At the same time, selecting the application type determines
the signal slope associated with the micromobility process.
The slope is derived by applying the least mean squares
fitting (LMSF) method to the micromobility pattern. The

resulting average slope is then combined with a normally
distributed signal strength process, using the standard devia-
tion values provided in Table 1. When regular beam tracking
is used, the process restarts at fixed intervals, with each cycle
delayed by the duration of the beam search. We assume a
hierarchical beam search, where the alignment time is given
by TH = (MB +MU)δ, with δ representing the antenna array
switching time (typically 2–10 μs for modern arrays), and
MB and MU denoting the number of antenna elements at the
BS and UE, respectively. During the beam search phase, the
SRP is temporarily assigned the outage level. If an outage is
detected before the next scheduled beam tracking update, the
process is reinitiated. For on-demand tracking, the procedure
continues without interruption until an outage is detected,
triggering a reinitialization.

As the signal diverges from its initial value at t = 0 due
to micromobility, blockage events may occur concurrently.
When the non-blocked period ends, the characteristics
of blockage, specifically the drop duration and average
attenuation from Table 1, are used to calculate the additional
slope resulting from the decay caused by blockage and
the resulting signal level in the blocked state. During the
transition period, both the micromobility and blockage slopes
are combined to estimate the mean received signal level. The
standard deviation from the non-blocked state continues to
account for short-term signal variations. Once the blockage
has been reached, the standard deviation associated with the
blocked state replaces it. The same logic is applied during
the transition back to the non-blocked state as the signal
rises.

The proposed method produces an approximate SRP
profile as experienced by the UE when beam tracking
is employed. Despite its simplified nature, the approach
preserves key characteristics observed in real-world mea-
surements, making it suitable for evaluating and enhancing
the performance of future sub-THz 6G systems. Fig. 5
demonstrates typical behavior of the SRP for blockage only
time-series and for joint blockage and micromobility time-
series for VR application with on-demand and regular beam
tracking procedures and 200 ms inter beam tracking time
interval. As one may observe, even when regular beam
tracking is utilized micromobility may still lead outages.
However, the impact of micromobility in case of on-demand
beam tracking is more severe naturally calling for algorithms
capable of detecting the reason for outage event.

IV. PROPOSED APPROACH
In this section, we begin by presenting the algorithm
used to determine the cause of an outage and define the
associated classification task. Then, we describe the ML
algorithms considered for this purpose. Finally, we outline
the performance metrics used for evaluation.

A. OUTAGE ASSESSMENT ALGORITHM
To understand the reason for outage and take appropriate
actions beforehand, it is sufficient to detect blockage
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FIGURE 5. SRP behavior for blockage and micromobility time-series for VR watching application.

FIGURE 6. SRP behavior during oscillation and non-blockage for a time-series containing both blockage and micromobility impairments.

events in joint blockage and micromobility time-series.
By following [17], [34], as a main indicator of blockage
we utilize the oscillation period occurring just prior to
the blockage. Thus, the actual task reduces to detecting
oscillation events in presence of impairments caused by
micromobility. Specifically, if oscillation is detected and
then outage follows then the reason for outage is blockage.
Alternatively, if outage happens while no oscillation period
was previously detected then the reason for outage is
micromobility.

Typical SRP behavior during oscillation and non-blockage
periods for a time-series containing both blockage and micro-
mobility impairments is shown in Fig. 6. Visual observation
of the demonstrated samples show that there are principal
differences between SRP behavior event in micromobility
environment. This allows to consider the hypothesis that
ML-based techniques may be able to differentiate between
outages caused by blockage and micromobility.

The pseudo code for the overall procedure for inferring
the reason for outage conditions is shown in Algorithm 1.
The approach begins by pre-training a machine learning
model and gathering N observations of the channel state.
The labeled data is used to learn oscillation patterns specific

Algorithm 1 Outage Assessment Algorithm
1: Pre-train the model using collected labeled data
2: Get N observations of the channel state (e.g., signal

strength, received power)
3: Assess the current state
4: Detect oscillation patterns using the pre-trained ML

model
5: if oscillations == true then
6: Event is blockage
7: else
8: Event is micromobility
9: end if

10: Continue monitoring the SRP
11: if outage == true and event == blockage then
12: Perform BS switching to restore connection
13: else if outage == true and event == no blockage then
14: Perform beam tracking and re-alignment
15: end if

to each impairment type. During operation, the algorithm
continuously collects channel state observations (such as
signal strength and received power). Using the pre-trained
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model, it then detects oscillation patterns to classify the
event as either blockage or micromobility. Based on this
classification, the system dynamically decides whether to
perform base station switching or beam tracking to maintain
connectivity.

B. MACHINE LEARNING CLASSIFICATION
Differently from detecting blockage in artificial “noise-free”
environment, where the blockage can be detected by utilizing
simple threshold-based algorithms [12], [17], detection in
presence of noise induced by micromobility of UE in hands
of a user requires more comprehensive approaches. To this
end, we consider and compare several classes of ML-based
algorithms for classification tasks.

1) TREE CLASSIFIERS

Decision Tree is one of the simplest classification tools that
recursively splits a dataset into smaller, more manageable
subsets. By prioritizing attributes that maximize information
gain, decision trees reduce overall uncertainty within the
data. The idea behind is to assess how much uncertainty is
reduced when the dataset is divided according to different
features. Entropy, a measure of this uncertainty, is calculated
using the formula:

H(D) = −
∑

pi log2(pi), (2)

where pi is the frequency of class i within the dataset.
When evaluating a specific feature F, the information gain

is defined as the difference between the overall entropy and
the remaining uncertainty after the split in a dataset D:

I(D, F) = H(D) − H(D|F), (3)

where H(D|F) representing the expected entropy of the
partitions formed by feature F.

Decision trees recursively divide datasets based on
attributes that offer the greatest information gain, continuing
until predefined criteria, such as a specified tree depth or
minimum samples per node, are met. This approach simpli-
fies data interpretation and enhances predictive capabilities.

2) RANDOM FOREST CLASSIFIERS

Random Forest is an ensemble learning method that builds
multiple Decision Trees to improve prediction accuracy and
reduce overfitting. The idea is to construct a collection
of decision trees to collectively produce more stable and
accurate predictions. The process begins by generating
multiple bootstrap samples, which are created by randomly
sampling the training data with replacement. A separate
Decision Tree is trained on each of these samples. To
encourage variation across trees and reduce correlation
between them, only a random subset of features is considered
when determining the optimal split at each node. Unlike
traditional Decision Trees that may employ pruning to
control complexity, Random Forest allows each tree to grow
fully.

For classification tasks, Random Forest typically aggre-
gates the outputs of all trees through majority voting.
Alternatively, the ensemble can use the median of the
tree outputs as the final decision, a strategy that enhances
robustness to outliers:

Ŷ = M(Y1, Y2, . . . , Yt), (4)

where Y1, . . . , Yt are the decisions from the individual trees.
Random Forest is resilient to noisy inputs and outliers,

and it offers useful estimates of feature importance. While
the method introduces greater computational cost and has
lower interpretability compared to a single Decision Tree,
its strong predictive performance across diverse tasks makes
it a reliable choice in many ML applications.

3) XGBOOST

XGBoost is an advanced ensemble ML algorithm that
leverages gradient boosting, designed to improve prediction
accuracy and computational efficiency. It constructs decision
trees in sequence, where each subsequent tree is trained
to focus more on the instances that were misclassified
by the previous ones. Unlike traditional gradient boosting,
XGBoost introduces optimizations like regularization, which
helps control model complexity and prevent overfitting. It
also employs techniques such as pruning and parallelization
to enhance performance and speed, making it particularly
suitable for large datasets and high-dimensional problems.

At each step, XGBoost minimizes a loss function using
gradient descent, adding new trees that reduce residual errors.
The final prediction is made by summing the weighted
outputs of all trees. For classification tasks, the model
typically uses a softmax function to output probabilities.

4) AUTOENCODER

The autoencoder implemented here is a generative deep
learning model designed to detect anomalies in high-
dimensional data. A constrained bottleneck layer that learns
effective representations of the input data is the basis
of the autoencoder. While lowering the dimensionality,
these representations, also known as latent space encodings,
preserve the most important characteristics. There are two
phases of the model’s operation: (i) encoder and (ii) decoder.

The encoder transforms the input data x ∈ R
N , where

N is the size of the input samples, into a compact latent
representation g ∈ R

32. This transformation captures the key
characteristics of the input in a compressed form, discarding
redundant information. The encoder’s operation is:

g = σ (Wx + b), (5)

where W ∈ R
32×N is the encoder weight matrix, b ∈ R

32 is
the bias vector, σ is the activation function.

The decoder reconstructs the original data x′ ∈ R
N from

the latent representation g. The objective of the decoder is to
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recover the original structure of the input data as accurately
as possible. The mathematical operation of the decoder is:

x′ = σ ′(W′g + b′), (6)

where W′ ∈ R
N×32 is the decoder weight matrix, b′ ∈ R

N

is the decoder bias vector, σ ′ is the activation function [35].
We implemented an autoencoder-based anomaly detection

method to compress the dataset into a latent space with a
smaller dimension (32-dimensional) than the original data
(N-dimensional), see Fig. 7. The differences between the
reconstructed and original data were compared to detect
anomalies. The autoencoder was trained using oscillating
periods data only, enabling it to learn a compressed repre-
sentation of normal patterns of oscillation and reconstruct
them.

To identify anomalies, we tracked the reconstruction error
during inference. A predefined threshold, T , calculated based
on the mean, μ(r), and standard deviation, σ(r), of the
reconstruction loss from the normal instances in the training
set, T = μ(r) + σ(r), served as the criterion, where
r represents “reconstruction loss”. During testing, if the
reconstruction error for a sample exceeded this threshold, the
sample was categorized as abnormal or indicative of non-
blockage. The autoencoder utilized the sigmoid activation
function in the decoder’s final layer to normalise the
reconstructed output between 0 and 1. The Mean Absolute
Error (MAE) was used as the reconstruction loss to measure
the difference between the original and reconstructed data:

MAE = 1

n

n∑

i=1

|xi − x′
i|, (7)

where xi is the original input, x′
i is the reconstructed output,

and n is the total number of data points. By calculating
whether the reconstruction loss for a test sample exceeds the
threshold, we effectively distinguished between normal and
abnormal samples. Samples with reconstruction errors below
the threshold were categorized as normal (oscillation), while
those exceeding the threshold were categorized as abnormal
(no oscillations).

5) LONG SHORT-TERM MEMORY

LSTM networks offer a refined approach to modeling
sequential data by addressing the shortcomings of con-
ventional recurrent neural networks. Standard RNNs often
suffer from the vanishing gradient problem, which limits
their ability to capture long-term dependencies. LSTMs
overcome this by incorporating memory cells and gating
mechanisms that regulate the flow of information enabling
the model to retain relevant context over extended sequences.
Such architecture makes LSTMs well-suited for identifying
temporal patterns in complex time-series data.

Note that the rationale for utilizing LSTM is that this
model is traditionally utilized to process sequential data
(like time series, natural language, audio, video frames).
Differently, conventional neural networks are primarily

FIGURE 7. Autoencoder model for oscillation detection.

designed for spatial data, where these data are available
beforehand.

C. DATA AND HYPERPARAMETERS DESCRIPTION
Our dataset consists of two types of time-series: one
containing only blockage events and the other encompassing
both blockage and micromobility patterns. The primary
objective is to train a ML models to detect the oscillation
pattern in the time domain. To achieve this, we extracted
oscillation and non-blockage periods from both blockage
only time-series and time-series encompassing both types
of impairments, selecting segments of N time steps. Each
segment was labeled as either oscillation (0) or non-blockage
(1) to facilitate supervised learning. No transformations
were applied to the raw data, ensuring the model learns
directly from the measured SRP characteristics. Overall,
the dataset comprises 480 samples, each represented by
1500 features, with the proportion of samples from different
user applications (racing game, phone call, VR, and video)
selected randomly to reflect diverse and realistic usage
scenarios.

We employed several machine learning models, including
Random Forest with 100 estimators, Decision Tree with a
maximum depth of 3, and XGBoost with a binary logistic
objective and 100 boosting rounds. The Autoencoder used
a symmetrical architecture with ReLU activations in hidden
layers, sigmoid in the output layer, and was trained for
100 epochs with the Adam optimizer (learning rate 0.001).
The LSTM model included a Conv1D layer for feature
extraction, a MaxPooling1D layer, an LSTM layer with 64
units, and a dropout rate of 0.4 to improve generalization.
These parameter choices ensured a good trade-off between
model complexity, accuracy, and computational efficiency.

D. METRICS OF INTEREST
To assess the performance of the proposed algorithms we rely
on three commonly used metrics: (i) accuracy, (ii) precision
and (iii) recall. Accuracy quantifies the ratio of correct
predictions to the total number of instances evaluated. While
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this metric can be misleading in imbalanced datasets, it
remains informative in our case, where the class distribution
is relatively even. Accuracy is computed as:

A = n

N
, (8)

where n is the number of correctly classified samples, N is
the total number of samples.

However, when the dataset is imbalanced, accuracy
alone may not provide sufficient insight into the model’s
performance. In such cases, precision and recall offer a
more detailed evaluation. Precision quantifies the proportion
of correctly identified positive samples among all samples
predicted as positive. It is especially relevant in context
where false positives are costly. Precision is given by:

P = nTP

nTP + nFP
, (9)

where nTP represents the number of true positive samples and
nFP denotes the number of false positive samples. Ideally,
nFP = 0, which results in a precision of exactly unity. In our
case, a low precision value would indicate a high number of
false positives, meaning that many non-oscillation samples
indicating no blockage are incorrectly classified as oscillation
ones signaling occurrence of the blockage event. However, it
does not lead to significant performance degradation as UE
needs to change its association point only if outage happens
right after the detection of the oscillation period.

Recall measures the proportion of correctly identified
positive samples among all actual positive samples, i.e.,

R = nTP

nTP + nFN
, (10)

where nTP is the number of true positive samples, and nFN

is the number of false negative samples. Similarly to the
precision, recall reaches its ideal value when nFN = 0.
A low recall value indicates that many oscillation samples
indicating blockage event are incorrectly classified as non-
oscillation ones. The cost of this decision is much higher
as opposed to false positives utilized in precision metric.
The reason is that if outage occurs right after the undetected
oscillation, the system will not search for the new association
point but will continue performing beam tracking procedure
with the current BS that is now in blocked conditions. This
will extend the outage period significantly depending on the
utilized timers for beam tracking failure [36].

V. NUMERICAL ASSESSMENT
In this section, the numerical results related to blockage
detection are reported. We begin with performance of block-
age detection algorithms without micromobility impairments
and, secondly, we assess detection performance in presence
of micromobility.

A. ABSENCE OF MICROMOBILITY
We begin by analyzing time-series that contain only blockage
impairment. The task is to distinguish the oscillation period

FIGURE 8. Accuracy when detecting blockage without micromobility.

preceding an outage. As shown in Fig. 8, XGBoost achieves
the highest accuracy, reaching approximately 0.95. It is
closely followed by tree-based algorithms such as Random
Forest and Decision Tree, both of which demonstrate
accuracy above 0.9. In contrast, the performance of more
complex models like LSTM and Autoencoder is significantly
worse, with noticeably lower accuracy.

These results are expected, as identifying oscillations
in time-series affected solely by blockage is relatively
straightforward. This aligns with numerous studies in the
literature that propose various blockage detection methods
based on both ML approaches and even simple threshold
techniques. For example, the threshold-based determinis-
tic technique based on the summed periodogram metric
reported in [17] is characterized by accuracy of 0.98
outperforming pattern recognition ML techniques based on
Convolutional Neural Networks (CNN) or RNN reported in
[21], [22], [34].

Analyzing the data reported in Fig. 9(a) and Fig. 9(b),
it can be observed that tree-based models characterized by
the best accuracy among the considered algorithms, also
demonstrate high precision and recall values. On top of this,
recall is slightly higher (by 2-3%) compared to precision,
suggesting that the decision process is characterized by fewer
false negatives, which incorrectly classify oscillation samples
as non-oscillation ones. This indicates that the system almost
never misinterprets a blockage event as micromobility and
does not perform beam tracking when an outage caused by
blockage occurs.

Summarizing, the key takeaway from Figs. 8 and 9 is that
using complex models such as LSTM and Autoencoder are
not always the optimal choice. These models require sub-
stantial training time and computational resources, demand
precise fine-tuning of parameters, and rely on large datasets.
Moreover, when trained on the same amount of data, they
do not outperform simpler algorithms in terms of considered
metrics.

B. PRESENCE OF MICROMOBILITY
Consider now the case of detecting blockage events in
presence of micromobility impairments. Fig. 10 and Fig. 11
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FIGURE 9. Precision and recall when detecting blockage without micromobility.

FIGURE 10. Accuracy when detecting blockage with micromobility.

show accuracy, precision, and recall performance metrics for
the case of joint blockage and micromobility time-series.

Figure 10 shows that most algorithms perform worse
at detecting blockage events when both blockage and
micromobility are present in the time series, compared
to cases with blockage alone. This is to be expected,
as the presence of micromobility can be considered an
additional source of noise, which reduces the effectiveness of
the algorithms. Nevertheless, tree-based algorithms remain
the top performers, specifically, Random Forest achieves
accuracy close to 0.95, see Fig. 10. The reason for this
behavior is a special structure of the decision process,

FIGURE 11. Precision and recall when detecting blockage with micromobility.

where the final result is affected by the weighted outcome
of multiple tree classifiers. XGBoost allowing to reinforce
the decision made by tree algorithms is not far behind
providing accuracy of approximately 0.9. Notably, LSTM
also delivers decent results, with an average accuracy of
around 0.8, outperforming Decision Tree. LSTM performs
well even under noisy conditions where blockage overlaps
with micromobility, likely due to its strength in modeling
spatial patterns and retaining relevant context across time
steps.

Of special interest is the behavior of precision and recall
metrics shown in Fig. 11. Out of these two precision is
the one mostly affected by the micromobility impairments
induced to the blockage data. The reason is that incorrectly
detecting blockage when it does not occur is less costly as
compared to not detecting it while it actually happens. The
former type of error is characterized by the precision that
experiences the biggest performance drop when micromo-
bility is added to the blockage. Despite the micromobility
impairments in the time-series, recall remains relatively high
across all ML algorithms, see Fig. 11(b).

Summarizing, these results further support our hypothesis
that computationally expensive models like those based on
neural networks are not necessary for classifying time-series
behavior. Simpler algorithms, such as XGBoost and, espe-
cially, Random Forest, can achieve even better performance
while requiring minimal tuning.
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C. COMPARISON WITH EXISTING APPROACHES
Unlike existing methods such as [12] and [17], which focus
solely on detecting blockage events and do not account
for UE micromobility, our proposed approach explicitly
addresses both impairments simultaneously. Furthermore,
these prior works do not employ machine learning techniques
but rather rely on spectral-domain analysis or heuristic
algorithms, limiting their ability to adapt to diverse real-
world scenarios. In contrast, our machine learning-based
framework achieves high accuracy and robustness, and
uses standard ML performance metrics (accuracy, precision,
recall), which are not directly comparable to traditional
metrics like detection probability or false alarm rate used in
those studies.

We adopt ensemble-based methods such as Random Forest
and XGBoost to achieve high classification accuracy while
maintaining practical training efficiency. Specifically, our
models required only 10 to 20 seconds to converge on stan-
dard hardware (Apple M2 CPU, 8 GB RAM, without GPU
acceleration). In contrast, deep neural network approaches
(including convolutional and recurrent architectures) typi-
cally demand significantly larger datasets (often ranging from
100,000 to over a million samples) and substantially longer
training times [37], [38]. Furthermore, neural networks often
require repeated fine-tuning to adapt to new environments,
introducing additional latency and computational overhead.
By relying on simpler yet powerful ensemble methods, our
approach ensures not only competitive classification accuracy
(approximately 95%) but also rapid adaptability.

VI. CONCLUSION
Among the phenomena affecting the quality of sub-THz
wireless communications, micromobility and blockage are
the most critical, as both can lead to outage events. However,
the system’s response to these outages differs significantly:
beam tracking has to be employed for outages caused by
micromobility, while switching to another BS using the
3GPP standardized multi-connectivity functionality needs to
be used for outages caused by blockage. In this paper,
we propose a simple approach to differentiate between
outages caused by blockage and micromobility, leveraging
ML techniques and the distinctive oscillating behavior of the
SRP just prior to blockage.

Our numerical results illustrate that simple ML-based
blockage detection such as tree-based algorithms, especially,
Random Forest classifier, show excellent performance for
both blockage only environment and blockage environment
with micromobility impairments reaching accuracy of 0.95
and higher. Tree-based classifiers are also characterized by
very high recall values, higher than precision values even in
presence of micromobility. This implies that the proposed
approach extremely rarely leaves blockage event undetected
minimizing the chances of misinterpreting outage events
happening as a result of blockage with the ones occurring as
a result of micromobility. Finally, complex algorithms, such
as those based on neural networks, may not be necessary,

as they require complex parameterization and considerably
longer training phases.
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