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ABSTRACT Accurate prediction of receiver state is vital for optimizing network performance in urban
settings, where rapid spatial variations in channel conditions pose significant challenges to communication
quality. This paper presents a Machine Learning-based framework for predicting channel states in
Unmanned Aerial Vehicle-assisted mmWave communication networks. Given that mmWave signals are
susceptible to blockage by buildings and other urban structures, predicting receiver conditions at a specific
location can be determined by directly deploying the geometric features describing the built-up environment
surrounding the receiver. A set of geometrical features is extracted and used as input to train the adopted
learning models, namely Decision Tree, Linear Decision Tree (LDT), Random Forest, Support Vector
Machine, and Deep Neural Network (DNN), to estimate the probability of three distinct receiver states:
Line-of-Sight, Non-Line-of-Sight, and Blocked. Experimental results indicate that the DNN-based model
achieves the highest prediction accuracy and robustness, while the LDT provides computational efficiency
and straightforward explainability. To improve the interpretability of the black-box DNN model, we employ
the SHapley Additive exPlanations (SHAP) method, which identifies the most influential environmental
features in state probability prediction. Furthermore, we enrich the standard 3GPP model by incorporating
the top SHAP-ranked features, leading to notable performance improvements.

INDEX TERMS Channel model explainability, feature engineering, geometrical features analysis,
mmWave, receiver state prediction.

I. INTRODUCTION

THE KEY promise of Beyond-Fifth-Generation (B5G)
and Sixth-Generation (6G) communication networks

is to provide ubiquitous, high-capacity wireless connec-
tivity for a vast number of users while accommodating
emerging services with stringent requirements, such as high
reliability, low latency, enhanced energy efficiency, and
elevated peak data rates [1], [2]. To meet these goals,
particularly for those in underserved areas or during critical
situations, the integration of Non-Terrestrial Technologies

(NTT) with terrestrial infrastructures has emerged as an
important advancement, introduced in Release 17 of the
Third Generation Partnership Project (3GPP) [3], [4], [5].
Non-Terrestrial (NT) platforms can be classified into space-
borne platforms, including Low Earth Orbit (LEO), Medium
Earth Orbit (MEO), and Geostationary Earth Orbit (GEO)
satellites, and aerial systems, such as Unmanned Aerial
Vehicles (UAVs) and High-Altitude platforms (HAPs). In
three-dimensional wireless communication, UAVs can act
as floating base stations (BSs) or relay nodes, bridging
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between space/ground base stations and terrestrial users. Due
to their flexible maneuverability, UAVs can improve network
coverage in remote regions with sparse infrastructure and
offer network resilience in situations such as infrastructure
failures caused by natural disasters or sudden surges in user
demand over short periods [3].
To accommodate the increasing number of connected

devices and support new types of services requiring higher
bandwidth, broader frequency spectrums are utilized, such
as millimeter Wave (mmWave) technology operating in
the 30–300 GHz range. The mmWave spectrum brings
significant advantages to wireless communication, particu-
larly in UAV-aided communication networks. However, its
inherent characteristics pose notable challenges. Specifically,
mmWave signals are highly susceptible to atmospheric
absorption and penetration losses when encountering physi-
cal obstacles, including buildings, trees, vehicles, and even
human bodies. As a result, the path loss of this frequency
range is much higher than lower-frequency bands, leading to
a degradation in Quality of Service (QoS) [6], [7]. One of
the challenges in maintaining the desired QoS for mmWave-
based communication within urban environments is the
identification of potential obstacles that may obstruct signal
propagation.
If an aerial platform transmits a signal along the shortest

geometric path toward a ground receiver and the signal
does not encounter any obstacle, the receiver is considered
to be in the Line-of-Sight (LOS) state. The LOS path
typically provides the highest received power compared to
the Non-Line-of-Sight (NLOS) components, which result
from reflections or diffractions and may experience power
losses of up to 40 dB [7]. Building structures are a
primary cause of signal blockage in Air-to-Ground (A2G)
and Ground-to-Air (G2A) communications within urban
environments.
The NLOS probability represents the likelihood that

UAV-transmitted signals reach the receiver through one or
more reflections, diffractions, or scatterings from obstructing
objects. The Blocked state refers to the condition in which
the path loss of the NLOS rays is so high that the receiver
cannot effectively receive any data, such as when the receiver
is located in a blind spot relative to the transmitter or inside
a building [8], [9]. In many applications of communication
theory, the blockage probability is particularly useful for
estimating the likelihood of receiving no signal within a cell
without prior knowledge about the structural layout of the
cell.
Since such probabilities strongly depend on the built-up

environment and the distance between the transmitter (Tx)
and receiver (Rx), the features related to the topology of the
surrounding area of the receiver are essential for predicting
the LOS, NLOS, and blockage probabilities. Given that
the environment changes abruptly between adjacent city
neighborhoods, the propagation state varies accordingly,
leading to fluctuations in connectivity and received QoS
across the UAV cell. Since path loss and other channel

characteristics are functions of the receiver state, determining
the receiver conditions within each neighborhood of an urban
cell enables a better understanding of the path loss and gain
characteristics of mmWave communications in the corre-
sponding areas. This knowledge facilitates the optimization
of Non-Terrestrial Networks (NTN) performance, including
NT platforms orchestration, mobility management, and
resource allocation.
The ultimate objective of this work is to estimate the

probabilities of User Equipment (UE) being in LOS, NLOS,
and Block states at different locations of a large cell. In
contrast to existing models addressing similar challenges,
our proposed approach partitions the cell environment into
equal-sized sections, representing different neighborhoods,
each characterized by various geometric or morphological
features. State probabilities are then estimated for these
sections, enabling a more comprehensive and spatially
aware assessment. This strategy facilitates further UAV
coverage analysis, trajectory optimization, and handover
management [10], [11].

Most research focuses exclusively on the estimation of
LOS probability, either for a small-scale city section or for an
artificially generated urban environment, based on predefined
parameters that do not accurately represent real-world
scenarios. In these studies, a low estimated LOS probability
is often interpreted as a reduced likelihood of the receiver
having a LOS ray, without considering the possibility of
complete signal blockage. To date, no studies on mmWave
UAV-based communication simultaneously account for all
three state probabilities.

II. RELATED WORKS
Existing research on LOS probability prediction is divided
into deterministic, empirical, and geometry-based analytical
approaches. In deterministic models, the environmental
clutter is represented by a 3D digital model, which is
then used in simulation tools such as Ray Tracing (RT)
to accurately simulate the propagation behavior of elec-
tromagnetic waves in that setting [12]. However, these
models are limited by excessive memory consumption, high
computational demands, and cost. Geometry-based models,
on the other hand, follow the principles of electromagnetic
wave propagation along with the geometric properties of
the environment to predict LOS probability [13], [14],
[15], [16], [17], [18], [19], [20], [21], [22]. These models
typically rely on several simplifying assumptions about
the communication environment, allowing the derivation
of closed-form expressions for LOS probability prediction.
However, their reliance on predefined and constant statistical
parameters for the urban environment reduces their accuracy
and adaptability, particularly due to the stochastic nature
of urban layouts, including irregular street shapes, complex
geometries of buildings, which are more intricate than
simple cubes, cuboids, or cylinders. Consequently, building
footprints often exhibit greater complexity than basic shapes,
such as circles, squares, or rectangles. In contrast, empirical
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models depend on real-world measurements to establish
probabilistic relationships, typically through curve fitting.
As the acquisition of such data is normally challenging,
time-consuming, and limited, few empirical works are based
on real measurement data [23]. The majority of empirical
research is based on simulation data from RT models [24],
[25], [26], [27], [28] or point cloud data obtained by laser
scanning [29], [30].
A well-known geometric-based analytical model is

the LOS probability model introduced in ITU-R Rec.
P.1410 [13], which represents urban environments using three
key parameters: building coverage ratio, building density
per unit area, and Rayleigh-distributed building heights.
This model assumes that building centers follow a uniform
distribution and estimates the LOS probability by calculating
the likelihood that each building along the propagation path
is shorter than the direct LOS ray. This model has inspired
several subsequent geometry-based approaches [15], [16],
[17], [18], [19], [20], [21], [22].
The work [16] considers different building height distri-

butions (Uniform, Rayleigh, and Exponential) and evaluates
the LOS probability in a Manhattan Poisson Line Process
(MPLP) urban grid, assuming fixed ground BS positions
at intersections and mid-street locations. In another study,
Mohammed et al. [22] proposed a closed-form model based
on the distance to the first obstructing building. This study
attempted to incorporate mixed urban layout structures but
fell short due to other statistical assumptions. In 2014, Al-
Hourani et al. [17] proposed a sigmoid function to estimate
LOS probability based on ITU-defined urban parameters and
elevation angle. Later, in 2020, they introduced a closed-
form mathematical model applicable to UAV-to-UAV, land
mobile satellite, and A2G mmWave communication. The
model considers any two points with arbitrary distance
and height difference, where buildings are randomly placed
based on a Poisson Point Process (PPP) [18]. However,
the cylindrical building representations and their random
placement strategy do not fully capture the complexity of
real urban environments. Saboor et al. in [14] predicted LOS
probability using a 3D city simulator with simplified ray
tracing and a lightweight geometry-based simulator. They
demonstrated that the models in [13], [17] overestimate LOS
due to limited consideration of azimuth angles and realistic
urban obstructions. Inspired by this, the study [15] presented
a geometry-based model for varying UE positions along
the streets, incorporating both elevation (θ) and azimuth
(�) angles within an artificially constructed Manhattan-style
urban grid using ITU-specified parameters.
The study in [19] integrated the carrier frequency into

its geometry-based LOS probability model by considering
Fresnel zone clearance. Following this, Zhu et al. [20]
proposed a model that incorporates transmitter height vari-
ations and urban statistical parameters, namely building
height distribution, width, and spacing, along with first-
order Fresnel zone effects. Moreover, in [21], the authors
accounted for the intrusion ratio of obstructing objects

into the first Fresnel zone for the LOS probability model.
All these models can be considered as examples of using
statistical modeling of urban building profiles.
Other standard models, including WINNER II [31]

and 3GPP TR 38.901 [32], offer empirical frameworks,
which are established based on real-world measurements.
However, these models are primarily designed for terrestrial
communication.
As an example of empirical models, Samimi et al. [24]

estimated LOS probability by computing the proportion
of LOS points on a circumference around each receiver
position, using RT simulation data. Nevertheless, this method
was applied to a small-scale urban environment (downtown
Manhattan) and was restricted to terrestrial communication.
Similarly, in [25], the authors developed a model for varying
endpoint heights in a terrestrial 3D urban macrocell (UMa).
They evaluated standard LOS probability models using RT
data obtained from LIDAR-based 3D models of five U.K.
cities.
Some recent studies have adopted data-driven

Machine Learning (ML) approaches for LOS probability
prediction [26], [27], [28] as ML methods offer the
advantage of learning intricate patterns from data and
generalizing well to unseen scenarios. For instance,
Pang et al. [26] used a K-Nearest Neighbors (KNN) model
followed by a neural network, both trained on RT simulation
data. However, its reliance on a synthetically generated
urban environment limits its adaptability to real-world
variations. Similarly, in [27], a Graph Neural Network
(GNN) approach was applied for LOS probability prediction.
While this method accounts for UAV mobility, it suffers
from the same limitation. Another framework was proposed
in [30], where the LOS probability was estimated in the
presence of shadowing objects, distributed by PPP. The
work of [28] employed different types of synthetic urban
environments (urban, suburban, dense urban, high-rise
urban), defined by [13] parameters, for the RT simulation
and trained a neural network with the simulation data to
predict LOS probability. Although this approach achieved
superior performance compared to other ITU-based models,
it still does not reflect the complexity of real-world urban
deployments. Additionally, Yang et al. [33] developed a
neural network trained on randomly generated building floor
plans to predict LOS probability in indoor environments.
Table 1 summarizes previous studies on LOS probability
prediction. Most of these studies used RT simulation data to
validate the accuracy of their proposed analytical model or
to train their ML models. However, as mentioned earlier, the
majority of RT simulations were conducted on synthetically
generated urban environments rather than on real-world city
maps.
Overall, existing studies primarily focus on estimating

the probability of a single receiver state, predominantly
LOS, while overlooking a comprehensive framework that
simultaneously considers all three states: LOS, NLOS,
and Blocked. The first study that introduces these three
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TABLE 1. Related works on LOS probability prediction models.

probability models was [8], in which the authors proposed
mathematical probability models, designed for terrestrial
mmWave communication; however, their models are not
suitable for UAV-based communication, as they only account
for the distance between Tx and Rx without incorpo-
rating the influence of urban geometries and transmitter
height. Moreover, most models for UAV communication rely
on simplified features (e.g., distance), without integrating
detailed geometrical characteristics of the city environment.
Consequently, their generalization to real urban locations
remains limited. Recently, Jassim and Kürner [34] introduced
some geometrical features related to the receiver environment
for LOS/NLOS prediction, employing a Gradient Boosting
Decision Tree (GBDT) classifier. Although their work
focused on terrestrial networks with a simplified environment
and it was a classification task rather than probability
estimation, their approach shows the role of geometrical
features in channel prediction.

III. CONTRIBUTION AND ORGANIZATION
This paper presents a framework for estimating the receiver
status probability (LOS, NLOS, and Blocked probabilities) in
mmWave-based A2G communication, which can be applied
to different urban settings. In contrast to recent ML-based
channel prediction works, such as [26], [27], [28], [30],
our approach presents several key contributions that improve
model applicability:

• Unified Multi-State Prediction: We propose an
ML-based model that simultaneously predicts the prob-
ability of three receiver states, instead of focusing solely
on LOS probability prediction. This enables a more

complete understanding of mmWave signal quality in
the urban environment.

• Geometrical Feature Extraction: We extract detailed
geometrical features from real 3D maps of cities,
covering multiple cities with diverse architectural pro-
files. Such digital maps are also compatible with the
RT simulation tool, so they enable precise modeling
of signal propagation. Unlike existing works that use
artificial Manhattan-style layouts, our method captures
the influence of real-world building geometries, street
layouts, density, and height distributions by using
3D urban maps with real measurements, enhancing
both model realism and generalizability. The extracted
features characterize the building profile of the area
surrounding each receiver.

• Status Probability Prediction Model: We perform a
comparative analysis of five supervised ML models,
including Random Forest (RF), Support Vector Machine
(SVM), Decision Tree (DT), Linear Decision Tree
(LDT), and Deep Neural Network (DNN) to evaluate
their ability in terms of predictive performance and
generalization. These models are trained with a set
of geometrical attributes extracted from different sec-
tions across multiple cities, with ground truth target
variables obtained via RT simulation software. The
results demonstrate that DNN outperforms other models
in terms of predictive accuracy and exhibits strong
generalization for unseen urban profiles.

• Computational Complexity Analysis: To evaluate
deployment feasibility of different models for UAV-
based communication scenarios, we analyze the
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FIGURE 1. 3D representations of the different urban layouts used in this study. (Left) High-rise urban layouts, characterized by numerous skyscrapers, exemplified by New
York. (Middle) Dense urban layout, where buildings are closely packed with narrow streets, as seen in Madrid. (Right) Standard urban layouts, such as Dubai.

computational complexity of each model, including the
number of trainable parameters, training time, inference
time, and memory consumption. The findings highlight
a trade-off between accuracy and efficiency. The LDT
emerges as a lightweight and interpretable solution,
whereas DNN provides superior accuracy at the cost of
increased computational overhead.

• Explainability: We apply the SHapley Additive exPla-
nations (SHAP) technique to interpret the predictions of
the black-box DNN model. This interpretability analysis
identifies the most influential geometrical features
driving the model predictions and offers global and local
explainability. The findings are then compared with
explainable-by-design models to assess the consistency
and reliability of the learned feature relationships.

• Benchmarking against 3GPP: We enhance the default
3GPP LOS probability model [32], [35] by incorpo-
rating important geometrical features derived from the
SHAP analysis. The refitted 3GPP model achieves
higher prediction accuracy compared to the standard
formulation. Finally, our developed model outperforms
both the default and refitted 3GPP models, due to its
ability to effectively capture the underlying dynamics
within the dataset.

The remainder of this paper is structured as follows:
Section IV presents the proposed framework for generating
a dataset with geometrical features, detailing the acquisition
of raw environmental data, pre-processing procedures, and
feature extraction techniques. It also outlines the ML
models employed to predict receiver state probabilities.
Section V provides a comprehensive evaluation of ML mod-
els in terms of accuracy, computational complexity, memory
requirements, and model interpretability. In Section VI,
the performance of the proposed model is benchmarked
against both standard and optimized 3GPP models. Finally,
in Section VII we conclude the paper.

IV. METHODOLOGY
In our simulation setup, we assume that UAVs are operating
at an altitude of 150 meters above the ground. Given

that UAVs at heights between 100 and 300 meters can
provide coverage of at least 1 km2, our study utilizes ten
different city sections, each with a surface of 1 km2, where
the UAV is positioned at the center. The considered cities
are Dubai, Florence, London, Madrid, Munich, New York,
Ottawa, Paris, Tokyo, and Vienna. They feature diverse
building profiles, including dense urban, standard urban,
high-rise deployments, and mixed-structure urban layouts,
as illustrated in Fig. 1. Dense urban refers to a city where
the number of buildings per unit and the ratio of occupied
land are relatively high across the city, like Madrid, while
the standard is approximately similar to the standard urban
grid with low-height buildings and rectangular streets of
moderate width and equal distance from each other, as seen
in the selected area of Dubai. The high-rise deployment is
a dense city that has many skyscrapers, such as New York.
The city whose structure is a mixture of these is referred
to as a mixed-structure city (e.g., London). Although the
selected urban environments in our study are not strictly
based on ITU-R P.1410 [13], we aim to reflect some of
the key representative urban layout structures through real-
world examples and to allow the ML-based model to learn
distinct structural characteristics during training. We also
show that, in contrast to existing literature, the distribution
of buildings throughout the city is highly heterogeneous,
and these blockers occur at various spatial scales in each
neighborhood.
Regarding the analysis of mmWave propagation, we utilize

the most powerful and accurate RT tool, Wireless InSite,
developed by REMCOM [36], which shows the spatial
distribution of total communication power among multipath
components in a given environment using the X3D model.
Among the possible formats of the file containing the
information of the environment, we choose DXF (Drawing
Exchange Format) files. We employ DXF files as the 3D
digital maps of each city, containing real measurements of
the urban structures. Unlike other studies that often simplify
buildings to basic cube shapes, such 3D CAD files provide a
highly detailed representation, preserving complex building
geometries. The DXF format is chosen because it provides
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FIGURE 2. 3D Distance between the UAV and the one square.

the following advantages: it is compatible with Wireless
InSite, it retains geometric elements (LINE, POLYLINE, and
3DFACE) with explicit XYZ coordinates for their vertices,
providing greater precision than OBJ and SHP, and it
supports multiple layers, allowing richer data representation.
The buildings are aligned according to their real-world
geographic coordinates, and we do not deliberately rotate
them.
To generate DXF files, we first extract 1 km2 regions of

various cities from the open-source OpenStreetMap (OSM)
repository [37]. Using the “Blosm,”1 an add-on in Blender
software, we convert them into DXF files. Each selected
urban environment is then divided into equal-sized sections,
inside which the geometrical features remain relatively
constant. Based on empirical analysis, we determine that
an area of 100m2 per section provides an optimal trade-
off between spatial resolution and feature consistency. This
area is selected as the smallest suitable size that effectively
supports feature extraction while ensuring accurate state
analysis. During division of the DXF file into equal squares,
we ensure that 3D faces of intersecting buildings are
assigned correctly according to the squares in which they
are contained, while the remaining are assigned to adjacent
squares, similar to cropping a 2D image.
For the simulation, an omnidirectional transmitter antenna

was assumed for the UAV underside to cover the lower
hemisphere, operating with a 30 dBm output power at a
28 GHz carrier frequency. The walls of the buildings are
modeled as solid concrete with a permittivity of 5.31 F/m.
The maximum number of reflections and diffractions allowed
in the simulation are six and one, respectively. Each city
cell, with a surface of 1 km2, is covered by 2500 receivers
placed as a grid, equally spaced by 20 meters from each
other, as shown in Fig. 1. Consequently, each section with
an area of 100m2 contains 25 lattice receivers (5 × 5 grid),
depicted in Fig. 2. This configuration ensures full coverage
of each square with a constant 20-meter spacing between

1https://github.com/vvoovv/blosm

TABLE 2. Simulation setup for wireless InSite.

receivers. Since we aim to calculate the probability over an
entire section, some receivers are located inside buildings or
very close to walls, which naturally affects the propagation
characteristics. The output of Wireless Insite provides the
probability of different states for each section. Note that the
sum of these three probabilities is equal to one for each
square. Table 2 summarizes the Wireless Insite configuration
for our simulation.

A. GEOMETRICAL FEATURE GENERATION
Inspired by the work [38], we extract a set of key numerical
characteristics from the DXF file and use them to predict
the receiver state probabilities for each city section. In the
approach proposed by the authors of [38], the surrounding
area of each receiver is determined by the nearest visible
wall, leading to distinct territories for different receivers.
For example, some receivers have a very small region in
dense environments, while others in sparse areas have a
relatively large one. They utilized extracted geometrical
features for path loss prediction. Although their proposed
approach, relying on a single reflection limited to the
surrounding building wall, may work for their specific use
case, it cannot be generalized for other use cases, as higher-
order reflections and diffractions are crucial for accurately
modeling mmWave communications. Additionally, while this
study outlines the key geometrical features used, it does not
explicitly describe the computational process behind feature
extraction. Nevertheless, their methodology served as an
inspiration for our approach.
In our study, we focus on the interaction between the

transmitter and the individual sections of the UAV coverage
area. The dataset comprises 1,000 records, each representing
a specific section within a UAV cell. The extracted geo-
metrical features used for model training are summarized in
Table 3.

Numerous studies have proven the influence of elevation
angle and height difference on LOS probability [15], [17],
[18], [32]. As a result, we consider the 3D Distance as a
feature, as it contains both the elevation angle (θ) and the
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TABLE 3. Elaborated description of geometrical characteristics derived from each neighborhood.

height difference between the transmitter and the receiver,
and is computed as:

d3D = zTx − zRx
sin(θ)

(1)

This is illustrated in Fig. 2, which shows both the 3D and
projected 2D distances. Note that the transmitter and receiver
heights zTx and zRx, obtained from Wireless InSite, also
include terrain elevation information, which is an important
factor in mmWave propagation.
A subset of the extracted features pertains to building

heights, including minimum, maximum, average, and median
heights, as well as the number of buildings above the average
height. These features provide insight into the distribution
of building heights within each square. For example, if the
median is lower than the average, the distribution is right-
skewed, indicating that most buildings are relatively short or
medium in height, while a few very tall buildings increase the
average. Conversely, if the median is higher than the average
height, the distribution is left-skewed and the buildings are
medium to tall, with a few low-rise structures.
Another important feature is the building density ratio,

which significantly impacts the state probability prediction.
The number of buildings within each section is another
included feature. If this feature is interpreted alongside
the building density ratio, it provides meaningful insight.
For instance, a high density ratio with a low number of
buildings indicates the presence of large building footprints.
The importance of footprint size (i.e., building width and
length) has also been supported in the work of [15]. Since the
buildings are represented as connected 3D faces in the DXF
file, we consider both the total number of faces and vertices

to quantify the building structural complexity, which can
directly influence the reflection and scattering phenomena.
As shown in [39], architectural elements, such as decorative
masonry or windows, contribute to non-specular scattering,
indicating that facade geometry plays a crucial role in signal
propagation. In some neighborhoods, despite the low number
of buildings, there is a high count of faces and vertices,
indicating that those buildings have intricate architectural
structures. Exactly for these cases, we examine how building
geometrical sophistication impacts the likelihood of receiver
conditions.

B. MACHINE LEARNING BASED STATE PROBABILITY
PREDICTION
ML-based approaches have proven to be powerful tools for
classification and regression problems in various scientific
domains due to their ability to uncover complex hidden
patterns within the data. Rather than developing a closed-
form expression, we apply ML techniques to establish a
relationship between geometrical features and receiver state
probabilities within a given neighborhood. Estimation of
state probability is inherently a regression problem, where
the generated features serve as input variables for training
the ML model.
For our multi-output regression problem with high non-

linearity, we employ common ML approaches, namely DT,
LDT, RF, SVM, and DNN. The selected ML models are
the most common state-of-the-art ones and range from
interpretable, low-complexity approaches to more complex
nonlinear models, to explore various modeling capabilities
for our multi-output regression task. To optimize model
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performance, we perform extensive hyperparameter tuning
using GridSearchCV with 10-fold cross-validation, based on
the Mean Squared Error (MSE). DT is a non-parametric
model that recursively partitions data into sub-regions. It is
simple and interpretable by design, but prone to overfitting.
Another variation of decision trees is LDT, which integrates
linear models at leaf nodes, improving generalization at
the expense of reduced interpretability. RF is an ensemble
method that averages the predictions of multiple DTs to
reduce variance and improve robustness. It is a bagging-
based framework that helps mitigate the overfitting of a
single tree. Support Vector Regression (SVR) is a regression
variant of SVM that seeks an optimal hyperplane within a
defined margin while minimizing the prediction error. SVR
natively supports only single-output regression. To enable
using it for multi-output tasks, MultiOutputRegressor is used
as a wrapper to adapt this model. This estimator, provided
in the Scikit-learn library, fits a separate instance of the
base regressor for each target variable independently. Finally,
DNN is a multi-layered neural network capable of learning
hierarchical feature representations, making it well-suited
for capturing highly nonlinear patterns. While tree-based
models, such as DT and LDT, are interpretable by design,
RF, SVR, and DNN operate as black-box models, lacking
explainability regarding their internal decision-making pro-
cess. Table 4 shows the hyperparameters used for each model
during training.
For the pre-processing step, Min-Max normalization is

applied to the input features, rescaling them to [0,1] to
mitigate problems caused by differences in the magnitude
of the features.

V. PERFORMANCE EVALUATION
A. ACCURACY AND GENERALIZATION EVALUATION
The performance of ML-based approaches is assessed using
the coefficient of determination (R2) and MSE. The R2 score
indicates the proportion of variance in the dependent variable
that is predictable from the independent variables, serving
as a standard measure for assessing predictive accuracy. The
MSE measures the average squared difference between the
actual and predicted values, placing a higher penalty on
larger errors. The R2 score is computed as follows:

R2 = 1 −
∑N

i=1

(
yi − ŷi

)2

∑N
i=1(yi − ȳ)2

(2)

In these equations, yi represents the ground truth value,
ŷi denotes the predicted value by the model, and N is the
total number of data points. The ȳ is the mean of the actual
values as: ȳ = 1

N

∑N
i=1 yi. The MSE is also calculated as (3):

MSE = 1

N

N∑

i=1

(
yi − ŷi

)2 (3)

Table 4 presents the performance of the ML methods in
estimating the LOS, NLOS, and blockage probability in
terms of R2 and MSE, evaluated on the test set. We utilize

TABLE 4. Model performance evaluation on test set.

the 10-fold cross-validation to evaluate the performance
robustness of each model. The average values calculated
across all the folds have a standard deviation less than or
equal to 0.1, indicating minimal variability.
The results indicate that DNN outperforms all other

methods for both metrics, whereas DT shows the highest
error. This is expected, as DTs typically struggle with highly
nonlinear multi-output regression problems due to their rigid
hierarchical structures. Integrating linear regression at the
leaf nodes, LDT, introduces higher flexibility; however, it
still struggles to resolve high non-linearity. RF and SVR
demonstrate relatively similar performance accuracy.
The DNN excels at capturing intricate non-linear rela-

tionships within data, making it well-suited for problems
such as ours. Its superior performance stems from its deep
architecture, which enables hierarchical feature learning.
Although this results in greater accuracy, this model faces
interpretability challenges due to its black-box nature.

B. COMPUTATIONAL COMPLEXITY EVALUATION
In UAV-based communication, where memory, processing
power, and energy are constrained, evaluating the compu-
tational efficiency of ML models is crucial to ensure their
feasibility in deployment. Fast prediction time and minimal
resource use are critical for latency-sensitive or energy-
constrained applications for maintaining service quality.
Table 5 provides a comparative analysis of various ML
models, in terms of the number of trainable parameters,
training time, memory usage, and prediction time. This table
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TABLE 5. Computational complexity comparison of ML-based models.

helps to make an informed selection based on UAV resource
constraints and application-specific needs.
DNN, with 18,179 trainable parameters, a training time

of 22,792 ms, and a prediction time of 143 ms, exhibits
the highest computational complexity among the evaluated
models, but delivers superior accuracy, as reported in
Table 4. RF aggregates the output of 1,000 decision tree
estimators, resulting in 101,362 parameters (the split and leaf
nodes across all trees) and the highest memory consumption
(8.4 MB). Consequently, RF is regarded as a resource-
intensive method, yet it achieves lower predictive accuracy
compared to DNN. SVR, with similar performance to RF,
is implemented using MultiOutputRegressor; hence, it has
reduced training and inference time compared to DNN, RF,
and even LDT. However, it still requires high memory due
to the need to store the support vector weights. DT, with
fewer trainable parameters (split and leaf nodes) and a simple
structure, requires minimal training time and memory space,
though at the cost of poor predictive performance. LDT
improves on DT by fitting linear regressors in the leaf nodes,
offering better accuracy with moderate training overhead.
As mentioned above, selecting models for deployment

requires careful consideration of the trade-off between com-
putational efficiency and predictive performance. Therefore,
if the application prioritizes low latency and limited resource
usage, LDT presents a suitable option due to its lightweight
structure. Conversely, in scenarios where predictive precision
is vital and sufficient memory is available, DNN is the best
option.

C. EXPLAINABILITY ANALYSIS
A key challenge in applying ML-based models is their
limited interpretability. Explainability provides insights into
how a model makes decisions, which is particularly critical
in UAV-based communication, such as in safety-critical
scenarios, where autonomous decisions must be reliable and
justifiable. Interpretability helps identify the most influential
factors, understand the internal mechanism of the model,
and prevent unintended outcomes by detecting biases or
inconsistencies in the reasoning of the model. While DT and
LDT provide clear decision paths, explainable by design,
complex models, such as DNN, operate as black boxes,

necessitating post-hoc explainability methods like SHAP to
enhance transparency and trust.

1) GLOBAL MODEL INTERPRETATION

In the context of ML interpretability, global and local
explainability offer complementary perspectives on model
behavior. Global explainability provides insight into which
features are generally most influential across the entire
dataset. In contrast, local explainability focuses on how
individual features contributed to a specific prediction.
One promising feature importance analysis method is

SHAP, which computes SHAP values (Shapley values) for
each feature in the dataset to quantify their contribution
to the model output [40]. The SHAP value of the feature
“fi” is defined as the average marginal contribution of that
feature to the model decision across all possible subsets of
input features: S ⊆ F \ {fi}, where S is any subset of the
input feature set F [41]. The SHAP library offers various
explainers tailored to different model types. Kernel SHAP is
model-agnostic, while Tree SHAP, Linear SHAP, and Deep
SHAP are developed for specific structures. SHAP supports
both local and global explanations: at the local level, it
assigns an importance score to each feature for an individual
prediction, whereas at the global level, it aggregates these
scores across all predictions to quantify overall feature
influence. Notably, SHAP satisfies desirable properties, such
as local accuracy, consistency, and missingness handling.
We first apply the SHAP method to provide a global

interpretation of the final predictions, identifying which
geometrical characteristics most influence the predicted
state probabilities for the test set. Specifically, we use the
DeepSHAP algorithm for the DNN-based model. DeepSHAP
approximates Shapley values by assuming that each layer
of the neural network behaves approximately linearly and
propagates the computed Shapley values backward through
the network.
Fig. 3 presents SHAP summary plots for the LOS, NLOS,

and Blocked probabilities predicted by the trained DNN
model, indicating the contribution of each geometrical
feature across all test instances. The x-axis shows the strength
and direction of the influence that each feature has on the
model output. The y-axis ranks the features based on their
impact. Each point corresponds to a single test instance,
with the color showing the respective feature value. Among
the ML models used in this study, SVR, RF, and DNN
are considered black-box models, so SHAP explainers can
be utilized for interpretation. However, SHAP analysis is
applied only to the DNN model in this study, as it delivered
the best predictive performance, as demonstrated in the
preceding subsection.
Across all probability outputs, 3D Distance and density

ratio are the most influential features. For LOS probability,
the 3D Distance pushes the LOS probability prediction
toward zero, meaning that the smaller the 3D Distance value,
the higher the LOS probability. This trend is consistent with
findings in previous studies, such as [24], [26], [32], which
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FIGURE 3. SHAP summary plots showing the influence of input geometrical features on the LOS, NLOS, and Blocked probability predictions of the DNN model.

FIGURE 4. 3D and 2D Elevation map of the selected area, along with its position on the cell.

report that the LOS probability is directly correlated to the
2D distance between Tx and Rx and decreases monotonically
from one as it goes beyond the breakpoint distance. Since 3D
Distance encapsulates both vertical and horizontal distance,
its impact on LOS probability here confirms this relationship.
As 3D Distance increases, LOS probability decreases, while
NLOS and Blocked probabilities increase.
Similarly, a higher density ratio reduces LOS probability

while increasing the likelihood of Blocked conditions. This
is expected, in dense urban environments, where there are
more obstacles, the rays are more likely to experience higher
path loss due to the increased number of reflections and
diffractions. Consequently, a larger proportion of receivers
fall into the Blocked state.
The number of buildings, as the third prominent attribute

for LOS and NLOS probabilities, contributes to a lower
LOS prediction, whereas it influences NLOS probability
in a varying direction. The average building height is
another influential feature for all outputs, particularly for
the Blocked probability. A higher average building height
increases the Blocked probability while reducing both LOS
and NLOS predictions. These observations reflect the roles of
these two characteristics in signal obstruction and multipath
propagation. Overall, these findings align with physical
expectations and existing literature, demonstrating that urban

morphology significantly affects mmWave propagation and
validating the effectiveness of the extracted geometrical
features in capturing environmental complexity.
A similar pattern is observable in the structures of the

DT and LDT models, as illustrated in Appendix A. Notably,
the root nodes and initial splits in both trees predominantly
involve 3D Distance, density ratio, and number of buildings,
aligning well with the global feature importance rankings
derived from the SHAP analysis.

2) LOCAL MODEL INTERPRETATION

To complement the explainability analysis, we perform a
local interpretability study on a specific example. Following
a leave-one-city-out validation strategy, we choose Vienna
as the held-out city. From this dataset, we randomly select
Section 90, a region characterized by a high building density
and a relatively large 3D distance from the UAV transmitter.
Fig. 4 shows both the 3D and 2D elevation views of this
selected section. We analyze the behavior of the DNN model
on this instance using a SHAP force plot and compare
the local explanation with the rule-based interpretability
provided by the DT and LDT models. Fig. 5 indicates the
SHAP force plot for this section, which reveals the following:

• LOS prediction: The 3D distance is the most dominant
feature, pushing the prediction toward zero, followed
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FIGURE 5. SHAP force plots for selected section.

FIGURE 6. CDF curve of MSE for three LOS probability estimation models on
Florence city.

by the average height of the buildings. Other features,
including density ratio, number of buildings, and mini-
mum height, lead to an increase in the predicted value.

• NLOS prediction: 3D distance and density have equal
contributions but in opposite directions. Interestingly,
the number of 3D faces reduces the NLOS probability.

• Blocked prediction: The influence of characteristics
changes; 3D distance and number of faces push the
Block probability toward higher values, while the
density ratio contributes to a lower prediction.

According to the rules derived from the trained DT model,
shown in Appendix A, if the density ratio is between 0.365
and 0.508, the 3D distance is greater than 503 meters, the
median is below 21 meters, and the maximum structure
height is less than 24 meters, then the predicted probabilities
are:

LoS = 0.023, NLoS = 0.466, Blocked = 0.511

Both the SHAP local explanation and the DT rules
emphasize the critical influence of 3D distance and density-
related features. SHAP offers a more nuanced view by
quantifying the exact contribution of each feature, while

the DT and LDT models provide a transparent sequence
of decision rules. The consistency between the SHAP local
explanation and the trees confirms that the neural model is
learning patterns consistent with interpretable trees.

VI. PERFORMANCE EVALUATION AGAINST EMPIRICAL
MODELS
In this section, we assess the predictive performance of
the proposed model against the empirical model developed
by 3GPP standards [32], [35]. Given the characteristics of
our dataset, we focus on the Urban Macro with Aerial
Vehicle (UMa-AV) scenario. Although our model predicts
three probability outputs (LOS, NLOS, and Blocked), we
only evaluate the LOS probability for comparison, as the
3GPP offers an empirical model only for LOS probability.
In [35], when the height difference exceeds 100 meters

up to 300 meters, the LOS probability is assumed to
be 100%, which holds true under the assumption of an
unobstructed environment. For real-world urban landscapes
with obstacles that influence LOS conditions, we calibrate
the 3GPP model to account for altitude variations specific
to our dataset (∼150). The default 3GPP LOS probability
model is formulated as an exponential function of the 2D
distance and height difference, expressed as:

PLoS(d2D) = min

(
D1

d2D
, 1

)[

1 − exp

(−d2D

D2

)]

+ exp

(−d2D

D2

)

, (4)

where d2D is the horizontal distance between the UAV
transmitter and ground Rx, D1 is the breakpoint distance,
and D2 is the decay parameter, representing the rate at which
the LOS probability decreases as the distance increases. Both
parameters of D1 and D2 are calculated using the (5) and (6),
respectively.

D1 = max
(
α1 log10(hUG) + α2, α3

)
(5)

D2 = α4 log10(hUG) + α5 (6)

The coefficients in the above equations change across
different urban cells, and their values must be refitted for
each setting. The 3GPP formulation relies primarily on
the height difference hUG, defined as zTx − zRx, which
is insufficient to accurately model LOS probability in
real-world urban scenarios. As highlighted in the SHAP
analysis, the top three characteristics, namely the density
of surrounding buildings, the 3D Distance, and the number
of buildings within the receiver vicinity, play a crucial role
in the LOS probability estimation for UAV-based wireless
communication. Therefore, these features should be involved
in the LOS model. We extend the condition variable set as
follows:

c = [
log10(hUG),Dr, d3D,Nb

]
(7)

According to 3GPP, PLoS is the probability of receiving a
LOS ray for the given 2D distance and vertical difference.
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FIGURE 7. Structure of the DT model.

FIGURE 8. Structure of the LDT model.

Inspired by the work [42], we redefine the condition
parameters with a new set of variables, obtained from the
SHAP importance analysis, improving the LOS probability
model. We model the breakpoint distance D1 and decay
parameter D2 as linear combinations of the selected environ-
mental features, ensuring that the final formulas effectively
capture the influence of the surrounding environment on
the LOS condition. Note that the density variable varies
across different regions in the cell. We employ a linear
neural network where learnable parameters are initialized
and iteratively optimized via stochastic gradient descent to
minimize the MSE between the predicted probability by
the refitted 3GPP model and the measured LOS probability
values in the dataset. This generates a unique set of refitted
α coefficients for each of the four cities used in this study.
Next, the performance of our DNN probability estimation

model is evaluated against both the standard 3GPP model and
its refitted version for four distinct urban environments using
MSE. Table 6 shows the MSE values of the LOS probability
predicted by the three models. The results indicate that the
refitted 3GPP model significantly outperforms the default
version due to the adoption of key characteristics specific
to each urban environment. Moreover, our proposed model
achieves better predictive accuracy than both empirical

TABLE 6. Comparison of LOS probability estimation error against empirical models.

models, as it effectively captures the dynamics of the dataset.
Fig. 6 illustrates the Cumulative Distribution Function (CDF)
of the MSE values of the models for Florence city. The
DNN-based model consistently outperforms both empirical
models, confirming its superior predictive performance.

VII. CONCLUSION AND FUTURE WORK
In this work, we develop an ML-based state probabil-
ity model for A2G UAV-based communication systems,
exploiting geometrical features extracted from the territorial
zones of ground receivers. Given that mmWave signals
are highly susceptible to blockage and attenuation caused
by surrounding urban structures and their morphology, we
consider environmental characteristics to accurately predict
the likelihood of each propagation state within each neigh-
borhood of the UAV coverage area. Unlike prior studies that
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focus solely on LOS probability, our approach estimates all
three key propagation states simultaneously. We compare
several state-of-the-art supervised ML algorithms, including
DT, LDT, RF, SVR, and DNN, and evaluate their strengths
and weaknesses in probability estimation problems using the
extracted geometrical attributes as input features. The results
show that the DNN model achieves the highest predictive
accuracy and robustness, albeit at the cost of increased com-
putational resources. In contrast, the lightweight LDT model
delivers faster results while compromising accuracy, offering
a trade-off suitable for resource-constrained applications. To
address the inherent lack of interpretability in the DNN
model, we apply SHAP to the model. The SHAP analysis
provides valuable insights into the most influential features
affecting the model predictions, thereby enhancing trust and
transparency in its decision-making process. Furthermore, we
improve the standard 3GPP model by incorporating a new set
of geometrical variables obtained from SHAP analysis. The
optimized model demonstrates superior performance over
the original 3GPP standard, highlighting the efficiency of
integrating environmental characteristics in state probability
modeling, although the DNN model outperforms both.
Despite promising results, the effectiveness of the

proposed framework depends on the precision of the 3D
urban data used for feature extraction. Inaccuracies or
outdated maps may degrade prediction quality. Furthermore,
while the model generalizes well across diverse urban
layouts, its applicability to non-urban scenarios, such as
suburban environments, remains unexplored. Addressing
these aspects will be an important step toward real-world
deployment. Another possible direction for future work is
integrating the proposed framework with other models to
determine the minimum number of UAVs and their optimal
locations or trajectories required to cover a given area,
ensuring consistent QoS for entire region while maintaining
a minimum signal-to-noise ratio (SNR) among UAVs.

APPENDIX
A. TREE VISUALIZATIONS
Figures 7 and 8 show the full structures of the DT and LDT
models, respectively. These visualizations illustrate how key
features are utilized throughout the model structure.
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