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Abstract

Unmanned aerial vehicles (UAVs) require efficient and reliable path planning
mechanisms for safe navigation in obstacle-constrained environments. This study
presents an Adaptive Block Coordinate Descent Logistic Regression (ABCD-
LoR) model for reactive path planning in static environments using low-cost
sensor inputs. The proposed approach formulates obstacle avoidance as a three-
class classification problem (no turn, left turn, right turn), where navigation
decisions are made sequentially based on local observations rather than pre-
computed global trajectories. The model parameters are optimized using an
adaptive block coordinate descent strategy, which improves convergence stability



and reduces sensitivity to noisy updates compared to stochastic gradient-based
methods. Performance is evaluated using statistical model fit measures, including
Pseudo R2, Akaike Information Criterion (AIC), Bayesian Information Criterion
(BIC), log-likelihood, and likelihood ratio tests, along with classification metrics
and ROC analysis. Simulation experiments are conducted in dense static environ-
ments under varying speed conditions. The proposed method is compared with
classical path planning approaches, including A*, Vector Field Histogram (VFH),
Fuzzy Logic Controller (FLC), Dynamic Window Approach (DWA), Artificial
Potential Field (APF), and ASGD-based logistic regression. Results indicate that
ABCD-LoR achieves reduced path length and lower computational time while
maintaining competitive predictive performance. The study is based on a simu-
lated dataset generated from infrared and ultrasonic sensor configurations. While
the results demonstrate the feasibility of the approach for real-time reactive nav-
igation, the limited dataset size and absence of sensor noise highlight the need
for further validation in real-world and dynamic environments.

Keywords: Unmanned Aerial Vehicles, Machine Learning, Linear Regression, Logistic
Regression, Stochastic Gradient Descent Optimization, Block Coordinate Descent

1 Introduction

The use of UAVs is seen in path planning for many purposes, such as logistics, ware-
housing, and manufacturing. One of the major characteristics of autonomous vehicles
is their state-of-the-art sensory abilities. These vehicles are fitted with many sensors
such as cameras, LIDAR, and proximity sensors, and as a result, they have the abil-
ity to sense their environment and detect the obstacles in order to avoid collision.
Moreover, these UAVs have the capability of navigating in diverse environmental con-
ditions such as dense and cluttered. In recent years, UAVs increasingly employ deep
learning-based perception systems for robust navigation and obstacle avoidance [1].
These new technologies allow them to learn from their experiences and continuously
improve their performance over time [2]. By applying any adaptive model, UAVs can
plan their routes more efficiently, make quick decisions, and even work together with
other Aerial vehicles to do challenging jobs [3] [4] [5]. For UAVs, a path planning
operation is one of the essential requirements for UAV for safely navigating to avoid
obstacles in a particular type of environment. A path planning algorithm has a crit-
ical task in guiding an autonomous vehicle from its initial point to its destination
point by determining a feasible route. The primary objective of this algorithm is to
generate a feasible path while considering computational efficiency required for the
UAV to reach its goal while ensuring the feasibility of the path [6]. Ultrasonic (US),
InfraRed (IR), and LIDAR sensors can be used in autonomous vehicles, and they pro-
vide information about nearby obstacles in real time. For ensuring safer navigation,
some drones utilize mapping algorithms for constructing the environment [7]. As a
result, the UAV can safely navigate by considering the different locations of obstacles,
obtained from the sensors. making decisions related to path planning operations, such
as graph-based methods such as Dijkstra’s [8] and A*, sampling-based approaches such



as Rapidly exploring Random Trees (RRT) [4] and Probabilistic Roadmaps (PRM),
or optimization strategies that compute the cost functions in determining the feasibil-
ity of the path. Learning-based algorithms possess the ability to learn patterns from
data by understanding the relationship between the inputs of sensors and the pres-
ence of obstacles. While training the algorithm, the internal parameters (coefficients)
of the models are updated at each iteration for enhancing the performance [2, 9]. Some
systems fuse sensor fusion from odometry, GPS, and vision systems improves environ-
mental understanding [10]. For improving the performance and to respond effectively
to changing conditions of UAV, Reinforcement Learning (RL) techniques are applied
for optimizing the control policies based on feedback and rewards [2, 9].

UAVs are often used in industrial applications where they are operated in pre-
defined environments. With the advancement of the most current Al technology,
Autonomous Vehicles can nowadays perform a wide range of tasks in an unfamiliar
environment. Drones are used in military applications, including logistics and trans-
portation. As a part of the surveillance systems, UAVs regularly visit predefined
checkpoints within fixed boundaries. In recent years, UAVs have become more widely
used across applications. For the above-mentioned applications of the UAV, various
complex, vast, unstructured, and dynamic environments are present in real-world sce-
narios, navigating which pose a challenging task [11]. The UAV must navigate around
obstacles of varying sizes and shapes. Because of inconsistencies in sensor data due to
the data acquisition process of the sensor, a risk of colliding with obstacles remains
an important challenge. Therefore, a model can be constructed to address these chal-
lenges. However, it becomes more challenging when the environment is complex, vast,
and unknown. State estimation is the procedure to determine the estimate of the
internal state by combining the mathematical model with input/output data measure-
ments [12]. Solving many energy systems and control issues requires knowledge of the
status of the energy system. Sensor placement depends on system requirements and
constraints according to the requirement. It is not feasible to deploy sensors across the
entire system in most applications, as it might be costly and pose challenges in manag-
ing it effectively [8, 13, 14]. Despite extensive research in UAV path planning, existing
approaches either rely on global map knowledge or incur high computational cost in
real-time applications. Reactive methods, while efficient, often lack statistical valida-
tion and interpretability. Furthermore, limited attention has been given to lightweight
learning-based models that can operate under strict computational constraints using
minimal sensor input.

Contributions of this work:

* Formulation of static-obstacle avoidance as a three-class logistic regression task
using inexpensive IR + US sensors.

* Introduction of Adaptive Block Coordinate Descent as the optimizer for logistic
weights, addressing outlier sensitivity and heteroscedasticity in comparison with
stochastic gradient descent.

* Extensive simulation comparison in three realistic dense layouts at
low/medium/high speeds, quantifying path length + CPU time against several
established methods.



* Statistical model evaluation (Pseudo RZ, AIC, BIC, LL ratio test) + classification
performance (accuracy, precision, recall, AUC) missing in many reactive planners.

Despite the success of deep learning-based approaches, their high computational
cost and lack of interpretability limit deployment on resource-constrained UAV plat-
forms [15, 16]. Logistic regression is chosen over deep networks because it offers
interpretability, extremely low inference latency (i1l ms), and sufficient expressiveness
for binary/multi-class turn prediction from low-dimensional sensor input. The main
objective to develop recent adaptive models for achieving faster and accurate decision
capabilities of the UAV in addressing the path planning operation by avoiding static
obstacles. Logistic Regression based models may be developed for the challenging task
of path planning in different complex environments. Moreover, the distance of the gen-
erated path and the associated time need to be calculated and compared with other
state-of-the-art path planning techniques. Various path planning algorithms have been
applied for finding the optimal path in a static environment. However, the effectiveness
of many previously proposed approaches in complex, dynamic, and partially unknown
environments over long time periods has not been fully investigated. So far, limited
research has addressed path selection in changing environments. In this dissertation,
adaptive models have been proposed for path planning in avoiding static obstacles
in dense and cluttered environments. The proposed approach formulates UAV nav-
igation as a sequence of local decision-making steps, where each decision is derived
from current sensor observations. Unlike global path planning methods, the model
does not compute a complete trajectory in advance but determines the UAV motion
incrementally at each time step.

The remainder of this paper is organized as follows. Section 2 reviews existing
path planning approaches. Section 3 presents the proposed ABCD-LoR model and
system architecture. Section 4 discusses experimental results and comparisons. Section
5 concludes the paper and outlines future work.

2 Literature Survey

This chapter contains a different literature survey on different widely used approaches
based on adaptive models related to path planning in the presence of obstacle by
considering different types of environments.

Gul et al. [17] proposed a hybrid PSO—-GWO optimization framework for multi-
objective path planning, focusing on global optimality and convergence efficiency.
Through the weight estimation of the UAV configuration, an obstacle avoidance sys-
tem has been designed. The fuzzy approach where the outputs of the fuzzy con troller
produce the signal where the steering motors are controlled. The proposed controller
overcomes the limitation on the different range accuracies regarding avoiding obstacles.
The proposed a fuzzy based controller which is developed on the general perception
concept. The autonomous vehicle navigates through the environment by gathering
spot information from ultrasonic sensors. Chen et al. [18] introduced a clustering-based
coverage path planning method for heterogeneous UAVs, improving task allocation
and spatial efficiency. Three linguistic rules are developed for controlling the direc-
tion of autonomous Vehicle. Developed an intelligent motion planning algorithm by



implementing fuzzy logic rules. Fuzzy rules are constructed by combining repelling
and attracting influences with respect to the distance and angle values of the obstacle.
Fuzzy logic-based obstacle avoidance methods utilize rule-based inference by combin-
ing distance and orientation information from sensors to generate navigation decisions
in uncertain environments [17, 18].

The paper by Adil et al. [19] gave an extensive review of the use of UAVs in loT
applications, focusing on the quality-of-service issues and the need for communica-
tion aware path planning. The RNA BP network has been suggested as a solution
for responding to situations involving low fault tolerant control systems. Neural-fuzzy
hybrid learning methods have been tried out for UAV navigation applications [19].
Zhang et al. [20] proposed a bionic dynamic path planning algorithm that integrates
deep neural network optimization with bio-inspired hawk-eye vision to jointly achieve
obstacle avoidance and target tracking in micro-UAVs. Peng et al. [21] studied joint
path planning and computation offloading optimization in UAV-enabled mobile edge
computing systems. The scenarios explored involve the use of sensors to gather data
from the environment, and this data was utilized by artificial intelligence-based mod-
els to make reactive decisions. These algorithms use an optimal control approach to
address the path planning task. Lin et al. [22] proposed an improved artificial bee
colony algorithm for UAV path planning, enhancing exploration—exploitation balance.
Also, the Newton method is applied to solve the linear quadratic optimal problem. The
advantage of applying the method turns out to be computationally fast and has high
robustness. For reducing the computational burden, a structured exploitation strategy
is proposed. However, the method requires additional computational time while tak-
ing high curvatures. Also, for convergence in the 1 optimal solution, more iterations
are required.

These UAV path-planning algorithms have their own strengths and weaknesses
depending upon the environmental considerations and the computation capacity.
Graph search algorithms like Dijkstra and A* provide optimal or nearly optimal paths
but need knowledge of the environment beforehand and require map generation as
well. Sampling methods, such as Probabilistic Roadmap Planning (PRM) and Rapidly-
exploring Random Tree (RRT), on the other hand, represent the efficient approaches
for high-dimensional spaces through sampling the configuration space in a random
manner. In general, metaheuristics optimization techniques, such as Ant Colony Opti-
mization (ACO) [35] and Particle Swarm Optimization (PSO), among others, are
popular tools for global path optimizationHowever, they tend to be computationally
demanding and thus may not be ideal for use in strict real-time applications. The
reactive planning techniques include the Dynamic Window Approach (DWA) [36] and
Artificial Potential Fields (APF) [37]. These approaches directly process sensor inputs
and allow for real-time obstacle avoidance in real time without the need for a global
map. However, the reactive planning algorithms are plagued by the problem of local
minima and sub-optimal paths among others. Learning-based and soft computing tech-
niques such as fuzzy logic systems, neural networks, and reinforcement learning enable
adaptive decision-making through learning from sensory input and interaction with
the environment. Such techniques work well in uncertain and changing environments



Table 1 Important path planning algorithms found in the literature
Year Author(s) Algorithm / Offline / Contribution
Method Online
2023 Zu et al. Improved Offline Improves UAV path plan-
[23] HPO-based ning performance using
path planning an enhanced optimization
approach
2023 Li et al. UAV path Online Addresses path planning
[24] planning for for dynamic target coverage
target coverage tasks
2021 Chen et Clustering- Offline Proposes clustering-based
al. [25] based path approach for UAV path
planning planning
2022 Zhang et Dynamic mis- Offline Develops mission planning
al. [26] sion planning Online strategy for UAV formation
algorithm
2023 Hu et al. Distributed Online Presents cooperative path
[27] multi-UAV planning for multiple UAVs
coverage
method
2022 Chang et Greedy-based Online Improves UAV trajectory
al. [28] path planning planning using structured
with  skeleton path representation
extraction
2024 Zhang et RFA-Star Offline Enhances A* algorithm for
al. [29] (Refined A*) Online improved path planning
efficiency
2026 Miao et Fuzzy neural Online Proposes real-time path
al. [30] fluid dynamical planning approach using
system fuzzy-neural modeling
2026 Zhao et A* and Arti- Offline Combines global and local
al. [31] ficial Potential Online planning  strategies for
Field (hybrid) UAV navigation
2026 Hu et al. Multi-strategy  Offline Introduces improved PSO-
[32] PSO-based based approach for UAV
method path planning
2026 Gao et al. Bio-inspired Offline Proposes optimization-
[33] optimization- Online based method for
based path multi-UAV path planning
planning
2026 Liu et al. PSO—ABC- Offline Develops hybrid meta-
[34] based path heuristic approach for UAV
planning path planning
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Multi-task
/ Complex

Dynamic

Multi-
UAV /
Complex

Dynamic

Dynamic
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/ Grid
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density
Static

3D /
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but tend to require large training sets and computational power, making them unsuit-
able for use in UAVs. The choice of suitable path planning algorithms is influenced
by various parameters like awareness of environment (known/unknown), computation
capability, real-time considerations, etc. The table below gives a summary of some
important path planning algorithms in literature in the years between 2021 and 2026.
There seems to be a definite shift towards hybrid path planning algorithms.

Some recent studies (2024-2026) have highlighted hybrid approaches for the navi-
gation of UAVs in challenging conditions. Some examples include the introduction by
Zhang et al. [31] of RFA-Star which is an improved A* algorithm with adaptive heuris-
tics for high density of obstacles environment. Another example would be that of Miao
et al. [32] who introduced a fuzzy-neural fluid dynamical approach for real time 3D
path planning. Then there was the combination of A* with Artificial Potential Fields
by Zhao et al. [33] and that of Hu et al. [34]. A fusion-based optimizer for collaborative
multi-UAV missions in complex 3D terrains has been suggested by Gao et al. [35]. On
the other hand, Liu et al. [36] have considered GIS topology in the PSO-ABC frame-
work to provide practical solutions for urban path planning problems. As a classical
reactive baseline, DWA is known to test the feasibility of velocity commands based on
kinematics and safety constraints in real-time manner [36]. In contrast, APF approach
provides motion commands using the forces of attraction and repulsion [37]. Although
efficient, however, these techniques have shown some limitations when applied in very
cluttered environments, thereby prompting the need for the creation of more robust
adaptive models. In addition, comparisons made between this technique and reactive
techniques such as the Dynamic Window Approach (DWA) and the Artificial Poten-
tial Field (APF) revealed that the trajectory created by ABCD _LoR is similar to that
of DWA, but smoother compared to that of APF. The APF technique gets stuck at
local minima in cluttered environments, leading to more detours.

From the comparison table, it can be seen that the current techniques have a
trade-off in terms of optimality, efficiency, and adaptiveness. Classical graph-based
algorithms like A* give an optimal solution; however, they require the knowledge of
the environment beforehand and are not very suitable for real-time applications in
dynamic situations. Reactive algorithms like APF and DWA allow quick local decisions
but face problems like local minima. Though the fuzzy logic approach is efficient in
handling uncertainty, it has a complicated rule-making process and is not scalable.
The learning based method gives adaptability and high efficiency under complicated
conditions; however, it requires large training data sets and has higher computation
costs.

These restrictions prompt the creation of a robust yet simple, statistical, and reac-
tive learning-based approach that ensures trade-offs between real-time performance
and decision-making transparency. Reviewing the current literature, several research
opportunities arise. The first one involves the absence of common frameworks for inte-
grating and comparing various path planning approaches in different environments.
Second, a significant majority of the current approaches are mostly analyzed in a static
or semi-static environment and do not perform well when it comes to unpredictable
and dynamic conditions. Third, although techniques like soft computing and learn-
ing can enhance adaptability, they require a large amount of computational cost, thus



Table 2 Limitations of Existing Methods

Method Strength Limitation Relevance to this
work

A* Optimal and complete Requires prior map knowl- Limited suitability
path planning with a edge and becomes computa- for real-time reac-
guaranteed shortest path tionally expensive in large or tive UAV naviga-
under an admissible dynamic environments tion
heuristic

APF Computationally effi- Susceptible to local minima Requires enhance-
cient and suitable for and oscillations in cluttered ment for robust
real-time local obstacle environments navigation
avoidance

DWA Provides real-time feasi- Produces conservative and Serves as a strong
bility with dynamic con- potentially suboptimal paths reactive baseline
straints and kinematic with limited global aware-
awareness ness

Fuzzy Logic Effective in handling Rule design is complex and Motivates simpler

Controllers  uncertainty and noisy problem-specific, with lim- adaptive models

(FLC) sensor inputs ited scalability

Learning- Adaptive and capable of Require substantial train- Motivates a

based learning complex envi- ing data and computational lightweight and

methods ronmental dynamics resources, with limited inter- interpretable learn-

pretability

ing framework

making them inapplicable in case of UAVs with limited resources. Fourth, for the case
of graph-based approaches, the problem lies in modeling of the environment.

3 System Model

The ABCD LoR model, which is proposed in this work, is developed to overcome
the important drawbacks of the ASGD_LoR algorithm, namely, its susceptibility to
noise in update calculations and optimization instability. Indeed, in stochastic gradi-
ent algorithms, parameter updates depend on samples very much; therefore, they may
vary greatly because of the estimation of coefficients based on one single sample. To
deal with such a problem, the ABCD LoR model uses an approach called adaptive
block coordinate descent (ABCD). This leads to more robust convergence behavior
and makes the algorithm less sensitive to outliers. In contrast to stochastic gradient
descent, which performs incremental learning, the block coordinate descent method
updates blocks of parameters in an effort to minimize the objective function in relation
to one block, while the other blocks remain unchanged. This process is further facil-
itated by the adaptively chosen update strategy, which ensures that the blocks that
help the negative log-likelihood decrease are updated first. In terms of the error vari-
ance assumption, logistic regression does not rely on the traditional homoscedasticity
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Fig. 1 System architecture of the UAV obstacle avoidance platform with IR and ultrasonic sensors
integrated into the ABCD-LoR module.

assumption that is found in the linear model. Rather, it is natural for logistic regres-
sion to model the variance of the response as a function of the probability of success
using the Bernoulli (or multinomial) distribution. Therefore, the ABCD.LoR model
gains from this probabilistic formulation such that class probabilities can be estimated
stably without having to make assumptions about the constant error variances. Gen-
erally, the use of the probabilistic logistic regression framework along with adaptive
block coordinate optimization results in better numerical stability and faster conver-
gence than the baseline ASGD_LoR model. The sequential decision-making approach
for obstacle avoidance is shown in Fig. 1.



3.1 System Architecture and Decision Model

In the present UAV system, there are two IR sensors and one US sensor. They detect
the proximity of the obstacles in the surroundings. All the sensors are always opera-
tional and provide distance information in real time within their individual detection
ranges. The data obtained from the sensors are sent to the processing unit for fur-
ther preprocessing and feature extraction. These feature vectors are fed into the
ABCD LoR model which acts as a reactive decision-making module. In order to make
the next decision based on the sensor readings available at that instant, this model
makes a prediction about the navigation maneuver needed in order to navigate away
from the obstacle. The output is sent to the control unit where it computes the motor
control signal to correct the UAV direction. This can be any of the three maneuvers:
No Turn, Left Turn, or Right Turn.

The probability of selecting a class k is modeled using the softmax function based
on the input feature vector. The UAV performs obstacle avoidance by selecting an
appropriate action when the measured distance falls below a predefined threshold.

The class probabilities are defined as:

exp(w’ x)

P(y=0]|x)= exp(WOTX) + exp(wi x) + eXp(W'2 X) W
exp(wIX)

Ply=1]x)= exp(W x) + exp(w X) + exp(w’ X) “
exp(w’ x)

P =210 = piwt g 1 explw %)+ explw’ %) )

0 1 2

where D denotes the distance to the nearest static obstacle, and v; and v: represent
the normalized control inputs or motion states of the UAV. The input feature vector
is defined as: x = [D, v, v,, 1]

The model estimates the probabilities for three navigation actions: No Turn (0),
Left Turn (1), and Right Turn (2), based on the current sensor observations.
Fig. 2 illustrates the overall collision avoidance framework. Equations (1) - (3) provide
the probabilistic formulation for selecting the appropriate navigation action at each
decision step.

Similarly, Equations (4) - (6) represent the same softmax-based probability for-
mulation for the three navigation actions, expressed for completeness of the decision
model:

P(y=0]x) ={——expwe)

exp(w’ x) + exp(wW"X) F exp(w’ X '] (4)
0 1 2
T
Ply=1|x)=] - exp(w, x) - 1 (5)
exXp(W’ X) + exp(W' X) + exp(w’ x |
0 1 2
exp(sz x)

Ply=2]x) =41

(6)

]
exp(%Tx) + exp(w; x) + exp(wlx '

10
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Fig. 2 Reactive collision avoidance framework using sequential three-class logistic regression deci-
sions based on local sensor inputs.

These equations compute the probabilities of selecting one of the three navigation
actions: No Turn (0), Left Turn (1), and Right Turn (2), based on the input
feature vector.

ABCD LoR model works under various movement conditions and determines the
most appropriate navigational action for each time step. The probabilities gener-
ated are directly utilized in selecting the action with the highest probability and not
converted into binary.

In order to demonstrate how the model behaves, different values of the feature
vector x can be put into Equations (1) — (3) and determine the class probabilities.
Different parameter values, such as obstacle distance, can be used to investigate the
sensitivity of the model under various environmental settings.

Optimization of the model parameters is done through an iterative procedure called
the Adaptive Block Coordinate Descent (ABCD) algorithm. In every iteration, a sub-
set of the model’s parameters is updated one after another so as to reduce the negative
log-likelihood objective function. This process is done until convergence is attained;
that can either be achieved through a certain number of iterations (e.g., 100) or a
certain log-likelihood value (107°). The overall optimization workflow is illustrated in
Fig. 3.

In relation to the minimization of the negative log-likelihood function of the ABCD
LoR, the basic optimization algorithm updates the coordinate blocks B:i and B>
through the iterative process. The termination of the algorithm is performed when the
maximum number of 100 iterations is reached for the given data set of 292. The model
employs a logistic regression model as the base machine learning model for learning
the probability distribution over the discrete navigation actions. In contrast to binary
logistic regression, the model employs multiclass classification, where the output class
belongs to one of the three classes: “No Turn,” “Left Turn,” or “Right Turn.”

11
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Algorithm 1 Pseudocode for ABCD LoR optimization algorithm

Require: Training dataset {(x; yf)}"’,.z;lfeature vector x = [D, v, v, 1]; number of
classes K = 3; maximum iterations T; convergence threshold e
Ensure: Optimized weight vectors W = {wo, w1, w2}
1: Initialize weight vectors wo, w1, w2 randomly
2: Partition parameters into coordinate blocks:
3:  Bi: parameters associated with feature D
B2: parameters associated with features v; and v,
:fort=1to T do
Compute predicted probabilities for all samples using softmax:
exp(w’x))
Ply =k | %) = T ®Taxp(w’x)
Jj=0 J
8: Computezn%g%t_i\ie log-likelihood loss:

o v ok

N

o: L=-— yiklog P(y =k | %)
i=1 k=0
10: Select block adaptively (B1 or B2) based on the largest gradient magnitude
11: Update selected block parameters:
12: Whiock < Whiock — NVL(Whiock)
13: Check convergence:
14: if |L® — ] < € then
15: break
16: end if
17: end for

18: return Optimized weights W

The ABCD optimization technique updates the subgroups of the model parame-
ters iteratively, which increases stability in the process of convergence and decreases
sensitivity to the noise in the gradients in comparison with the stochastic gradient
optimization techniques. Model parameters are optimized to maximize classification
accuracy, measured by the Receiver Operating Characteristic (ROC) curve under var-
ious operation regimes. In order to evaluate the effectiveness of the classification, the
suggested algorithm is compared with machine learning classifiers such as Bernoulli
Na“ive Bayes, Gradient Boosting, and K-Nearest Neighbours. Moreover, the perfor-
mance in obstacle avoidance is tested in three cluttered environments in comparison
with classical path planning algorithms such as ASGD_LoR, VFH, FLC, and A*.

3.2 Dataset Generation and Training Procedure
The training dataset consists of 292 labeled samples generated using a custom 2D

grid-based simulation environment. Each sample includes four features:

(i) distance to the nearest frontal static obstacle measured using an ultrasonic sensor
(range: 4 - 400 cm, operating frequency: 40 kHz, beam angle = 15°),
(ii) normalized left control input,
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(iii) normalized right control input, and
(iv) a bias term.

Labels are assigned using predefined deterministic rules based on domain-informed
heuristics derived from sensor distance thresholds:

* No Turn (class 0): if D > 120 cm

* Left Turn (class 1): if D < 120 cm and the left direction indicates greater free
space

* Right Turn (class 2): otherwise

The dataset has been divided into training (80%, 234 samples) and validation (20%,
58 samples). For the reason of having a smaller-sized dataset, k-fold cross-validation
has not been used. The result is averaged based on 10 independent executions with
various random initialization of the model parameters. Optimization algorithm ABCD
runs up to 100 iterations or until it converges when the difference between the previous
negative log-likelihood and current is less than 107°. There is no regularization in
the main experiments except for the fact that from preliminary results there is some
gain from using small A L2 (0.001-0.01). The trained model selects one of the three
possible actions (no turn, left turn, and right turn) at fixed time intervals (about 20
to 50 Hz depending on the operational environment). The execution of each action
leads to an orientation change of the UAV (left turns by 15° or right turns by 157,
and no turns by 0°), whereas its forward velocity remains unchanged. ABCD. LoR
performs multi-class classification for selecting control actions that can be classified
into three categories (no turn, left turn, and right turn), using the readings from
local sensors; it does not optimize for the path length but ensures safety by making
sequential decisions. It should be stated that the suggested approach has a reactive
nature and cannot provide global optimality. In comparison with the global path
planning approaches, the produced paths will be longer and may oscillate in symmetric
environments. Nevertheless, the main purpose of the ABCD_LoR model is to make
real-time decisions.

3.3 Adaptive Selection Rule in Block Coordinate Descent

Typical strategies for coordinate descent algorithms follow a predefined or random-
ized order [38]. However, our approach employs an adaptive selection process based on
the block coordinate which will result in maximal decrease of the objective function
at each iteration. For each of these blocks, the first order estimation of the decrease
of the negative log-likelihood is calculated. Based on the squared norm of the gradi-
ent normalized by the block-wise Lipschitz constant estimate, we select the coordinate
block which results in the greater estimated decrease. To avoid any stagnation in the
procedure, a minimal probability of the selection is imposed. The adaptive selection
scheme ensures faster convergence, especially when some attributes (such as obstacle
distance) have higher weight on the decision boundary formation process. Unlike gra-
dient descent methods, the suggested technique ensures lower gradient variation and
stability. In contrast to Newton or quasi-Newton optimization schemes, the algorithm
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is not dependent on Hessian matrix calculation, which makes the technique have lin-
ear complexity relative to the number of features. The empirical evaluation carried out
in Section 4 shows that the proposed ABCD LoR technique reduces decision time by
20-35% compared to the gradient descent-based approach, while having competitive
prediction accuracy.

4 Results and Discussion

The designed ABCD LoR model was tested on a computer with Windows 11 operating
system, having an Intel® Core i7 (9th Generation) processor operating at a frequency
of 2.60 GHz with 16 GB RAM. Training was performed on 80% of the collected sensor
data, with the other 20% reserved for testing purposes. Testing was done by considering
three different speed values, namely low (2.77 cm/s), medium (13.8 cm/s), and high
(19.4 cm/s). Figure 5 shows the average path lengths achieved after ten experiments,
each with standard deviations +1. According to the results, the ABCD LoR algorithm
outperforms baseline approaches with a shorter trajectory length in around 25% to
35%. The experiment is conducted in two scenarios at each speed with a variety of
environments that include four stationary obstacles with different sizes and shapes.
This experiment setup is shown in Fig. 4.

For Case-1, there are obstacles placed in a sequence, such as narrow obstacles and
irregular shapes, which need careful decisions at that point. In Case-2, the obsta-
cles have an equal distance apart from each other with one 3D obstacle in between,
checking how the algorithm is adaptable to such environments. In Case-3, there are
scattered obstacles placed diagonally and frontally. All the algorithms (A*, VFH, FLC,
ASGDLR, ABCD LoR, DWA, and APF) were analyzed for ten iterations.

Note: Results averaged over 10 independent simulation runs per condition. DWA
and APF values are preliminary and based on standard implementations adapted to
the same sensor inputs and dense static layouts.

Performance of all the algorithms in terms of path length (cm) and computational
time (ms) is shown in Table 3. In most cases, ABCD_LoR provides paths that are
shorter than those provided by classic reactive planners like VFH, FLC, DWA, and
APF while requiring less computation effort. In dense environments, where the adapt-
ability of the algorithm is vital, the result is more significant. A* provides optimal
solutions but is costly in terms of computation and not a reactive planner. However,
in this research work, A* is performed on grid maps. A* can find the best route only
if it is presented with an accurate map, but cannot be used in a reactive situation
where prior environment knowledge is lacking. Conversely, ABCD_LoR is based only
on local sensor inputs and does not need prior environment knowledge. ABCD LoR
is characterized by significantly lesser computation time on a per-decision basis due
to its low-dimensional algorithm, resulting in computation times 20-35% lower than
A* and VFH under the same simulation conditions. Compared with A* and VFH, the
proposed algorithm results in about 20-35% decrease in computation time because of
its reduced logistic model. The performance of several UAV path planning algorithms
is compared for three speed classes (low, moderate, and high) and two dense envi-
ronments. The algorithms compared are A*, VFH, FLC, ASGDLR, and the proposed

15



Table 3 Performance comparison of path planning algorithms for UAVs under varying speed and
environmental conditions

S. Speed UAV EnvironmentAlgorithm Path Length Computational
No. Condition Speed (cm) Time (ms)
(cm/s)
A* 886.78 3.92
VFH 731.11 3.23
FLC 694.31 3.06
1 Low 2.77 Case-1 ASGDLR 672.87 2.97
ABCD _LoR 579.54 2.56
DWA 615.20 2.85
APF 695.50 2.92
A* 946.82 4,18
VFH 888.76 3.92
FLC 764.52 3.37
2 Low 2.77 Case-2 ASGDLR 692.73 3.06
ABCD _LoR 674.48 2.98
DWA 715.30 3.20
APF 810.10 3.35
A* 542.67 1.05
VFH 874.45 0.93
FLC 776.72 0.82
3 Medium 13.8 Case-1 ASGDLR 682.28 0.77
ABCD _LoR 638.85 0.68
DWA 680.40 0.75
APF 765.20 0.80
A* 565.47 1.12
VFH 827.53 0.99
FLC 756.62 0.91
4 Medium 13.8 Case-2 ASGDLR 710.14 0.85
ABCD _LoR 672.27 0.81
DWA 710.50 0.88
APF 805.80 0.95
A* 910.21 0.78
VFH 871.96 0.74
FLC 712.78 0.61
5 High 19.4 Case-1 ASGDLR 665.63 0.57
ABCD _LoR 630.16 0.54
DWA 670.80 0.60
APF 755.40 0.65
A* 951.34 0.81
VFH 912.24 0.78
FLC 844.29 0.72
6 High 194 Case-2 ASGDLR 770.32 0.66
ABCD _LoR 691.21 0.59
DWA 735.60 0.64

APF 830.90 0.70

[EN
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Fig. 4 Reference paths in three dense static environments: (a) Case-1, (b) Case-2, (c) Case-3.SP =
start point, EP = end point.

ABCD LoR algorithm. A* ensures shortest paths that are optimal provided a com-
plete map is available but consumes more computational resources and does not react
to changing environments. ABC LoR, however, runs on sensor-based decisions only,
thus making real-time decisions without relying on any map data. It was found that
the model outperforms the reactive baseline methods for all situations through reduced
path length and computational cost. These gains can be credited to the lightweight
nature and coordinate descent optimization of the model.

The present training data set consists of 292 labeled examples that were gath-
ered within three highly populated simulated environments. The described amount of
training data, although being adequate for showing the feasibility and for getting inter-
pretable model parameters, may imply the possible danger of overfitting due to the
training on the particular obstacle arrangements and sensor readings observed during
data gathering. Due to the small amount of the data, the k-fold cross-validation could
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Fig. 5 Average path length (cm) comparison across speeds for ABCD-LoR and baselines (A*, VFH,
FLC, ASGDLR). Error bars: %1 standard deviation.

not be applied. Rather, the obtained performance results are averaged over ten experi-
ments with various model parameter initialization. Table 4 provides a summary of the
benefits and shortcomings of the proposed ABCD. LoR algorithm. It is assumed that
all tests have been carried out in noise-free conditions for the sensor data. The decision-
making process involves a minimal number of calculations, including the application
of the softmax function, which guarantees constant complexity per decision.

To test robustness in a practical working environment, future research will involve
validation at the hardware level using the quadrotor with respect to the Gazebo/ROS
simulated environment. In this testing process, the sensor noise will be considered
with Gaussian distribution (o0 ~ 5 - 12 cm) together with measurement dropouts due
to reflection effects.

5 Conclusion and Future Work

The following work introduced a robust, fast, and reactive machine-learning based
scheme for UAV obstacle avoidance using the adaptive block coordinate descent logistic
regression (ABCD LoR) algorithm. The advantage of ABCD LoR lies in overcoming
the drawbacks of stochastic gradient algorithms with an optimization technique that
involves block coordinate descent algorithm leading to improved stability and resilience
to noise. Several experiments conducted on multiple dense static scenarios indicate
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Fig. 6 Computational time (ms) per decision for ABCD-LoR and baselines under low, medium, and
high speeds in dense environments

that the proposed model yields shorter path lengths as well as less computational time
when compared to traditional techniques like A*, VFH, and FLC. Moreover, com-
parisons against reactive baselines, such as DWA and APF, show that ABCD. LoR
provides smooth paths while still allowing for decision-making in real time. The algo-
rithm works using constant time complexity for each decision and small memory usage,
which makes it appropriate for use in UAVs. But the suggested solution is reactive,
and therefore it cannot be globally optimal as graph-based planners are. Evaluation
in this paper is done using simulation datasets that are relatively small. In addition,
the assumption made about sensor readings being free from noise is not true in prac-
tice. The future work will be devoted to the extension of the framework presented
here in order to solve more practical problems. These are the problems of dealing with
dynamic obstacles, adding extra sensors (such as IMU and GPS), and working with
UAV hardware. More research on robustness in case of sensor errors, scaling up the
size of the data set, and adaptation to fast movement will be done as well. Moreover,
research on hybrid approaches that integrate the reactive system with global plan-
ners can be done. This will help in optimizing the path while remaining reactive at
the same time. The training data set used is made up of 292 data points that have
been acquired in simulations with small-sized environments. Thus, there is a danger
of overfitting in this case.
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Table 4 Advantages and limitations of compared reactive path planning algorithms

Algorithm Advantages Limitations
A* Guarantees optimal shortest path Requires complete map; high com-
in fully known static environments putational cost for replanning; not
suitable for real-time reactive navi-
gation
VFH Efficient real-time obstacle avoid- Produces non-smooth/jagged
ance; performs well in dense envi- paths; limited global awareness;
ronments sensitive to sensor noise
FLC Handles uncertainty effectively; Rule design is heuristic and
generates smooth control actions  problem-dependent; scalability is
limited
ASGDLR Data-driven approach; low infer- High variance due to stochastic

ence cost; adapts to environment
patterns

updates; limited to binary decisions

Dependent on training data qual-
ity; purely reactive; no global opti-
mality guarantee

Conservative behavior in narrow
spaces; may generate longer paths
Prone to local minima; oscillations
in cluttered environments; parame-
ter sensitivity

ABCD loR Lightweight computation (O(1)
per decision); interpretable; stable
convergence; improved smoothness
and efficiency

DWA Considers robot kinematics; reli-
able real-time collision avoidance

APF Computationally efficient; simple
implementation
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