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Abstract: This paper addresses the team orienteering problem applied to unmanned
aerial vehicles (UAVs), considering obstacle avoidance and environmental factors such
as wind conditions and payload weight. The objective is to optimize UAV routes to
maximize collected rewards while adhering to operational constraints. To achieve this,
we employ a simheuristic algorithm for the overall route optimization, while integrating
the A* algorithm to determine feasible paths between nodes that avoid obstacles in a 2D
grid-based environment. Then, a feedforward neural network estimates travel time based
on UAV speed, wind conditions, trajectory distance, and payload weight. This estimation is
incorporated into the optimization process to improve route planning accuracy. Numerical
experiments evaluate the impact of various parameters, including obstacle placement, UAV
speed, wind conditions, and payload weight. These experiments include maps with 30
to 100 points of interest and varying obstacle densities and show that our hybrid method
improves solution quality by up to 15% in total profit compared to a baseline approach.
Furthermore, computation times remain within 5-10% of the baseline, showing that the
added predictive layer maintains computational efficiency.

Keywords: unmanned aerial vehicles; A* algorithm; team orienteering problem; artificial
intelligence

1. Introduction

The team orienteering problem (TOP) is a combinatorial optimization problem that
involves selecting a subset of locations, each associated with a specific reward [1-3]. The goal
is to plan routes for a team of agents to maximize the total collected reward while satisfying
operational constraints. These constraints may include time limits, agent capacities, and the
structure of the route network [4—6]. The TOP belongs to the class of orienteering problems [7]
and has applications in healthcare logistics [8], tourism [9], and resource management, where
optimizing the use of limited resources is essential [10]. In the TOP, each agent must determine
not only which locations to visit but also the optimal sequence to maximize total reward
while adhering to imposed constraints. These characteristics increase the problem’s difficulty,
as both node selection and visit sequence are crucial for optimization.

This study extends the traditional TOP framework by applying it to a fleet of unmanned
aerial vehicles (UAVs). In addition to standard constraints, we incorporate environmental
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factors such as obstacles and wind conditions, which influence UAV performance. To compute
routes that avoid obstacles, we employ the A* algorithm, a widely used path-planning method
for UAVs [11,12]. Hence, this paper addresses the scientific problem of solving the TOP under
realistic constraints (e.g., physical obstacles and environmental conditions) that are typically
ignored in classical approaches. These factors significantly affect the feasibility and efficiency
of routes, particularly in applications involving UAVs or autonomous vehicles.

The problem is modeled on a two-dimensional grid map, allowing a precise repre-
sentation of the environment. Using A*, we efficiently determine paths that minimize
travel distance while ensuring obstacle avoidance. Once a path is established, the UAV’s
travel time is estimated based on several factors. The trajectory between two locations is
defined as a sequence of two-dimensional coordinates obtained using A*. The total travel
distance is computed as the sum of Euclidean distances between successive coordinates,
measured in kilometers. The estimated travel time considers: (i) the UAV’s speed, assumed
to be constant along the trajectory; (ii) the wind’s speed and direction, which influence the
UAV’s effective speed; and (iii) the weight of onboard sensors and equipment required for
operations at each location.

Figure 1 shows two trajectories: one from node 1 to node 2 and another from node
2 to node 3. These trajectories are located on a 30 x 30 km grid. The following factors
influence the UAV’s trajectory: (i) UAV speed—the UAV maintains a constant speed along
the entire trajectory (km/min); (ii) wind speed and direction—wind velocity (km/min) and
direction (radians) are considered as environmental factors, which can increase or decrease
the UAV’s effective speed depending on the trajectory; and (iii) payload weight—the weight
(kg) of sensor equipment and other devices mounted on the UAV, which are necessary for
performing operations at each location.
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Figure 1. Example of trajectories with UAVs avoiding obstacles on a 30 x 30 km grid.

To predict travel time, we employed a multi-layer fully connected feedforward neural
network [13], suitable for regression tasks. The network’s input features include (i) UAV
speed; (ii) distance between two trajectory coordinates; (iii) angle between successive trajec-
tory vectors; (iv) wind speed and direction; and (v) payload weight. For multi-coordinate
trajectories, the network estimates the travel time between each successive coordinate pair,
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and the total time is obtained by summing these individual estimates. With this time estima-
tion model, we can solve the TOP by optimizing UAV routes using the A* algorithm.

Figure 2 illustrates a simplified example of a TOP solution on a 30 x 30 km grid,
where two UAVs plan their routes to maximize collected rewards while avoiding obstacles:
(i) nodes are represented as numbered blue circles, with larger circles indicating higher
rewards; (ii) the first UAV follows the yellow path, starting from node 1 (red square) and
visiting nodes 7, 11, 10, 5, 9, and 12; (iii) the second UAV follows the purple path, also
starting from node 1 and visiting nodes 4, 8, 6, and 12; (iii) obstacles appear as black
rectangles, requiring UAVs to adjust their routes accordingly; and (iv) a red arrow in the
top-right corner represents wind direction and speed (18 km/h), a key environmental factor
in trajectory optimization.
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Figure 2. Example of a TOP solution with UAVs avoiding obstacles on a 30 x 30 km grid.
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The main contributions of this study are described as follows: (i) we extend the
classical TOP by integrating obstacle avoidance and environmental factors, including wind
speed, wind direction, and payload weight, which impact UAV performance; (ii) the A*
algorithm is applied to determine the shortest path between nodes, ensuring UAVs navigate
complex environments while avoiding obstacles; (iii) a feedforward neural network is used
to estimate UAV travel time, incorporating UAV speed, trajectory distance, wind conditions,
and payload; and (iv) we analyze the impact of various parameters, including obstacle
size and position, maximum nodes per route, route duration, UAV speed, wind conditions,
and payload weight. Hence, the novelty of this approach lies in combining classical
A*-based path-finding with a data-driven model to account for real-time environmental
effects on UAV mobility, an aspect not typically addressed in the standard TOP literature.
Theoretical contributions involve expanding the classical TOP framework to account for
spatial constraints and dynamic variables, while the practical significance is shown in its
potential applications to UAV logistics, disaster response, and environmental monitoring.

The remainder of this paper is structured as follows: Section 2 reviews related work
on TOP and UAV-based path planning. Section 3 presents the problem formulation and
modeling approach. Section 4 details the proposed methodology, including A*-based path
planning and neural network time estimation. Section 5 discusses experimental results,
and Section 6 concludes with insights and future research directions.
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2. Related Work

The dynamic TOP [14] with obstacles, introduced in this paper, represents a significant
advancement in rich and real-life logistics, integrating environmental dynamics and physi-
cal constraints into the classical TOP. This section reviews state-of-the-art methodologies,
identifying key gaps and positioning the novelty of this study within the existing literature.

Heuristic and metaheuristic approaches have proven effective in addressing the com-
putational challenges of the TOP. Methods such as iterated local search (ILS) have sig-
nificantly improved solution quality, particularly in dynamic and constrained environ-
ments [15,16]. These methods optimize node selection and route sequencing, efficiently
delivering near-optimal solutions. Simulated annealing (SA) has also been employed to
tackle the TOP and its variants. Enhancements in SA-based heuristics have successfully
optimized multi-objective formulations of the problem [17,18], while effective in static
scenarios, these techniques have limited adaptability to dynamic conditions.

Stochastic extensions of the TOP, such as the stochastic team orienteering problem
(STOP), introduce uncertainty in travel times and rewards. Methods like simheuristics,
which combine Monte Carlo simulation with traditional heuristics, have been used to
manage variability effectively [6]. These techniques enable UAV route optimization un-
der uncertainty, making them useful in applications such as surveillance and emergency
response. Further advancements have addressed dynamic environments by integrating
weather conditions and real-time changes in rewards. Works focusing on weather-adaptive
routing highlight the influence of environmental factors on UAV performance [19,20].
However, these studies often lack explicit modeling physical obstacles, limiting their appli-
cability in complex operational scenarios.

The team assignment orienteering problem (TAOP) extends the classical TOP by incor-
porating task-specific requirements and stochastic constraints. Studies on task allocation
for UAV fleets have developed strategies to optimize both task assignment and route plan-
ning [21,22]. These approaches use coordination mechanisms to ensure efficient coverage
and reward maximization. Simheuristics and learnheuristics [23,24] have also been applied
to manage stochasticity and dynamism in task assignment and routing, particularly in
applications involving heterogeneous fleets [25]. However, these methods rarely address
dynamic obstacles or integrate predictive modeling for travel times.

Recent studies emphasize the need to account for environmental and physical constraints
in TOP solutions. Research addressing UAV battery limitations and weather impacts has
demonstrated significant efficiency improvements [26,27], while valuable, these advancements
often simplify obstacle representation, limiting their utility in real-world scenarios.

Despite progress in TOP research, several critical gaps remain: (i) few approaches
explicitly incorporate obstacles, a critical component in real-world UAV routing [19,20];
(ii) limited work has utilized machine learning for travel time predictions in dynamic scenar-
ios; and (iii) balancing reward maximization with dynamic environmental factors remains
underexplored. Our work addresses these gaps through modeling of physical obstacles
using the A* algorithm for safe and efficient routing and a feedforward neural network
predicts travel times, incorporating factors like wind speed, UAV load, and obstacle density.

3. Problem Formulation

The mathematical model of our problem is based on the one proposed by Chao et al. [1]
for the TOP. In this study, we manage a fleet D = {1,2,...,d} consisting of d homoge-
neous UAVs. Each UAV aims to visit as many nodes as possible within a specified time
limit, starting at an initial node and ending at a final node. Upon visiting a node, a UAV
receives a corresponding reward, and no other UAV can collect the reward from the same
node. Thus, each team member must select a subset of nodes to visit, minimizing overlap
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among UAVs while complying with time constraints and maximizing the team’s total score.
The TOP is formalized within a directed graph G = (V, A), where (i) the set of nodes is
V ={0,1,2,...,n}, with node 0 representing the initial depot and node n representing the
final depot; (ii) the set of arcs is defined as A = {(i,j) | i,j € V,i # j}; and (iii) the set of
rewards is R = {rp,r1,72,..., s}, where r; > 0 is the reward a UAV receives when visiting
node i.

Each UAV d € D starts its route at the initial depot, visits several intermediate nodes,
and ends at the final depot. This implies that the maximum number of routes in any
solution equals the fleet size D. The travel time between nodes i and j is denoted by T;; > 0
(if i # j), and the parameter tmax > 0 represents the maximum allowed duration for a route.
It is important to note that rewards are accumulated only the first time a node is visited,
i.e., revisiting a node does not grant additional benefits. The objective is to maximize the
total sum of rewards obtained by all UAVs.

To model the problem, we define the following binary variables: y;; takes the value 1
if node i € V is visited by UAV d € D, and 0 otherwise; Xijd takes the value 1 if arc (i, f) is
traversed by UAV d € D, and 0 otherwise. Under these conditions, the goal is to maximize

max Y ) riyi 1)

deDicV

the total collected reward:

In addition, the following constraints apply:
If a node i is visited, there must exist an arc connecting it, as follows:

Y. Xjg=vya VieV,deD 2)
JEVj#i
The initial and final depots should not be visited by more UAVs than the fleet size:

Y v <IDl, Y. yua < |D (3)
deD deD

Each intermediate node i must be visited by only one UAV:

Y yia<1, VieV\{0n} (4)
deD

The total travel time of any UAV must not exceed tmax:

Y. TijXijg < tmax, Vd €D ()
(ij)eA

The variables y;; and x;;; must be binary:
Yid € {0/1}1 xijd € {0/1}1 vz/] € V/d €D (6)

It is important to note that in real-world UAV operations, travel times between nodes
are often subject to uncertainty due to environmental factors. In our model, we consider this
uncertainty by classifying edges into deterministic and stochastic categories. Specifically,
edges whose end node has an even ID (i € V where imod2 = 0) or is divisible by three
(imod3 = 0) are considered to have stochastic travel times, while the remaining edges have
deterministic travel times. This classification allows us to model realistic scenarios where
travel time variability may affect route feasibility and reward collection.
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4. Solution Method

In this section, the solving methodology is provided. We will first describe the method-
ology, in general, and then we will provide details on the ‘real-value’ computation of the
travel time as well as on its estimation using a neural network.

4.1. Overview of Our Approach

Our approach starts with an initialization phase that has two main parts (Figure 3).
First, the ‘Initial Setup” creates the environment for UAV route planning by configuring a
grid-based operational area and placing obstacles. It also sets the drone’s speed and payload
capacity and defines environmental conditions like wind speed and direction. After setting
up the environment, the system trains a neural network with random data to create an initial
predictive model. This model estimates travel times based on factors like UAV speed, distance,
wind conditions, and payload weight. Using synthetic data for various scenarios, it establishes
a foundation for accurate predictions before actual route planning. The travel time estimates
will be refined through feedback as more operational data are collected.

Grid, Drone, Wind Conditions

v
Neural Network Training
Initial Random Training Data

| Initialize Setup ]

Load Instance Data

Nodes, Fleet Size,
Max Time, Rewards

" Initial Loop Start “>‘_ o
“__fori=1to num_iterations -

'

Simheuristic Algorithm
OBD, OBS = algorithm(fleetSize,
routeMaxTime, nodes, grid, drone,
conditions, model)
|

OBD Results OBS Results
Best Deterministic Best Stochastic
Solution Solution

‘—I

( Create Training Data
L::lf_cl:ata = makeDF(sol=0BS, drone, conditions)
¥

i
Retrain Neural Network ]

model, rmse = trainNN(model, df_data)

Figure 3. General overview of our approach.

After initialization, the system loads instance data from input files detailing problem
specifications. Each file includes parameters like the number of nodes (UAV points),
fleet size (number of UAVs), and maximum route duration. The system extracts node
locations and rewards, ensuring they do not conflict with obstacles. This converts raw
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descriptions into structured data for route planning algorithms, defining the optimization
challenge. At the core of our methodology lies an iterative optimization and learning
process. Each iteration executes our simheuristic algorithm to generate two solutions: OBD
(our best deterministic solution) and OBS (our best stochastic solution). The system then
extracts operational data from the OBS to retrain the neural network model, improving
travel time prediction accuracy. This feedback loop between optimization and learning
represents a key innovation—the system progressively learns from its own results, creating
increasingly reliable UAV routing solutions with each iteration. Rather than treating
travel time estimation as static, we continuously refine it throughout the solution process,
enhancing route quality as the neural network adapts to operational realities.

The simheuristic algorithm follows a two-stage approach to solve the dynamic team-
orienteering problem with obstacles. The process begins with an initialization phase that
creates an initial solution by setting the alpha value for enhanced savings calculations and
generating an initial efficiency list. This solution is established as our initial best determin-
istic solution (OBD) and serves as the first entry in our list of candidate solutions. Stage 1
focuses on building a collection of high-quality candidate solutions through an iterative
time-constrained process (Figure 4). During this stage, the algorithm repeatedly gener-
ates new solutions using a merging process with biased randomization. Each promising
solution (one that exceeds the current best reward) is designated as the new OBD and un-
dergoes Monte Carlo simulation with 100 runs to evaluate its performance under stochastic
conditions. These promising solutions are added to the list of candidate stochastic solutions
(listp BS). This stage efficiently explores the solution space to identify diverse high-quality
route configurations that perform well under varying conditions.

< Algorithm Start

STAGE 1
y
Generate Initial Solution
Select best alpha, efficiency list and routes
& B
Set OBD = Initial Solution
Initialize list_OBS = [OBD] )
.
Monte Carlo Simulation
Evaluate OBD with 100 runs (varLevel=0.3)

'

= » Timeloop - —-
— —_— I

! 11 i

| Generate New Solution

| Using mergin with biased
randomization

Simulation and
Update OBD -
Add to list_OBS

.

y End Loop ™
( list_OBS: Collection of )
A promising solutions -

1

Figure 4. A schema of Stage 1.
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As shown in Figure 5, Stage 2 refines the most promising stochastic solutions to deter-
mine our best stochastic solution (OBS). First, the algorithm sorts all candidate solutions
in listo BS by their simulated reward values and selects the top-k solutions, where k is the
minimum between a predefined maximum (5) and the total number of candidates. Each of
these elite solutions undergoes a more intensive Monte Carlo simulation with 1000 runs to
more accurately assess its performance under uncertainty. The solution that demonstrates
the highest reward after this intensive simulation becomes the final OBS.

STAGE 2

4

Sort and Select Top Solutions
Select top-k solutions (k=min(5, len(list_OBS)))

:

Loop

e -
~_ foriinrange(0,k) .

l

r
I
I
I
I
:[ Intensive Simulation ]
I
I
I
I

1000 runs on each elite solution

v I

-

Better? -

Update OBS — o

-~ End Loop \
A Return OBD and OBS d

Figure 5. A schema of Stage 2.

This two-stage approach balances exploration and refinement, efficiently identifying
solutions that not only maximize rewards in deterministic settings but also maintain
robustness when facing the uncertainties inherent in real-world UAV operations with
varying environmental conditions.

To account for uncertainty in travel times, our simheuristic algorithm incorporates
a Monte Carlo simulation module. This module evaluates candidate solutions under
stochastic conditions, providing a more realistic assessment of solution quality in uncertain
environments. Each promising deterministic solution undergoes multiple simulation runs
to estimate its expected performance when travel times vary according to predefined
probability distributions.

A critical aspect of our methodology lies in the integration of the A* algorithm and
neural network predictive modeling during the solution generation process. As illustrated
in Figure 6, for each potential edge between nodes in our problem, we employ a two-step
approach to determine both the optimal route and its expected travel time. First, the A*
algorithm calculates the optimal path between nodes while ensuring obstacle avoidance.
Operating on our 2D grid-based environment representation, A* efficiently explores the
state space to determine the shortest feasible path between any two nodes. This process is
essential for ensuring UAV routes remain physically viable in environments with obstacles.
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Simultaneously, our neural network model predicts the travel time for each path segment.
The network takes as input multiple features including UAV speed, path distance, trajectory
angles, wind conditions (speed and direction), and payload weight. These predictions
account for the complex interplay of environmental factors that impact UAV performance

beyond mere distance considerations.

e .

/" Solution Generatio "'“\I
\ Process v

—_— 1_ I
[ Create Edges Between Nodes ]

A* Path Planning Neural Network Prediction
using grid map using trained model
Calculate Optimal Path Extract Path Features
Path with Obstacle Avoidance Predicted Treavel Time

Integrate Path and Time Prediction
Store optimal path and predicted
travel time in edge

Node to Node Edges Start/Finish Edges
(i,j) for i,j € Nodes i#j (start, i) and (i, finish)

Complete Efficient List
Used for solution
generation in mergin
process

Figure 6. Interaction between the A* and the neural network predictor.

The integration of these components occurs for every potential edge in our solution
space: both between intermediate nodes and between nodes and depot locations. The best-
found paths and their predicted travel times are stored in an efficiency list, which serves
as the foundation for our merging process during solution generation. This approach
ensures that all routes generated by our simheuristic algorithm are not only feasible re-
garding obstacle avoidance but also accurately reflect expected travel times under varying
environmental conditions.

4.2. Black-Box Modeling of UAV Travel Time on an Arc

In the context of the routing problem, determining the time required for a UAV to
traverse an arc (i, ) is key for ensuring route feasibility. This calculation involves multi-
ple interacting factors, including UAV speed, wind conditions, payload weight, and arc
geometry. These factors interact in a nonlinear and context-dependent manner. Due to this
complexity, we treat this calculation as a ‘black box” (emulation of reality), whose exact
behavior is not directly accessible by the algorithm but is based on the following principles.

The UAV’s initial speed vgyone is reduced as a function of the payload weight wpayioad-
This reduction follows a nonlinear relationship proportional to the square of the payload
weight:

Vadjusted = Udrone — (k ) wlzjayload) @)

where k is a coefficient that captures the impact of weight on speed.
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Wind conditions, both in magnitude and direction (vyind, Owind ), significantly affect
the UAV’s effective speed when traversing an arc (i,j). These effects are modeled by
considering the vector components of both the wind and the UAV:

Uresultant — \/ (vdrone,x + Z)wind,x)z + (Udrone,y + vwind,y)z (8)
where
Udrone,x = Vadjusted * COS(Gpath) )
Udrone,y = Vadjusted Sin(epath) (10)
and
Owind,x = Uwind ° Cos(ewind) (11)
Z)wirlcl,y = Owind * Sin(gwind> (12)

The arc (i, j) is decomposed into smaller segments, and for each segment, the Euclidean
distance and required time are computed based on the resultant ground speed.

dse ment
tsegment = BT (13)
Uresultant
The total travel time for an arc is the sum of the travel times for all its segments.
Tij = Ztsegment,k (14)
k

4.3. A White-Box Neural Network Approach for Travel Time Estimation

The proposed neural network does not estimate the total trajectory time directly.
Instead, it calculates the travel time for each segment, summing them to obtain the total time.
This modular approach efficiently handles dynamic conditions and nonlinear interactions.
The network takes six input features describing the arc and UAV conditions: UAV speed
Udrone, Segment distance d, segment direction angle 64;5;, wind speed v,ingq, wind direction
Owind, payload weight wpay10ad-

The network consists of three fully connected hidden layers (Figure 7): layer 1 with
64 neurons, layer 2 with 64 neurons, and layer 3 with 32 neurons. Each layer uses the
ReLU activation function to introduce nonlinearity. The final layer produces a single value
representing the estimated travel time for the segment. The network contains approximately
64,000 parameters, balancing learning capacity and computational efficiency. For each
segment in an A*-generated path, the actual travel time is computed using the physical
model. The dataset includes UAV speed, segment distance, angles, wind conditions,
and payload weight.

The neural network was trained using a carefully designed process to ensure a balance
between accuracy and efficiency. Data preprocessing involved standard normalization and
an 80/20 train-test split, with no additional feature engineering. The model was trained
using the Adam optimizer with a learning rate of 0.001, a batch size of 10, and early stopping
based on validation loss. The training was conducted on a PyTorch (https://pytorch.org/)
setup with an Intel Core i7-1280P processor, requiring under 1 GB of RAM and taking
about 2 to 3 min per full training cycle for larger datasets. An iterative refinement strategy
was applied, where the model was initially trained on synthetic data, then progressively
retrained with added examples based on discrepancies between predicted and simulated
travel times. For a 21-node problem instance, stable performance was typically reached
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after 20 to 30 iterations, with RMSE improving from 0.70 to 0.40 or lower, and in some
cases as low as 0.22. Even after 5 to 10 iterations, the model achieved sufficient accuracy for
practical route planning. The average computational time per iteration—including path
generation, simulation, and training—was approximately 65 s on the test hardware.

Hidden Layer 1
(ReLU)

UAV speed
(speed_drone)

Distance
(dist)

Trajectory angle
(theta_dist)

\ {r:'iy.'\l\ ";'}F’?"F |
O
(AU

Wind speed

(speed_wind) Predicted

travel time

Wind direction
(theta_wind)

Payload weight
(payload)

Figure 7. Architecture of the proposed neural network.

The neural network is progressively refined using an iterative approach combining
simulation, real-time comparisons, and retraining. The iterative process is described as
follows: (i) generate deterministic and stochastic solutions (OBD and OBS) using the trained
neural network; (ii) simulate real travel times using the physical model; (iii) compare
estimated and real travel times to identify discrepancies; (iv) use discrepancies to generate
new training data; (v) retrain the network to minimize RMSE; and (vi) update solutions
with refined travel time estimates. As it will be discussed in the experimental section,
the proposed model handles dynamically generated trajectories. It learns complex patterns
and applies them to new conditions. Once trained, the model rapidly predicts segment
travel times, improving overall system performance.

4.4. Modeling Travel Time Uncertainty

To model the stochasticity in UAV travel times, we classify each edge (,) in the
solution according to the characteristics of its end node j. Edges connecting to nodes
with even IDs or IDs divisible by three are designated as stochastic, while all other edges
maintain deterministic travel times. This assignment is formalized as follows:

o 1 (stochastic), ifjmod2=00orjmod3 =0
edge_type(i,j) = (15)

0 (deterministic), otherwise
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For edges with stochastic travel times, we employ a lognormal distribution with a
variance level parameter A = 0.3. The mean parameter y of this distribution is set to
the travel time predicted by our neural network model, establishing a direct connection
between our predictive framework and the stochastic simulation. This parameter represents
a moderate level of variability and was chosen based on empirical observations of UAV
operations in semi-controlled environments. Given a mean travel time y, we derive the
parameters of the lognormal distribution as follows:

02 =03- u (variance) (16)
: W
w=In m (log-mean) (17)
2
o =4/In (1 + (;2) (log-standard deviation) (18)

The travel time for a stochastic edge is then sampled from lognormal(y/, o). This
approach allows us to model realistic variations in travel times while maintaining compu-
tational tractability.

During the Monte Carlo simulation phase, each candidate solution is evaluated across
multiple runs (100 for the initial assessment and 1000 for the final refinement). For each
run, the travel times of stochastic edges are randomly sampled from their respective
distributions. If the total travel time of a route exceeds the maximum allowed duration,
the entire reward for that route is forfeited, reflecting the operational reality that incomplete
missions yield no benefit.

5. Numerical Experiments and Analysis of Results

The proposed methodology was developed entirely in Python 3.12.7, using key li-
braries such as NumPy (2.2.3) for numerical operations, PyTorch (2.6.0) for neural network
implementation, scikit-learn (1.6.1) for evaluation metrics, and Matplotlib (3.10.1) for visu-
alizations. These tools supported the implementation of the A* algorithm, the feedforward
neural network for travel time estimation, and the simulation of UAV routing scenarios
with obstacles and environmental factors, resulting in a fully Python-based solution with-
out the need for external software. The computational experiments were conducted on
a computer with a 12th Generation Intel® Core™ i7-1280P processor at 1.80 GHz, 32 GB
RAM, and running Windows 11 Pro (version 24H?2) 64-bit. Due to the absence of stan-
dardized benchmarks for the dynamic TOP with obstacles, a diverse set of synthetic test
instances was developed. These instances were designed to reflect the complexities inher-
ent in realistic UAV routing scenarios, integrating various operational and environmental
constraints. All experiments were conducted on a 30 x 30 km grid-based environment.

Two primary instance sets were created to evaluate the proposed approach: one
comprising 21 nodes and another with 31 nodes. For each instance set, scenarios with
and without obstacles were considered to assess the impact of obstacle avoidance on route
optimization. Figure 8 illustrates the spatial distribution of nodes, obstacles, and depots for
both instance sets.

The experimental framework was structured to systematically evaluate the influence
of critical parameters:

*  Obstacle configuration: Two scenarios were tested, obstacle-free environments and
environments with strategically placed obstacles that UAVs must avoid.

* Wind conditions: Wind speed was varied between 0 km/min (no wind) and
0.3 km/min, with directional variations at 0°, 90°, 180°, and 270°.
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¢  Payload weight: Tests were conducted with payloads of 0 kg (no payload) and 1 kg.

e UAV travel speed: Two different UAV speeds were examined, 0.8 km/min and
1.1 km/min.

*  Route duration limitations: Maximum route durations of 36 min and 46 min were
imposed, reflecting typical operational constraints in real-world UAV deployments.
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Figure 8. Base instances with and without obstacles.

5.1. Solving the Standard TOP Without Obstacles or Environmental Factors

To establish a performance baseline, we solved the simple version of the problem
(without obstacles or environmental factors) using Gurobi, a commercial optimization
solver. Two different instance sets were considered: a 21-node instance with two UAVs
and a 31-node instance with three UAVs. For the 21-node instance with two UAVs, each
with a speed of 1.1 km/min and a maximum route duration of 50 min, the solver identified
an optimal solution with a total reward of 360.0. Figure 9 illustrates the optimal routes
identified by Gurobi.

The optimal routes for the UAVs are as follows: drone 1 routeis[1, 8, 6, 2,4, 12,10, 18, 5,
21], with total distance = 50.81 km, travel time = 46.19 min, and route reward = 175.0; drone
2routeis[1,19,11,9, 3,7, 15,13, 21], with total distance = 53.99 km, travel time = 49.08 min,
and route reward = 185.0.

For the more complex 31-node instance with three UAVs, each with a speed of
1.1 km/min and a maximum route duration of 50 min, Gurobi found an optimal solution
with a total reward of 543.0. Figure 10 illustrates these optimal routes.
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Optimal routes for drones (Speed: 1.1 km/min, Total Reward: 360)
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Figure 9. Optimal routes for the 21-node instance without obstacles.
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Figure 10. Optimal routes for the 31-node instance without obstacles.

The optimal routes are as follows: drone 1 route is [1, 17, 10, §, 4, 6, 7, 21, 30, 31],
with total distance = 54.99 km, travel time = 49.99 min, and route reward = 163.0; drone 2
routeis [1, 3, 25, 14, 23, 13, 11, 29, 5, 31] with total distance = 48.37 km, travel time = 43.97
min, and route reward = 170.0; drone 3 route is [1, 19, 27, 16, 20, 18, 9, 15, 12, 26, 2, 24, 28,
31], with total distance = 54.27 km, travel time = 49.34 min, and route reward = 210.0.

When applying our proposed A*-based neural network approach to the 21-node
instance without obstacles, our algorithm achieved a solution with a total reward of 345.0.
The routes generated were as follows: route 1 =[1, 19, 9, 15, 13, 11, 16, 5, 21], with reward =
175.0, and travel time 45.81 min; route 2 =[1, 6, 8, 4, 2,17, 12, 10, 18, 14, 21], with reward =
170.0, and travel time = 48.33 min.
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For the more complex 31-node instance without obstacles, our algorithm achieved a
total reward of 503.0. The routes generated by our algorithm are: route 1 =[1, 3, 25, 14, 23,
13,29,11, 18,9, 15, 12, 31], with reward = 238.0, and travel time = 49.93 min; route 2 = [1, 17,
7,28,30,19,21, 24, 31], with reward = 150.0, and travel time = 43.60 min; and route 3 = [1,
10, 8,4, 6, 2, 26,22, 31], with reward = 115.0, and travel time = 45.47 min.

5.2. Solving the TOP with Obstacles and Environmental Factors

In this section, we extend our analysis to evaluate the robustness of our approach
under more realistic operational conditions. We examine how environmental factors such
as obstacles, wind conditions, and payload weight affect route optimization in Scenario 1
(the one with 21 nodes).

We first analyze the effect of obstacles on route planning. Figure 11 illustrates the
optimal routes generated by our algorithm for Scenario 1 with obstacles, UAV speed of
1.1 km/min, payload of 1.0 kg, and wind speed of 0.2 km/min at 0° direction (easterly
wind). The presence of obstacles (represented by black rectangles) significantly impacts
the routes, forcing UAVs to take detours that increase travel times and distances. Our
algorithm successfully generated feasible routes that avoid all obstacles while maximizing
reward collection.

OBD: 21 Nodes, 2 drones, TMax:50.0 OBS: 21 Nodes, 2 drones, TMax = 50.0
Reward SOL:285.0 Reward Sim SOL: 149.8 Reward SOL:285.0 Reward Sim SOL: 213.6
Alpha: 0.0 Alpha: 0.0
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Figure 11. Route optimization under obstacle constraints.

Our best solution (OBD) for this variant with obstacles is as follows: route 1 =[1, 11,
19,9, 15, 13, 21], with reward = 145.0, and travel time = 49.54 min; and route 2 = [1, 8, 4, 2,
12, 10, 5, 21], with reward = 140.0, and travel time = 49.82 min. The total reward was 285.0.

To investigate the impact of wind conditions on route optimization, we conducted
experiments with constant drone speed (1.1 km/min), payload (1.0 kg), and wind speed
(0.2 km/min) while varying the wind direction. This analysis reveals how our algorithm
adapts routes based on prevailing wind conditions. As can be seen in Figure 12, with a
northerly wind our algorithm generated more conservative routes: route 1 = [1, 19, 11,
13, 21], with reward 90.0, and travel time 48.88 min; and route 2 = [1, 8, 16, 5, 21], with
reward = 50.0, and travel time 49.55 min. The total deterministic reward decreased to 140.0.

Several key observations emerge from this analysis: (i) wind direction substantially
impacts achievable rewards due to the specific geographic distribution of nodes; (ii) the
neural network demonstrates remarkable adaptability across different wind directions;
and (iii) the algorithm maintains consistent computational performance across all wind
directions, with average computation times ranging from 64.15 to 64.63 s per iteration.
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Figure 12. Route optimization under northerly wind conditions.

We also examined the impact of travel time stochasticity on solution reliability. Using
a constant variance level parameter A = 0.3, we conducted multiple simulation runs to eval-
uate how solutions optimized for deterministic conditions performed under uncertainty.
This moderate level of variability typically resulted in simulation-based reward estimates
(OBS) that were approximately 10-15% lower than their deterministic counterparts (OBD),
highlighting the importance of accounting for uncertainty during the optimization process.
The consistent gap between deterministic and stochastic solution quality demonstrates
the value of our simheuristic approach, which explicitly accounts for uncertainty when
evaluating and selecting solutions. Without this consideration, planners might overestimate
the achievable rewards in real-world deployments, leading to suboptimal resource alloca-
tion and mission planning. The combined effect of obstacles, payload weight, and wind
conditions creates a complex optimization scenario that traditional exact solvers would not
be able to address efficiently. Our neural network-based approach demonstrates robust
performance across these varying conditions, providing solutions that balance reward
maximization with route feasibility and reliability.

6. Discussion and Conclusions

In this study, we developed a method for calculating the travel time of a UAV along
a path defined by two nodes, considering the complexity of factors such as UAV speed,
payload, wind conditions, and geometric aspects of the path. By treating this calculation as
a ‘black box” we have addressed the nonlinearity and interdependencies of these factors,
which would otherwise make explicit modeling challenging.

To enhance computational efficiency and accuracy, we introduced a neural network
model capable of estimating the time required to traverse individual path segments. This
modular approach allows for real-time estimation across various trajectories, even in
dynamic and complex environments. The network was trained using simulated data and
validated with real-world conditions, demonstrating the system’s ability to learn complex
patterns and generalize across new scenarios. The iterative training process further refined
the model’s predictions, reducing discrepancies between estimated and real travel times.

Our model’s ability to account for travel time uncertainty through stochastic modeling
represents a significant advancement in practical UAV route planning. By classifying edges
based on destination node characteristics and employing lognormal distributions with a
moderate variability level (A = 0.3) to model travel time uncertainty, we have created a
framework that balances computational efficiency with realistic representation of operational
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uncertainties. The simulation results show that solutions optimized without considering
uncertainty can significantly underperform when deployed in real-world conditions.

This study fills an important gap in the literature on the team orienteering problem in
environments with physical obstacles and dynamic environmental factors, conditions that
are rarely considered in traditional TOP research. By combining A* path-finding with neu-
ral network-based travel time prediction, our approach introduces a flexible, data-driven
framework capable of handling complex routing scenarios in realistic UAV applications.
The proposed methodology also has relevant implications for Robotic Engineering, par-
ticularly in the design of autonomous navigation and control systems. By integrating
classical path planning (A*) with data-driven travel time prediction through neural net-
works, the approach supports more informed and adaptive navigation in dynamic and
constrained environments. This hybrid model enables robots or UAVs to make route deci-
sions based not only on geometry but also on external conditions such as wind or payload
effects, which are often critical in real-world deployment.

Still, the proposed methodology has several practical limitations. Combining the A*
algorithm with neural network predictions increases both memory usage and computa-
tional demands. The memory required by the A* algorithm can become excessive in large
or detailed grid environments, while performance on a 30 x 30 km grid with moderate
obstacles was acceptable, scaling to larger or denser environments would require further
memory optimizations. Additionally, training the neural network demands significant
processing power, especially in early iterations. Another limitation is the dependency
of prediction accuracy on the volume and variety of training data. In the initial stages,
with limited data, the model’s travel time estimates can be inaccurate, leading to less
optimal routing.

Future work will focus on enhancing the model’s adaptability and accuracy by incor-
porating real-time data integration, such as live environmental factors, weather, and traffic
conditions. This would improve the system’s ability to make dynamic adjustments during
operation. Additionally, expanding the framework to accommodate multi-UAV collabora-
tion could optimize route efficiency across several UAVs, considering communication and
coordination constraints. This would allow the system to scale and handle more complex
operational scenarios.
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