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Abstract: Autonomous operations are an essential function of urban air mobility (UAM) and other
evolving aviation markets. Achieving autonomous flight within complex environments remains a
bottleneck in the area of unmanned aerial vehicles (UAVs). Current progress in sensor technology has
improved the payload capabilities of UAVs, allowing the incorporation of sensors, namely
multispectral cameras, higher spatial resolution cameras, and light detection and ranging (LiDAR)
systems. Moreover, the fusion of data from diverse sensor modalities can compensate for the
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limitations of individual sensors, offering a more comprehensive representation of the operating
environment. Thus, a systematic analysis of path optimization methods that employ multi-sensor data
fusion is critical for enhancing the autonomy and reliability of UAV systems. At present, scholars have
progressively utilized deep learning (DL)-driven systems to overcome these challenges for general
object detection tasks and have achieved considerable advancements. However, the application of DL
methods specifically for UAV recognition and classification remains a relatively novel research field.
This paper presents a novel explainable deep learning-based UAV obstacle detection framework
(XDL-UAVODF) using multi-sensor data. The aim of this study is to design a UAV navigation
framework for obstacle avoidance and optimal trajectory planning in dynamic and complex
environments. Obstacle detection provides fundamental environmental awareness for safe navigation
and serves as an essential condition for subsequent path planning and trajectory generation. The
proposed approach is designed to support UAV navigation by accurately identifying obstacles rather
than directly generating collision-free paths. For feature selection, a hybrid approach that integrates
principal component analysis (PCA) and least absolute shrinkage and selection operator (LASSO) is
leveraged to reduce dimensionality and select significant feature subsets. Moreover, the dynamic
sparse graph convolutional recurrent network (DSGCGRN) is used to model spatial-temporal
relationships and analyze complex patterns among multi-sensor data to improve decision-making
performance. The AdaGrad optimizer is utilized in the training process to ensure faster convergence
and enhance model stability. Finally, SHapley Additive exPlanations (SHAP) is employed to explain
feature contributions and enhance the transparency of the deep learning model. The performance
validation analysis of the XDL-UAVODF approach is conducted using the UAV Autonomous
Navigation Dataset. The experimental outcomes reported the superiority of the XDL-UAVODF
technique under various measures.

Keywords: unmanned aerial vehicle; deep learning; principal component analysis; explainable
artificial intelligence; urban air mobility

Mathematics Subject Classification: 68T07, 68T45

1. Introduction

Urban air mobility (UAM) facilities are developing airborne missions involving on-demand air
taxis in lower-altitude metropolitan areas, last-mile delivery, and scheduled public air metro. Also, the
quick iterative procedure of electrical vertical takeoff and landing (eVTOL) aircraft makes it soon
possible and suitable for urban air transport [1]. At the same time, frequent flight actions in lower-
altitude urban airspace are controlled by security and safety considerations, as the flow of heavy traffic
with probable conflicts may endanger the people [2]. Meanwhile, the urban building complexity alters
the wind field and microclimate, significantly impacting fleet operation in densely distributed areas.
Unmanned aerial vehicles (UAVs) autonomous control is a pivotal research domain because of its
numerous applications in logistics, disaster response, environmental observation, and military
reconnaissance [3]. As UAVs progressively operate in dynamic and intricate surroundings, the need
for extremely effective and consistent path optimization approaches has increased considerably.
Conventional navigation approaches frequently struggle with the computational load of real-world
decision-making, sensor noise, and environmental uncertainties [4].
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UAVs are aircraft that operate under either autonomously piloted or centrally controlled
conditions. UAVs are appropriate for a broad range of applications, including commercial, surveillance,
defense, and scientific operations [5]. Position tracking, drone mapping, and object monitoring are
regular uses for UAVs due to their affordable operating costs, compact size, and capability for vertical
landing and takeoff. UAV path planning can be regarded as a procedure in which drones compute a
route to reach the target location rapidly and safely, with the plan based on the existing setting and
position as key elements [6]. UAVs must maintain full awareness of their status to execute missions
efficiently. Examples of their status involve monitoring their position, direct route, destination,
reference point, and travel speed [7]. Therefore, multi-UAV functions are a more complex and time-
consuming research area, leading to high computational expenses related to a single UAV mission [8].

The latest developments in deep learning (DL) models have resulted in further enhancements in
UAV navigation, especially in the interpretation and processing of higher-dimensional sensor
information [9]. Deep neural networks (DNNSs) include recurrent and convolutional methods that are
useful for feature extraction from intricate sensor inputs, allowing UAVs to make more precise and
consistent decisions in various systems. Pretrained methods like convolutional autoencoders or
transformers enable knowledge transfer across tasks, decreasing the dependence on task-specific
databases [10]. These advancements have significantly improved the capability of executing multi-
modal sensor fusion, improving the robustness of systems, particularly in visually impaired or GPS-
denied states. Nevertheless, the difficulty and computational requirements of DL techniques raise
issues associated with safety, interpretability, and real-world deployment [ 11]. To solve these problems,
continuous research strives to balance higher performance with effective method design, ensuring that
UAVs can operate effectively and safely in real-time applications [12].

Obstacle detection is a basic perception task in autonomous UAV systems that precedes path
planning by providing real-time information about the surrounding obstacles. The proposed
architecture is designed to accurately identify obstacles using multi-sensor data, thereby supporting
safe navigation and facilitating subsequent path planning decisions. Accordingly, the study focuses on
developing an explainable obstacle detection framework that enhances environmental perception for
UAM applications.

This study presents an innovative explainable deep learning-based UAV path planning approach
(XDL-UAVODF) that utilizes multi-sensor data for efficient navigation in urban air mobility systems.
The proposed model intends to develop a UAV-based path planning framework for safe and effective
navigation in a dynamic environment. Moreover, dependable UAV navigation in practical situations
remains challenging. However, reliable UAV navigation in real-world scenarios remains challenging
because of difficult environmental factors, multi-dimensional sensor data, and uncertainty in obstacle
placement. These tasks need effective feature extraction, capable decision-making, and explainable
learning mechanisms. The proposed XDL-UAVODF model follows a comprehensive pipeline that
integrates preprocessing, feature selection, dynamic graph-based classification, parameter selection,
and model interpretability to improve the performance of the model. The experimental analysis of the
proposed XDL-UAVODF methodology takes place utilizing a benchmark dataset, and the outcomes
are reported in terms of various measures. The core contributions of this work are outlined below:

e Design a hybrid principal component analysis (PCA) and least absolute shrinkage and selection
operator (LASSO) for selecting the most relevant features and, by eliminating less significant
features, improve model efficiency.
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e Employ a dynamic sparse graph convolutional recurrent network (DSGCGRN) to model
spatial-temporal relationships in multi-sensor data and capture dynamic dependencies between
features while reducing computational complexity through sparse graph representations.

e Present the AdaGrad optimizer for the process of tuning parameters, which helps to achieve
improved performance with limited computational complexity.

e Validate the performance of the XDL-UAVODF approach on the UAV Autonomous Navigation
Dataset and evaluate the outcomes under several measures.

2. Literature review

This section briefly reviews prior related works on UAV path planning using multi-sensor
data. Liu et al. [13] proposed a multi-phase optimizer structure that combines high-level path
planning, obstacle avoidance, and task allocation. A weighted clustering approach has been
employed for effective patrol point allocation, assuring a balanced UAV burden. The proposed
method is an ant colony optimization (IACO) method for high-level path planning, integrating
dynamic pheromone updates and a 2-opt local search approach for refining the paths and enhancing
optimization. Weng et al. [14] presented an air traffic management structure that combines collision
avoidance and route guidance. The collision avoidance model creates a collision-free aircraft trajectory
among the waypoints within 3D space. The route guidance module optimally distributes aircraft
through both temporal and spatial dimensions to regulate the paths by enabling larger-scale
applications that build a quick, approximate approach for global path planning and accept the velocity
obstacle method for distributing collision avoidance. Kim et al. [15] introduced a DL structure that
depends on an long short-term memory (LSTM) module, which considers shorter flight dynamics and
longer-range dependency in trajectory information. Examination of the attention weights distributed
shows that temporal segments most influence the method’s outcome, improving interpretability and
directing upcoming refinements.

Liu et al. [16] suggested a unified structure that combines infrastructure readiness valuation with
daytime running lights (DRL) driven UAV path planning. By utilizing a data-based model integrating
clustering examination and in situ measures for estimating the citywide distribution of surveillance
quality, the proposed model is an infrastructure-aware path planning method that depends on a deep
Q-network (DQN) with a convolutional structure, allowing UAVs to learn effective trajectories while
evading surveillance blind regions. Veiga-Pifieiro et al. [17] introduced a computational fluid dynamics
(CFD)-based structure that combines a cutting-edge training (CAE) with a deep neural network (DNN)
for fast prediction of urban settings and the application of UAV trajectory planning. The CAE reduces
the horizontal field of flow into a lower-dimensional hidden space, offering an effective representation
of intricate patterns. Deniz and Wang [18] presented a deep multi-agent RL structure specifically
adapted to the challenges of eVTOL navigation in 3D space, using a decentralized performance method
and centralized learning, leveraging a shared neural network throughout each agent in the system. This
model handles larger-scale, high-density eVTOL traffic, ensuring safe separation and conflict
resolution at connections and combining points.

Isik et al. [19] presented an innovative machine learning (ML)-driven global navigation satellite
system (GNSS) integrity monitoring structure, which integrates environment detection for creating
environment-specific error methods. The proposed method leverages the probabilistically predictive
abilities of the N grin boost (NGB) methods and establishes higher outcomes of approximating
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protective levels related to the conventional approach. In [20], an approach for planning UAM route
networks was proposed. The planning procedure has been separated into dual phases: optimization
and construction. Systems for building UAM route networks that depend on flight routes and global
optimizer approaches relying on node movement were presented in all phases. Qin et al. [21]
introduced an unsupervised image stitching model utilizing generative adversarial networks (GANs),
feature frequency awareness network (FFAN), convolutional block attention module (CBAM), and
transformer-based deep homography estimation (TDHE). These models improve image quality, learn
hierarchical multi-scale features, and enhance image alignment performance. Qin and Ran [22]
presented an unsupervised image stitching method based on YOLOVS, attention mechanism, pooling
pyramid module (PPM), deep homography networks (DHN), and adaptive reconstruction. These
algorithms enhance feature extraction, assess image transformations, and improve stitching quality by
decreasing visual artifacts and alignment errors.

Ngcukayitobi [23] proposed a model with a phased strategic roadmap, which outlines the
transition from trials to fully autonomous, Al-based aerial mobility networks. It also highlights the
demand for ethical co-design practices, real-world validation environments, and standardized testbeds
to ensure social acceptance, compliance, and trust. Ultimately, it underscores the need for
multidisciplinary collaboration over Al, urban policy, aerospace engineering, and ethics to realize an
intelligent and sustainable UAM future. Song et al. [24] designed a resilient trajectory tracking
controller, which ensures that all signals of the closed-loop system are semi-globally uniformly
bounded, satisfying the pre-set constraints, even if the anticipated actuator faults occur. Finally, the
superiority and feasibility of the designed control method are clarified by simulation results. Table 1
provides the literature review of existing studies on UAV path planning using multi-sensor data.

Table 1. Overview of existing related works.

References Research aim Models Advantages Disadvantages
Liuetal. [13] To create collision-free, Enhanced ant Incorporate task Increased computational
energy-efficient, and colony allocation, global complexity due to multi-
time-optimized paths for optimization planning, and stage integration of
urban patrol obstacle  evasion algorithms.
applications. into a  unified
framework for
improved
coordination.
Weng et al. To combine route Route Enhances airspace High computational
[14] guidance and collision guidance efficiency through complexity due to real-
avoidance mechanisms mechanism optimized  traffic time large-scale
for safe and efficient coordination. simulation.
aerial traffic operations.
Kim et al. To improve decision- DL models Improves efficiency Requires large amounts
[15] making and situational of UAM operations of high-quality training
awareness using through predictive data for optimal
predictive modeling analysis. performance.
techniques.
Continued on next page
AIMS Mathematics Volume 11, Issue 8, 27327-27350.
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Liuetal. [16] To integrate DRL approach  Supports strategic System  effectiveness
infrastructure decision-making may depend on proper
assessment with through intelligent parameter tuning and
strategic ~ optimization optimization model configuration.
for efficient airspace techniques.
management.

Veiga- To develop a CFD and Convolutional Improves UAV High computational cost

Pifieiro et al. DL  framework  for autoencoder safety by due to CFD simulations

[17] accurate urban wind and deep accounting for and deep  learning
flow prediction. wind-induced integration.

neural network
disturbances.

Deniz  and To develop an DRL Supports Convergence and

Wang [18] autonomous conflict approaches coordinated stability may be
resolution framework for decision-making challenging in multi-
UAM systems. among multiple agent settings.

UAVs using multi-
agent learning.

Isiketal. [19] To improve navigation ML techniques Supports safe and Model  generalization
safety by detecting and efficient UAV may be challenging
mitigating GNSS errors operations in dense across different urban
and signal degradation. urban airspace. scenarios.

Lietal. [20] To design an optimized Ant colony Supports large- Static network design
and structured airspace optimization scale UAM may be less adaptable to
network for safe and deployment in highly dynamic
efficient UAV complex urban conditions.
operations. environments.

Qinetal. [21] Unsupervised image GAN + FFAN Enhances image Limited to image
stitching  for robust + CBAM + quality, feature stitching; not suitable for
image alignment below TDHE extraction, and UAYV path planning.
weak textures, image  alignment
challenging light performance.
conditions, and
significant parallax.

Qin and Ran Unsupervised image YOLOVS + Enhances feature Accurate image

[22] stitching attention extraction and stitching; limited

mechanism + image  alignment application to UAV path
deep accuracy and planning or multi-sensor
homography improves stitching data fusion

network (DHN) quality with

+ adaptive reduced artifacts.

reconstruction
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Ngcukayitobi Al-driven technologies, Al-based Overview of Al No validation of specific
[23] deployment methods for UAM methods, sensor obstacle detection
autonomous eVTOL architecture, fusion, and UAM experimentally.
drones in UAM. multi-sensor integration
fusion, techniques.
autonomous
navigation,
explainable Al
Song et al. Adaptive control method Adaptive Enhances fault Aims at autonomous
[24] for autonomous surface failure tolerance, stability surface vehicles rather
vehicles. compensation  and system than UAVs.
control, robustness
composite
neural
learning.

3. Mathematical model of path planning in the UAM platform

This section discusses the mathematical modeling of the UAM path planning problem
formulation, objectives, constraints, and trajectory representation. Consider the urban airspace denoted
by a 3D environment

E c R3. 3.1
The starting and end points of the UAM vehicle can be defined as follows:

S= (xs' YS'Zs)a (3.2)
G = (xg,yg,zg), (3.3)
where x, y, and z denote longitude, latitude, and altitude levels, respectively.

The objective of the UAM path planning is to determine the optimum path without any obstacles,
which can be represented as follows:

P ={py,p2 -, Dn} (3.4)
such that

p1 =S, pn=0. (3.5)
The UAM vehicle path can be denoted by a series of waypoints, as given below:

P ={(xy ¥z} (3.6)

The total path length can be denoted as follows:

n-1
LP) =) VG =207 + Ot — 907 + s — 2. 67
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The aim is the minimization of the weighted cost function, as defined below:

J(P) = wyCqjse + WZCenergy + w3 Crisk

(3.8)

where Cyist, Cenergy» and Cyiq indicate distance cost, energy utilization, and safety risks of nearby

obstacles, respectively. The constraints of obstacle avoidance in the UAM path planning are
represented below. Consider the obstacle area to be

Every obstacle can be denoted by a 3D region. The constraint is

0 = {01, 0y, ..., Ok}.

PNO =0,

indicating that the planned path should not meet any obstacles.

4. Proposed methodology

(3.9)

(3.10)

This study follows a systematic approach for effective UAV path planning using multi-sensor data
in urban air mobility environments. Figure 1 illustrates the overall structure of the research framework
adopted in this study. The proposed framework comprises five stages, including data preprocessing,
feature selection, deep learning-based path planning, optimization, and explainability analysis. The
proposed model involves various stages, as represented in Figure 1.
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Figure 1. Overall structure of the research methodology.
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Data preprocessing: In the initial stage, data preprocessing is used to improve dataset quality
and consistency by handling missing values, removing outliers utilizing the interquartile range (IQR)
model, and applying standardization to normalize the data for effective model training.

Hybrid feature selection: Once the preprocessing is completed, the hybrid PCA and LASSO
technique is used for effective feature selection and reduced dimensionality. It facilitates identifying
the most relevant features while eliminating redundant and less important data.

Dynamic graph-based classification: Following that, the DSGCGRN is a deep learning model
designed to capture complex spatial-temporal relationships in data. It utilizes sparse graph structures
and recurrent mechanisms to efficiently model dynamic dependencies while reducing computational
complexity.

Parameter tuning: AdaGrad is used to adaptively adjust the learning rate for each parameter
during model training, which helps to improve convergence efficiency and enhances overall model
performance.

Model interpretability: SHapley Additive exPlanations (SHAP) is applied for model
interpretability and explainability, as it quantifies the contribution of every feature to the prediction
model, thereby providing transparent insights into the process of decision-making.

4.1. Preprocessing pipeline

The proposed model starts with data preprocessing, including missing value handling, IQR, and
standardization to ensure the input data.

Missing value handling: The databases can comprise missing values due to system interruptions,
transmission errors, incomplete recordings, or sensor faults [25]. By handling missing values using
forward filling, missing data is filled with the latest accessible observation. Mathematically, let x;
signify the value at time step t, x; denotes the imputed value described as

X{ = X;_q, if x; is missing.

In early steps without prior observation, missing data are initialized using the mean of the
accessible data. This preserves data continuity and assures consistency during training and subsequent
data preprocessing.

Outlier detection: This is a statistical approach employed for detecting outliers and measuring
data variability [26]. The IQR calculates the dispersion of the central 50% of the data, and values
outside the upper and lower limits are regarded as potential outliers. It is a strong argument against the
maximum value. This method is applied in data preprocessing to enhance data quality and consistency.

Standardization: This is also called z-score normalization. It is an essential preprocessing stage,
especially when features have various units and differing numerical ranges. In the absence of scaling,
features with higher magnitudes can dominate the learning process. This transforms features to have a
mean of 0 and a standard deviation of 1, assuring that every feature contributes equally to the learning
process and enhancing the stability and convergence of optimal models.

4.2. Hybrid feature selection frameworks

The hybrid PCA-LASSO method is integrated into the UAV path planning framework to reduce
data dimensionality while selecting the most relevant features from multi-sensor inputs. PCA

AIMS Mathematics Volume 11, Issue 8, 27327-27350.
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normalizes the information, calculates the covariance matrix, and performs eigenvalue decomposition
to classify the principal components that represent the most significant differences in the data [27].
LASSO regression further refines this representation by decreasing the coefficients of less significant
features to 0. This incorporation enhances computational efficacy and method precision by maintaining
only the most informative features.

PCA: This is a statistical model that converts correlated components into uncorrelated elements,
taking the maximal difference in the data. For the database X€ R™P with n monitoring and p
features, PCA calculates the following:

e Standardization:

X' ==t

Let u denote the feature-wise mean, and o signify the feature-wise SD.
e Covariance matrix computation:

—_1 Ty’
I=—x)"X"

e Eigenvalue decomposition:
r=vavT.

Here, V covers the eigenvectors, and /A represents the diagonal eigenvalue matrix.
e Projection onto principal components:

XPCA = X,Vk

Here, V) represent the top k eigenvectors, which describe the most variance.

LASSO: The regression model improves model explainability by applying regularization and
variable selection. With a dataset X€ R™*4, y € R™ is the response vector, and LASSO addresses
the optimum issue:

1 m q q
V= arg min {%z(yi - ink Vi)? + lzlykl}-
i=1 k=1 k=1

In the formula,  denotes the optimized regression coefficient vector, X;, presents the k-th
feature of the i-th sample, and y; is the expected output. The first term minimizes the mean squared
error between actual and predicted values, whereas the second L1 regularization term A |yl
achieves sparsity by removing irrelevant coefficients toward zero, thus enhancing feature selection
performance and model simplification.

In this formula, 4 = 0 controls the shrinking coefficients, removing insignificant features and
penalty strength. A hybrid PCA and LASSO for feature selection utilizes the following phases:

PCA transformation:

e Normalize the data and calculate principal components.
e Select the top k components that explain the highest variance.

PCA and LASSO are combined to use their supportive capabilities in feature selection. The PCA
algorithm first reduces the irrelevant features and changes the raw data into a compact feature

AIMS Mathematics Volume 11, Issue 8, 27327-27350.
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representation, whereas the LASSO method recognizes the important features by removing unimportant
variables. By combining PCA with LASSO, this method efficiently minimizes dimensionality while
retaining vital predictive information, thereby improving model effectiveness and explainability.

4.3. Dynamic sparse graph-based path planning

The DSGCGRN is designed to examine intricate patterns in data and enhance decision-making
performance. In real-time dynamic models, the relationship among entities is time-dependent, leading to
the development of spatial dependency. To address these intricate relationships, graph convolutional
networks (GCNs) are employed to capture structural relations within graph-driven information [28]. At
the same time, conventional GCNs based on static graph models restrict their capability of representing
time-varying correlations. Dynamic GCNs overcome this limitation by adapting the updating adjacency
matrices, allowing efficient learning of changing spatial relations in dynamic situations.

The DSGCGRN comprises numerous layers of DSGCN-GRU models, with each gated recurrent
unit (GRU) integrating dual blocks of DSGCN and a single block of graph attention. By incorporating
the capabilities of DSGCN and GRU, the method is capable of capturing both spatial and temporal
correlations. The DSGCN mechanism updates the adjacency matrix based on the evolving data, thus
accounting for the shifting spatial correlations within the network over time. The sparse graph learning
model supports the technique for identifying explicit relationships, efficiently restricting the spatial
yielding region to maintain the distinct features of specific nodes. Meanwhile, the GRU elements manage
the storage and processing of time-series data. Figure 2 depicts the architecture of the DSGCN model.

H. H, Hyp

DSGCN-GRU

X1

Figure 2. Architecture of the DSGCN model.

Primarily, the model generates an adaptive node embedded to compute the matrix of adjacency
A € RV*N  Then, it utilizes a sparsification model to A, preventing only the higher resemblance
connections among all nodes and adjacent nodes. The resultant matrix has been standardized
employing the softmax function by gaining an adaptive sparse matrix of adjacency S, € RN*N, A =
ReLU(EET).

S, = softmax (ReLU(sparsify(A; k))).
Let E € RV*4 denote the adaptive node embedding matrix. Here, d implies the dimensionality
of node embedding. The operation sparsify(x) implies the function of sparsification, and k

signifies the rate of sparsity. To facilitate the approach for learning high-order neighboring data in
graph information, we employ Chebyshev polynomials to estimate the kernel of graph convolution.

AIMS Mathematics Volume 11, Issue 8, 27327-27350.
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This enables us to effectively model the complex interactions among the nodes, as well as the different
neighbors and the wider global structure, without major growth in computational difficulty.

4.4. AdaGrad optimization

AdaGrad is employed to adaptively adjust the learning rate during model training, improving
convergence and enhancing optimization efficiency and stability in complex learning tasks. AdaGrad
is a gradient-driven optimizer model that separately adapts the learning rate for all parameters [29].
The main idea of the model is to apply a lower learning rate for parameters connected with recurrent
aspects and a higher learning rate for parameters related to rare features. The AdaGrad optimizer model
is calculated as follows:

1
Ot+1,i = O — Uﬁgai-

In this formula, g.; represents the loss function gradient for parameters 6, ; attime step t. This
is a smooth term designed to evade division by zero. The diagonal matrix represented by G, ;; signifies
the number of gradient squares for parameter 6, ; at time step t. The approach removes the essential
for adapting the learning rate. Hence, the learning rate can shrink, and the convergence can reduce due
to accumulating the gradient squares in the denominator.

Table 2 indicates the parameter settings of the proposed model. The hyperparameters are
configured to optimize the performance of the proposed model during training. The learning rate (0.001)
regulates the step size for weight updates, ensuring stable convergence. A batch size of 32 balances
training efficiency and computational stability. Three graph convolution layers and 64 hidden units
enable effective feature learning and spatial-temporal representation. A dropout rate of 0.3 is applied
to reduce overfitting and improve model generalization.

Table 2. Parameter setting.

Hyperparameter Description Optimized
value
Learning rate Step size used by the optimizer for 0.001
updating weights
Batch size Number of samples processed in one 32

training iteration
Number of graph convolution layers  Depth of the graph convolution network 3
Hidden units Number of neurons in recurrent layers 64
Dropout rate Regularization to prevent overfitting 0.3

4.5. Model interpretability

SHAP is applied to explain feature contributions and improve the transparency of the DL
approach. SHAP values offer a single measurement of feature significance that depends on cooperative
game theory. SHAP values were calculated for all attributes x; within the input data [30]. These
values signify the contributions of all attributes to the prediction. For a provided method f and a
sample x, ¢; denotes the SHAP value for feature i, expressed as

AIMS Mathematics Volume 11, Issue 8, 27327-27350.
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ISI!(INI—ISI—l)![

bi = Xscn\j V! fGui)-f(S)l

Here, N denotes the collection of each feature, S denotes the subdivision of features, f(S) implies
the prediction of the method for the subdivision S, and f(S U i) implies the prediction of the method
involving feature i. The reliability of SHAP values arises from their respect for theoretical properties,
including symmetry and additivity, which offer a basis of principles for feature significance in a model-
independent way. Although parameter weights signify relations learned within the method, they
frequently reflect only the internal state of networks and do not contain an interpretable or direct map
to the input feature importance. However, SHAP values measure all features as predictive of the
method by determining their marginal impact on the outcome, thus providing a direct explanation of
feature significance.

The rationale for employing hybrid PCA-LASSO to obtain an informative and compact feature
set is the use of the AdaGrad optimizer during model training and the dynamic sparse graph
convolutional recurrent network (DSGCRN) for jointly capturing temporal dependencies and spatial
relationships in UAV navigation. Additionally, the integration of the SHAP-based explainability
module has been detailed to demonstrate how feature-level contributions are explained to support
autonomous navigation decisions and transparent obstacle detection, which shows greater emphasis
on the proposed integration method and the design choices that distinguish the proposed framework
from traditional UAV navigation pipelines.

5. Performance validation

In this section, the performance assessment of the XDL-UAVODF approach is evaluated under
the UAV Autonomous Navigation dataset [31]. The UAV Autonomous Navigation and Obstacle
Avoidance Sensor Dataset is intended to support research on DL-based autonomous flight and obstacle
detection. This dataset combines multi-sensor data, comprising GPS, LiDAR, IMU, and UAV
telemetry, to enable obstacle avoidance and real-time path planning. It offers extensive environmental
data and precise navigation in complex and dynamic scenarios. The dataset consists of 5000 samples
with dual classes, as depicted in Table 3.

Table 3. Dataset details.

Detection Samples
Obstacle Detected Not 4764
Obstacle Detected 236
Total 5000

Figure 3 demonstrates the correlation matrix of the XDL-UAVODF approach. This matrix shows
the relationship among diverse features in the dataset. The values range from -1 to +1, representing
negative, positive, or no correlation. Most features exhibit very low correlation, meaning there is
minimal redundancy among them. This indicates that the chosen features are largely independent.

Figure 4 depicts the distribution of lidar distance for dual classes: obstacle detected (1) and not
detected (0). When no obstacle is identified (0), the lidar distances are extensively spread with a higher
median value. The data for class 0 ranges nearly from low to very high distances, indicating greater
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variability. When an obstacle is detected (1), the lidar distances are much smaller and tightly clustered.
This clearly illustrates that shorter lidar distances are associated with obstacle detection.

latitude
longitude
altitude
imu_acc_x
imu_acc_y
imu_acc_z
imu_gyro_x

imu_gyro_y

Attributes

imu_gyro_z
lidar_distance
speed
wind_speed
battery_level

obstacle_detected

Correlation Matrix

©.00 0.00

m-o.o:l -0.01 0.0 -0.01 -0.02 -0.02 0.00 -0.02 0.01 -0.02 0.00

-0.01 E-ﬂ.oz -0.00 0.01 -0.01 -0.02 0.03 0.01 0.00 -0.00 -0.02 0.01 0.00
-0.01 -o.ozmo,o:l -0.03 0.02 -0.01 0.01 -0.01 -0.02 -0.00 0.02 -0.01 0.00
0.03 -0.00 0.01 m 0.01 -0.02 -0.02 -0.03 -0.02 -0.02 -0.02 0.02 0.02 -0.01

-0.01 0.01 -0.03 0.01 mo.ol -0.02 -0.01 -0.01 -0.01 0.01 0.01 -0.00 0.0l

-0.02 -0.01 0.02 -0.02 -o.o:lm 0.03 0.01 0.00 -0.00 0.02 -0.00 -0.02 -0.01

-0.02 -0.02 -0.01 -0.02 -0.02 0.03 m-o.oo 0.01 0.01 0.01 0.03 -0.02 0.00

0.00 0.03 0.01 -0.03 -0.01 0.01 -o.oomo.o:l 0.01 0.01 0.00
-0.02 0.01 -0.01 -0.02 -0.01 0.00 0.01 0.01 m-o.os -0.02 0.01
0.01 0.00 -0.02 -0.02 -0.01 -0.00 0.01 ©.01 n.osﬂo.o: 0.01
-0.02 -0.00 -0.00 -0.02 0.01 0.02 0.01 0.01 -0.02 0.01E o.00
0.00 -0.02 ©0.02 0.02 0.01 -0.00 0.02 0.00 0.01 0.01 0.00 mn.nl -©.02

©0.00 0.01 -0.01 0.02 -0.00 -0.02 -0.02 -0.00 -0.00 0.02 -0.02 0.01 Eo.n1

0.00 0.00 0.00 -0.01 0.01 -0.01 0.00 0.00 0.04

g & & % =3 oMo o= o3 N o8 ¥ T T F
2 : 0 ¢ ¢ % og g g5 & &5 ¢
k-4 2 ® s 2 2 5 E: S < B B
= E E E B H H . ; g @
= ]
£

Attributes

Figure 3. Correlation matrix of the XDL-UAVODF method.
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Figure 4. Obstacle detection vs. lidar distance.

Figure 5 depicts the relationship between battery level and speed, with data points densely spread
throughout the ranges. Battery levels vary from 20 to 100, while speed ranges from 5 to 30. The distribution
appears random, representing no clear correlation between battery level and speed in the dataset.
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Figure 5. Speed vs. battery level.
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Figure 6 presents the confusion matrices generated by the XDL-UAVODF technique. The results
demonstrate that the XDL-UAVODF method accurately identifies and classifies all classes with high

precision.
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Figure 6. Confusion matrix of the XDL-UAVODF approach.

Table 4 shows the obstacle detection performance of the proposed framework using an 80:20
training/testing split. The obtained outcomes indicate that the proposed model efficiently classifies
non-obstacle and obstacle samples with high reliability. For the 80% training data, the XDL-UAVODF
framework achieves average values of 96.24% accuracy, 94.02% precision, 96.24% recall, 95.10% F-
score, 96.24% area under the curve (AUC)-score, 90.23% Matthews correlation coefficient (MCC),
and 96.24% balanced accuracy. Meanwhile, for the 20% testing data, the proposed framework attains
average values of 97.86% accuracy, 98.83% precision, 97.86% recall, 98.34% F-score, 97.86% AUC-
score, 96.69% MCC, and 97.86% balanced accuracy. These results show the effectiveness of the
proposed model in maintaining consistent obstacle detection performance over both training and

testing datasets.

Table 4. Obstacle detection result of the XDL-UAVODF method with an 80:20 training/testing split.

Class labels Accuracy Precision Recall F-score AUC- MCC Balanced
score accuracy

TRAP (80%)

Obstacle Detected Not  99.4 99.66 99.4 99.53 96.24 90.23

Obstacle Detected 93.09 88.38 93.09 90.67 96.24 90.23 | 96.24

Average 96.24 94.02 96.24 95.1 96.24 90.23

TESP (20%)

Obstacle Detected Not  99.89 99.79 99.89 99.84 97.86 96.69

Obstacle Detected 95.83 97.87 95.83 96.84 97.86 96.69 | 97.86

Average 97.86 98.83 97.86 98.34 97.86 96.69

Figure 7 denotes the training (TRAING) and validation (VALIDN) accuracy curves of the XDL-
UAVODF approach on an 80:20 training/testing split over 50 epochs. The TRAING accuracy is
constantly increasing, depicting effective learning and proper convergence of the approach. The
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VALIDN accuracy nearly follows the training curve with a smaller gap, representing lower overfitting
and improved generalization performance.

Figure 8 demonstrates the TRAING and VALIDN loss curves of the XDL-UAVODF system with
an 80:20 training/testing split over 50 epochs. Both losses fall significantly in the initial epochs and
then progressively stabilize, indicating effective convergence and learning. The smaller gap between
TRAING and VALIDN loss validates improved generalization and lower overfitting.

Figure 9 exhibits the confusion matrices created by the XDL-UAVODF method. The results
demonstrate that the XDL-UAVODF approach accurately detects and identifies each class with higher
precision.
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Figure 7. Accuracy curve of the XDL-UAVODF approach with an 80:20 training/testing split.
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Figure 8. Loss curve of the XDL-UAVODF technique with an 80:20 training/testing split.
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Figure 9. Confusion matrix of the XDL-UAVODF approach.
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Table 5 illustrates the obstacle detection performance of the proposed XDL-UAVODF
architecture using a 70:30 training/testing split. The obtained results show that the proposed model
effectively differentiates between non-obstacle and obstacle classes. For the 70% training (TRAP) data,
the proposed framework achieves average values of 98.14% accuracy, 93.28% precision, 98.14% recall,
95.56% F-score, 98.14% AUC-score, 91.28% MCC, and 98.14% balanced accuracy. Similarly, for the
30% testing (TESP) data, the proposed framework attains average values of 98.32% accuracy, 95.76%
precision, 98.32% recall, 97.00% F-score, 98.32% AUC-score, 94.05% MCC, and 98.32% balanced
accuracy. These results confirm the robustness of the proposed model in achieving reliable obstacle
classification with persistent performance over both training and testing datasets.

Table 5. Obstacle detection result of the XDL-UAVODF method with a 70:30 testing split.

Accurac Precisio Recal F- AUC- MC Balanced
Class labels

y n 1 score  score C accuracy
TRAP (70%)
Obstacle  Detected
Not 99.25 99.85 99.25 99.55 98.14 91.28
Obstacle Detected 97.02 86.7 97.02 91.57 98.14 91.28 98.14
Average 98.14 93.28 98.14 9556 98.14 91.28
TESP (30%)
Obstacle  Detected
Not 99.58 99.86 99.58 99.72  98.32 94.05
Obstacle Detected 97.06 91.67 97.06 9429  98.32 94.05 98.32
Average 98.32 95.76 98.32 97 98.32 94.05

Figure 10 shows the TRAING and VALIDN accuracy curves of the XDL-UAVODF technique on a
70:30 training/testing split over 50 epochs. The TRAING accuracy steadily increases, signifying effective
learning and appropriate convergence of the method. The VALIDN accuracy nearly follows the training
curve with a smaller gap, signifying minimal overfitting and better generalization outcomes.

Figure 11 exemplifies the TRAING and VALIDN loss curves of the XDL-UAVODF method with
a 70:30 training/testing split through 50 epochs. Both losses decline rapidly in the early epochs and
then gradually stabilize, indicating effective convergence and learning. The lower gap between the
TRAING and VALIDN loss validates better generalization and reduced overfitting.
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Figure 10. Accuracy curve of the XDL-UAVODF approach with a 70:30 training/testing split.
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Figure 11. Loss curve of the XDL-UAVODF technique with a 70:30 training/testing split.

The comparative examination of the XDL-UAVODF techniques with other existing systems is
shown in Table 6 [32]. The experimental outcomes indicate that the proposed methodology has
enhanced performance. It is designed as an application-level comparison with representative DL
approaches used in UAV-based navigation and detection studies. The selected methods, including
YOLOv3, YOLOvVS, RetinaNet, and MobileNet, primarily use image-based inputs, whereas the
proposed framework works on tabular sensor fusion data. Hence, it provides a broader performance
perspective in demonstrating the effectiveness of the proposed framework for UAV autonomous
navigation.

Table 6. Comparison study of the XDL-UAVODF approach with existing models.

Methods Accuracy Error rate (%) Precision Recall F-score
FCN 87.95 12.05 88.98 90.51 86.78
ConvPoint 92.10 7.90 93.83 88.91 92.33
MobileNet 72.20 27.80 85.16 87.28 91.80
YOLOv3 92.00 8.00 88.57 85.94 91.97
RetinaNet 88.00 12.00 94.06 86.11 85.92
YOLOvS 84.00 16.00 89.16 89.29 87.21
BS-CYOLOvVS 95.00 5.00 90.45 90.39 91.22
XDL-UAVODF 98.32 1.68 95.76 98.32 97.00

The results indicate that the logistic regression (LR), bagging, and Naive Bayes (NB) models
showed worse performance. Meanwhile, the support vector machine (SVM), voting, and K-nearest
neighbor (KNN) models presented closer results. Furthermore, the XDL-UAVODF model reported
improved performance, with maximum farming community network (FCN), MobileNet, RetinaNet,
and YOLOv5n models having the least outcomes, while ConvPoint and YOLOv3 achieved slightly
greater performance. Moreover, the BS-CYOLOVS method performed well and had closer results, with
an accuracy of 95.00%, precision of 90.45%, recall of 90.39%, and F-score of 91.22%. Lastly, the
proposed XDL-UAVODF model achieved superior performance with an accuracy of 98.32%,
precision of 95.76%, recall of 98.32%, and F-score of 97.00% as shown in Figure 12.

Figure 13 presents the comparative results of the XDL-UAVODF technique in terms of error rate.
The performance indicates that the proposed XDL-UAVODF technique achieves a lower error rate of
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1.68%, while the FCN, ConvPoint, MobileNet, YOLOv3, RetinaNet, YOLOvVS, and BS-CYOLOV5
models reached higher error rates of 12.05%, 7.90%, 27.80%, 8.00%, 12.00%, 16.00%, and 5.00%,

respectively.
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Figure 12. Comparative outcomes of the XDL-UAVODF method with various measures.
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Figure 13. Error rate of the XDL-UAVODF approach with other models.

Table 7 presents the ablation analysis of the proposed framework to assess the contribution of
individual components. The baseline DSGCGRN achieves 91.84% accuracy, while the integration of
AdaGrad, PCA, and LASSO progressively enhances the classification performance. The combined
PCA+LASSO+DSGCGRN model obtains 97.04% accuracy, whereas the complete XDL-UAVODF
framework (PCA+LASSO+DSGCGRN+AdaGrad) achieves the highest performance with 98.32%
accuracy, 95.76% precision, 98.32% recall, 97.00% F1-score, 98.32% AUC-score, and 94.05% MCC.
These results validate the efficiency of each component and show the advantage of the proposed
architecture.
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Table 7. Ablation study of the XDL-UAVODF approach.

AUC-

Methods Accuracy Precision Recall Fl1-score score MCC
DSGCGRN 91.84 89.76 91.84 90.68 92.05 84.37
DSGCGRN+AdaGrad 92.76 90.91 92.76 91.82 92.98 86.12
PCA+DSGCGRN 94.28 92.63 94.28 93.44 94.51 88.76
LASSO+DSGCGRN 95.13 93.71 95.13 94.41 95.32 90.31
PCA+LASSO 93.46 91.84 93.46 92.64 93.72 87.45
PCA+LASSO+DSGCGRN 97.04 94.66 97.04 95.84 97.18 92.68
XDL-UAVODF

(PCA+LASSO+DSGCGRN 98.32 95.76 98.32 97.00 98.32 94.05
+AdaGrad)

Table 8 presents the K-fold cross-validation results of the proposed framework to evaluate its
generalization and consistency capability. The model attains stable performance across all folds, with
mean values of 96.09% accuracy, 92.96% precision, 96.51% recall, 94.71% F1-score, 96.84% AUC-
score, and 91.37% MCC. The low standard deviation values indicate that the consistent classification
performance over different data splits shows the reliability and robustness of the proposed architecture
for UAV obstacle detection.

Table 8. K-fold cross-validation results of the XDL-UAVODF framework.

K-fold Accuracy Precision  Recall F1-score AUC-score MCC
k-1 95.82 92.61 96.18 94.36 96.54 90.72
k-2 96.47 93.38 96.81 95.06 97.03 91.86
k-3 94.91 91.12 95.44 93.23 95.88 89.54
k-4 96.82 93.95 97.14 95.52 97.31 92.48
k-5 95.36 92.04 95.83 93.90 96.37 90.31
k-6 96.71 93.76 97.02 95.36 97.25 92.16
k-7 97.14 94.32 97.71 96.10 97.84 93.11
k-8 95.58 92.47 95.94 94.17 96.48 90.65
k-9 96.94 94.08 97.36 95.69 97.56 92.74
k-10 95.19 91.88 95.62 93.71 96.11 90.08

Mean+SD 96.09+0.76  92.96+0.98 96.51+0.76 94.71+0.90 96.84+0.64 91.37+1.16

Figure 14 shows the global and local feature importance for the method utilizing SHAP values.
The global feature significance shows that lidar distance has a higher effect on the technique, greatly
exceeding other features. The other features, such as imu_acc_x, imu_gyro_z, and altitude, contribute
less but still positively influence the predictions. However, local explanation shows how separate
feature values impact the output of the model through various samples, with certain points displaying
stronger negative or positive impacts.
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Figure 14. SHAP value.
6. Conclusions

This paper presented the XDL-UAVODF utilizing multi-sensor data for UAM path planning. The
major goal of this work is to develop a UAV navigation framework for obstacle avoidance and
improved trajectory planning in dynamic environments. Toward this objective, data preprocessing is
carried out to ensure clean and consistent input data for model training. For feature selection, a hybrid
model that incorporates PCA and LASSO is employed to lessen data dimensionality and choose
substantial feature subsets. Furthermore, the DSGCGRN is used to examine intricate patterns in the
data and enhance decision-making performance. The AdaGrad optimizer is utilized to adaptively
update the learning rate during model training to improve convergence. Finally, SHAP is applied to
explain feature contributions and improve the transparency of the DL approach. The performance
validation analysis of the XDL-UAVODF model is conducted using the UAV Autonomous Navigation
Dataset. The experimental results report the supremacy of the XDL-UAVODF methodology with an
accuracy of 98.32% under numerous measures. In future work, the proposed method will be
comprehensively validated in real-world UAV deployment scenarios to assess its practical feasibility,
robustness, and performance under real-time environmental conditions.
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