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Abstract: This paper demonstrates the performance of autonomous rovers utilizing Neu-
roEvolution of Augmenting Topologies (NEAT) in multi-room scenarios and explores their
potential applications in wildfire management and search and rescue missions. Simulations
in three- and four-room scenarios were conducted over 100 to 10,000 generations, compar-
ing standard learning with transfer learning from a pre-trained single-room model. The
task required rovers to visit all rooms before returning to the starting point. Performance
metrics included fitness score, successful room visits, and return rates. The results revealed
significant improvements in rover performance across generations for both scenarios, with
transfer learning providing substantial advantages, particularly in early generations. Trans-
fer learning achieved 32 successful returns after 10,000 generations for the three-room
scenario compared to 34 with standard learning. In the four-room scenario, transfer learn-
ing achieved 32 successful returns. Heatmap analyses highlighted efficient navigation
strategies, particularly around starting points and target zones. This study highlights
NEAT’s adaptability to complex navigation problems, showcasing the utility of transfer
learning. Additionally, it proposes the integration of NEAT with UAV systems and collab-
orative robotic frameworks for fire suppression, fuel characterization, and dynamic fire
boundary detection, further strengthening its role in real-world emergency management.

Keywords: autonomous navigation; NEAT (NeuroEvolution of Augmenting Topologies);
transfer learning; multi-room environments; rover simulation; artificial neural networks;
evolutionary algorithms; firefighting robotics; path planning; reinforcement learning;
wildfire management; UAV collaboration; fuel characterization; fire boundary detection

1. Introduction

Autonomous navigation is a field of study that focuses on developing systems capable
of navigating and maneuvering without human intervention. These systems rely on various
technologies, including sensors, computer vision, and decision-making algorithms, to
perceive their environment, plan paths, and execute movements. Autonomous navigation
has applications in robotics, self-driving vehicles, unmanned aerial vehicles (UAVs), and
other domains where autonomous operation is desirable [1]. One of the critical challenges in
autonomous navigation is the ability to perceive and interpret the surrounding environment
accurately. This often involves data fusion from multiple sensors, such as cameras, lidars,
and radars, to comprehensively understand the environment [2]. Additionally, robust path
planning and decision-making algorithms are required to determine the optimal route
while avoiding obstacles and adhering to navigation rules [3]. There are many sectors
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where implementing autonomous navigation systems would be highly beneficial. One
critical field where these systems could have a significant impact is firefighting.

Autonomous navigation systems can provide critical assistance to firefighters in haz-
ardous environments. These systems, equipped with sensors like thermal cameras and gas
detectors, can create real-time maps of structures and identify potential hazards [4]. Path
planning algorithms allow the systems to determine optimal routes through smoke and
debris while avoiding obstacles [5]. Some systems utilize robust unmanned ground vehicles
(UGVs) that can autonomously navigate inside buildings and relay video/data to incident
commanders outside [6]. Aerial drones with autonomous navigation capabilities can also
provide situational awareness from above [7]. By reducing risks to firefighters and enhanc-
ing situational awareness, autonomous navigation technology has the potential to save
lives during fire events such as wildfires and residential, chemical, and industrial cases.

Machine learning and deep learning offer significant potential for addressing critical
challenges in wildfire management, including fire suppression, fuel load characterization,
and risk assessment [8,9]. Among the adaptive algorithms, NeuroEvolution of Augmenting
Topologies (NEAT) is a prominent method for evolving neural networks to handle dynamic
and complex tasks [10]. NEAT’s ability to optimize performance in decision making
based on real-time environmental data makes it a compelling tool for advancing wildfire
science. For example, NEAT can be utilized to develop predictive models for fire spread,
optimize resource allocation strategies, and generate detailed risk maps to support proactive
evacuation planning. Additionally, implementing NEAT-enhanced autonomous systems,
such as rovers, is crucial for hazardous terrains, enabling real-time monitoring and post-
fire recovery analysis. The work presented in this paper explores NEAT’s capabilities
in simulating environment management and highlights its applications in multi-room
navigation tasks as an emulation of real-world scenarios.

In the past, similar research has been conducted in different parts of the country.
One notable project was the deployment of teleoperated and autonomous robots during
the Fukushima Daiichi nuclear disaster in 2011. Researchers from several organizations,
including Chiba University, Tohoku University, and the University of Tokyo, sent in ground
robots like Quince and PackBot to survey the damage and radiation levels inside the reactor
buildings. These robots used autonomous navigation capabilities to map the interiors and
identify hazards while being operated remotely by human controllers [4]. University of
California San Diego researchers developed autonomous navigation algorithms for fire
incidents. Their Wildfire Integrated Sensor Firebase Exploratory Robots (WISERs) could
navigate through smoke and rubble to provide real-time 3D mapping and situational
awareness. Field tests showed that ground robots could effectively explore structures after
fires [11]. Researchers from Ceské Budé&jovice and Czech Technical University developed
autonomous aerial and ground robots for urban search and rescue scenarios like fires. Their
unmanned aerial vehicles (UAVs) used vision-based navigation to identify survivors and
guide the deployment of ground rescue robots [12]. Hence, using autonomous systems to
assist firefighters has always been a significant vision to achieve.

The autonomous exploration of unknown environments poses numerous challenges
researchers are actively addressing. A common issue is regional legacy, where exploration
methods leave smaller, unexplored areas that reduce overall efficiency in later stages [13].
Additionally, achieving an optimal balance between exploration paths and efficiency is
difficult due to the lack of a precise global optimization function that accounts for future
planning, often leading to suboptimal navigation [13]. Environmental complexity further
complicates exploration, as unstructured terrains present diverse shapes, fuzzy boundaries,
and ambiguous semantic categories [14]. Limited sensory coverage in unmanned ground
vehicles (UGVs) exacerbates inefficiency, resulting in frequent stop-and-go movements
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and backtracking [15]. Non-holonomic constraints of wheeled vehicles introduce specific
path limitations, making applying many existing exploration methods directly challenging.
Moreover, updating target points during exploration is critical, as previously chosen fron-
tiers can become suboptimal, requiring dynamic adjustments [15]. In scenarios like disaster
zones or military operations, the inability to pre-collect data hinders the effectiveness of
map-building systems [14]. Signal vulnerabilities, such as obstructions in forests or canyons,
also impair positioning accuracy, while rapidly changing natural terrains necessitate fre-
quent map updates to maintain reliability [14]. These challenges highlight the complexity
of autonomous exploration and underscore the need for advanced algorithms and robust
strategies to enhance performance in such environments.

Gaussian Process Regression (GPR) and Bayesian Optimization (BO) are techniques
extensively studied for enhancing autonomous exploration. GPR provides a probabilis-
tic framework for modeling unknown environments using observed data, making it a
valuable tool for predicting spatial features and estimating uncertainties in unexplored
regions [16,17]. Its incremental nature supports efficient online map building, and its
ability to model complex, non-linear relationships enables its application to diverse ter-
rains [18]. GPR has been utilized in exploration to model local perception, evaluate global
exploitation quality, identify navigable free space, and construct metric-topological maps;
it facilitates the quantification of uncertainties, which is essential for strategic exploration
decision-making [18].

BO, often used with GPR, leverages the uncertainty estimates provided by GPR to
optimize the exploration process. It guides the selection of sampling points, balancing
the trade-off between exploring uncertain areas and focusing on promising regions [17].
BO outperforms traditional frontier-based methods by maximizing mutual information
gain, maintaining safety through uncertainty-aware decision making, and enabling adap-
tive strategies that evolve. When integrated, GPR and BO enable active exploration by
targeting high-uncertainty regions, iteratively refining exploration models, and embed-
ding these capabilities into model predictive control (MPC) frameworks to balance explo-
ration with safety and efficiency objectives [17]. Unlike GPR and BO, which primarily
focus on uncertainty quantification and sampling optimization, reinforcement learning
excels in scenarios where exploration strategies must evolve continuously in response to
environmental feedback.

The primary objective of this research is to evaluate the performance of the developed
Al'model and autonomous rover in multi-room environments, precisely scenarios involving
three or four rooms. The aim is to observe and analyze how the rovers navigate and explore
these environments. The key performance metrics to be investigated include the order
in which the rooms are visited, the time taken to discover the first room, the subsequent
rooms, and the eventual return to the initial starting position. A fundamental goal is to
assess the capability of the rovers to systematically traverse all available rooms within the
environment and ultimately return to their original deployment location. This research
focus is motivated by the potential real-world application of deploying autonomous rovers
in enclosed spaces, such as apartments or buildings, where the rovers would be expected
to explore the entire area and return to their initial position, enabling data collection and
potential reusability.

Investigating multi-room scenarios is crucial as it emulates practical situations where
autonomous systems must navigate complex, segmented environments effectively. This
research study aims to validate the robustness, efficiency, and reliability of the developed
Al model and rover system in addressing real-world exploration and mapping tasks by
evaluating the order of room visitation, time-to-discovery metrics, and the ability to return
to the starting point. The successful demonstration of these capabilities would pave the way
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for deploying such autonomous systems in various applications, including surveillance,
inspection, search and rescue operations, and environmental monitoring within enclosed
structures [19].

2. Materials and Methods

The simulation of this research was performed on a 2D map created using Pygame. The
programming language, tools, and libraries used for this research are Python 3.10.9, Pygame
2.5.1, pandas 1.5.3, neat-Python 0.92, sckit-learn 1.2.1, tensorboard 2.14.1, matplotlib 3.6.3,
and gym 0.26.2. Pygame is a cross-platform set of Python modules designed for writing
video games. It includes computer graphics and sound libraries, allowing developers
to create fully featured games and multimedia programs. Pygame capabilities enable
the simulation to visualize the rover’s path, manage real-time interactions, and provide
a platform for testing and improving Al algorithms for efficient and safe navigation in
firefighting operations. The simulation map we have created is 1500 pixels in width and
800 pixels in height. The grid size of 150 x 150 is used to divide the map into a grid,
where each cell represents an area of 150 x 150 pixels. This grid structure helps the rovers
track the exploration and visitation of different zones within the simulation. The map is
created according to our needs and saved as a PNG file, which will later be imported for
the simulation process. On the map, we have various colors/regions. Figures 1 and 2
depict the simulated map for the rover navigation. The white areas represent obstacles
the rovers must maneuver around, the black regions denote navigable spaces or rooms,
and the green zones indicate target areas the rovers must cover as part of their navigation
task. The transitions between black regions represent entry points connecting the different
rooms. These components collectively define the environment’s challenges and objectives
for the rovers. We used the rover image as an agent that will move throughout the
environment to learn things, for which we used the NEAT (NeuroEvolution of Augmenting
Topologies) algorithm.

Figure 1. Map with three-room scenarios with obstacles.

NEAT is an evolutionary algorithm that generates artificial neural networks (ANNSs).
It evolves both the topology and weights of the networks, allowing them to grow more
complex over generations by adding new nodes and connections. NEAT is particularly
effective for tasks where the optimal network structure is not known in advance and
can vary in complexity. The NEAT algorithm is particularly well suited for our research
because of its distinctive method of evolving neural networks. Firefighting environments
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are unpredictable and dangerous. NEAT’s capability to evolve and adapt neural networks
in response to these environments ensures that autonomous systems or decision-support
tools developed using this approach can adjust to changing conditions, such as sudden
fire outbreaks or structural collapses. This adaptability enhances their effectiveness in real-
world firefighting operations. The algorithm’s evolving nature fine-tunes decision-making
processes, making the Al-driven tools and autonomous systems used by firefighters more
efficient and accurate over time, potentially saving lives and resources [20].

Figure 2. Map with the four-room scenarios with obstacles.

Figure 3 shows a basic understanding of how NEAT works. It starts with basic and
simple neural networks, which gradually interact with the environment and evolve into
complex or advanced neural networks. The arrow in the figure represents the input signal
or data flowing into the neural networks. In contrast, the shades of blue represent the nodes
or neurons in the neural network. The complexity of the network evolves as more iterations
of the simulation occur, providing robustness in its capacity to navigate the design goals.
NEAT creates a diverse population of neural networks, each with distinct architectures
and parameter sets. It then “evolves” these networks over successive generations through
processes like mutation and crossover, selecting the most successful networks to advance
to the next generation [21].
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Figure 3. Evolution of how NEAT functions through simulation generations [15].

In the NeuroEvolution of Augmenting Topologies (NEAT) algorithm, the crossover
process plays a critical role in evolving neural networks by combining the genetic material
of two-parent networks to produce an offspring network [22]. As illustrated in Figure 4, the
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gene structures of the parent networks are aligned based on their innovation numbers, with
matching genes being inherited from either parent and non-matching genes categorized
as disjoint or excess. The offspring inherits these genes following specific rules: matching
genes can come from either parent, disjoint and excess genes are inherited from the more
fit parent or randomly if parents have equal fitness, and disabled genes remain disabled
if they are in either parent [23]. This process ensures genetic diversity and enables the
evolution of complex neural network structures over successive generations, promoting
innovation and adaptation within the population [10]. There are a few problems with using
NeuroEvolution; one is the competing conventions problem.

Parentl Parent2
3 4 5 s 1 9 10
3=4 | 25| 54| 15| | 14 3-=5| 1->6

1 2
1->4| 2—=>4
ISAB

disjoint
1| 2 |3 5 s
Parentl| 1—4| 2—=4 | 3—4 | 2—5 | 54 1onE
DIS
Parent2| ! |2 3|4 5 6 7 9 10
arentel oyl a—4 | 34| 2->5 | 54 | 56| 64 35| 16
fpis: DISAB|
disjointdisjoin excessexcess
o - 1 2 3 4 6 7 8 9 10
Offspring | _, et ] 34| 25 56 | 64 |[E=S] 35| 16

Figure 4. Crossover in NeuroEvolution of Augmenting Topologies (NEAT) [20].

Figure 5 illustrates the competing conventions problem in NeuroEvolution, specifically
during the crossover of neural networks with different topologies. Two neural networks are
shown here with the nodes A, B, and C. Both networks have the same connection, but the
only difference is the ordering of hidden nodes. The network on the left has the order of A,
B, and C, while the network on the right has the order of C, B, and A. The arrow in different
nodes represents the input signals to the network. Genes representing the same function
might be misaligned during crossover due to different node ordering. While the network is
crossed over, the resulting offspring have incorrect connections. In such scenarios, NEAT
solves this by using historical marking to track the origin of each gene, ensuring the proper
alignment and avoiding the competing conventions problem [24].
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Figure 5. Competing conventions problem [20].

On top of this, we also implement the concept of reinforcement learning, particularly in
how the neural networks are evaluated and evolved using NEAT. It incorporates reinforce-
ment learning principles by rewarding certain behaviors and using those rewards to guide
the evolution process. Some reinforcement learning aspects that we have implemented at
present are as follows:

e  Fitness Rewards: We implement fitness scores for each rover based on performance.
For instance, rovers receive rewards for visiting new green zones, reaching the starting
point after visiting zones, and avoiding obstacles. These fitness scores guide the NEAT
algorithm in selecting and evolving the neural networks.

e  Exploration and Exploitation: Through the evolutionary process, rovers explore differ-
ent strategies to maximize their fitness. The best-performing strategies (exploitation)
are carried forward and mutated to explore new strategies (exploration).

e Learning from Experience: While not traditional RL, the neural networks evolve
based on their performance over multiple generations. This can be seen as a form
of learning from experience, as networks that perform well are more likely to be
preserved and optimized.

In our simulation, we utilized a population of 50 rover agents to explore the envi-
ronment and learn the specified objectives. The NEAT configuration file was set to use
a feedforward neural network, as this architecture outperformed the recurrent neural
network in our previous research. The config file contains all the parameters, such as popu-
lation, hidden networks, mutate rate, bias rate, etc., which can be tweaked according to
project needs [25]. All parameters were kept consistent with those used in the feedforward
network configuration. The parameters used in the NEAT algorithm were chosen based
on preliminary experiments and prior research to balance exploration and exploitation
effectively. The parameter selection process involved a series of iterative experiments to
identify configurations that maximize fitness scores and task completion rates. We explored
methods such as the following:

e  GridSearch: evaluated multiple combinations of mutation and crossover rates.

e Adaptive parameter tuning: Adjusted parameters dynamically based on perfor-
mance in earlier generations. Future work could leverage advanced optimization
techniques, such as Bayesian Optimization or Genetic Algorithms, to further refine
parameter selection.
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Key parameters include the following:

e Population size: Set to 50, ensuring sufficient genetic diversity while maintaining
computational efficiency. A larger population size could enhance exploration but
would increase computational costs.

e  Fitness criterion: Set to max. Using max ensures that the highest-performing individual
in each generation drives the evolution process.

e Activation function: Set to Tanh. The Tanh function was chosen for its abil-
ity to handle both positive and negative inputs, making it suitable for complex
decision-making tasks.

e  Connection mutation parameter: Set to 0.5. These rates prevent the networks from be-
coming overly complex or too simplistic, maintaining adaptability across generations

e Node mutation parameter: Set to 0.2. Lower probabilities for adding and deleting
nodes compared to connections help stabilize the network structure while allowing
incremental complexity growth. These parameters ensure that the networks evolve
complexity gradually, avoiding premature overfitting or convergence.

e  Elitism: Set to 3. Preserving the top three networks from each generation ensures that
the best-performing solutions are retained for further refinement.

Besides these parameters, we used different mathematical formulas in our project for
various purposes, such as the following:

e  To calculate the distance between two points like the distance moved by the rover over
time to detect if the rover is stuck, the distance between the car’s current position and
its previous positions to detect revisitation or distance from the rover to its starting
point when checking if the rover has returned after visiting green zones, we used

distance = \/(x2 —x1)%+ (2 —p)? 1)

e To extend the radar beam from the rover’s center to the given direction and check for
obstacles, we used

x = car_center_x + cos(angle) * length (2)

y = car_center_y + sin(angle) * length 3)

e  To rotate the rover and point around the center when the rover changes its direction,
we used

rotated, = cos(angle)  original, — sin(angle) * original _y 4)

rotated, = sin(angle) * original, + cos(angle)  original _y )

The simulation monitors various aspects of rover performance, such as distance
traveled, time spent, collisions, green zone entries, time to visit any green zone, the order
of green zone visitation, and the return of the rover to the starting point. These data are
collected during the simulation’s update phase and stored for later analysis. Performance
metrics, including rewards and penalties, are used to assess the fitness of each rover agent.
The fitness function considers penalties for proximity to walls, revisiting the same areas,
and rewards for entering new grids or reaching green zones. The value of rewards and
penalties varies from accomplishment. If the rover visits the green zone for the first time,
it will receive a reward of +10, if it returns to the starting point after visiting green zones,
it will receive a reward of +100, for visiting each grid, it will be rewarded +1, for striking
in the wall rovers, it will receive a penalty of —2, for revisiting the same location multiple
times within the short period, it will receive rover penalty of —50, and if rovers do not
move a sufficient distance over a certain number of time steps, they are penalized by being
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deactivated. The rewards and penalties in this NEAT-based rover simulation are designed
to promote exploration, efficient navigation, and goal achievement (visiting green zones
and returning to the starting point) [26]. Rewards encourage behaviors that align with these
goals, while penalties discourage inefficient or undesirable behaviors, such as collisions,
the revisitation of the same location, and becoming stuck.

Additionally, the simulation generates a heatmap to visualize the frequency of rover
positions, which can be crucial for strategic planning and analysis in real-life scenarios [27].
Utilizing augmented reality interfaces enables operators to visualize robot trajectories
and operational zones in real-time, facilitating the identification of critical areas and the
assessment of operational strategies overlayed with heatmaps, thereby supporting informed
decision-making in future deployments [28]. The heatmap is created by tracking the rover’s
position over time, reducing the resolution of heatmap points, and applying a Gaussian
blur for smoother visualization. The final heatmap is then blended with the original map
image to highlight areas with higher rover concentrations [29].

Along with the heatmap, the simulation outputs three text files and three image
files. Each text file records the rover’s data during the simulation. The car_data.txt file
records minute details of each rover, such as green zone visited time, order, which green
zone was visited at which generation and at which time, etc. Another text file named
fitness_statistics.txt records the highest and average fitness of each generation. The final
text file, generation_reward.txt, records how many rovers have traveled to all the green
zones on the map and how many of those rovers went to the starting position after visiting
all green zones.

Compared to our previous work, we made several key changes and improvements
in the techniques which will be beneficial for real-life implementation. Some of the key
differences in their impact on real-life implementation are as follows:

1.  Grid-based exploration
We implemented a grid-based system for exploring the environment, replacing the
dynamic clustering from the last time. This change encourages more thorough explo-
ration. In firefighting scenarios, this could lead to more comprehensive searches of
buildings or areas, ensuring no spots are missed.

2. Improved collision detection
We implemented a more sophisticated collision detection system, including checks
for the front and back of the car. This could translate to better obstacle avoid-
ance in complex environments, crucial for navigating debris-filled areas during
firefighting operations.

3. Stuck detection
It now includes a mechanism to detect if a rover is stuck and deactivate it if necessary.
This could prevent rovers from wasting time in unproductive areas, allowing for more
efficient resource allocation in time-critical situations.

4. Enhanced green zone (target area) interaction
It tracks unique green zone visits and implements a more complex reward system
for visiting these areas. This could be analogous to identifying and thoroughly
investigating potential fire hotspots or areas of concern in a firefighting scenario.

5. Return-to-start behavior
It includes logic for rovers to return to their starting point after completing objectives.
This could be crucial for firefighting rovers to return to a safe zone or recharging
station after completing their tasks.

6.  More detailed performance tracking
The new script tracks various performance metrics, including the number of rovers
that visit all zones and return successfully. This detailed tracking could provide valu-
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able insights into improving rover strategies and identifying areas for improvement
in real-world applications.

7. Adaptive exploration
The new script implements a system to detect when exploration has stagnated and
potentially adjust strategies. This could allow firefighting rovers to adapt their search
patterns based on the effectiveness of the current plan, potentially leading to more
efficient operations.

8.  Improved data logging and analysis
It has comprehensive data logging and visualization capabilities. This could give
firefighters and operators better insights into rover performance and environmental
conditions, aiding decision making and strategy refinement.

9.  Modular reward system
It now has a more flexible reward system that can be easily modified to encourage dif-
ferent behaviors. This modularity could allow for quick adjustments to rover behavior
based on specific firefighting scenarios or changing priorities during an operation.

We ran the simulation multiple times with varying numbers of generations. The
simulation started with 100 generations and was later increased to 500, 1000, 5000, and
10,000 generations. Simulations were conducted for both three-room and four-room sce-
narios. Output files for each simulation were saved in TXT and JPEG formats to facilitate
data analysis.

Additionally, we performed a transfer learning process to evaluate its impact on the
results. This involved using pre-trained population information from a previous one-room
scenario, trained for 200 generations. The goal was to determine whether rovers with prior
knowledge of objectives perform better. Our initial research observed that rovers began
learning vaguely after 200 generations, making this a suitable baseline for transfer learning.

3. Results

We used the Learning, Exploration, Analysis, and Processing (LEAP2) next-generation
cluster for the simulation process at Texas State University. We started with three-room
simulations and then four-room simulations. After completing these standard simulations,
we carried out the simulation again for the three-room and four-room simulations, but this
time, we used transfer learning to see the results. In the end, we compared the result of the
standard simulations with the transfer learning simulations to see whether it was better to
obtain vague knowledge about the room.

3.1. Standard Simulations

In this simulation approach, we explore a scenario involving three rooms and four
distinct situations. We focus on a model where the rover begins each simulation as a blank
slate devoid of prior knowledge or experience. At the outset of every run, the rover must
understand its environment, objectives, or methods to achieve its goals. It must interact
with its surroundings in real time to discover its purpose and learn how to accomplish its
tasks. This approach allows us to observe how the rover adapts and develops strategies
from scratch in each new situation across the various rooms and scenarios, providing
insights into its learning process without the benefit of prior experience.

3.1.1. Three-Room Simulation Results

1.  Simulation for 100 Generations

Figure 6 shows progression in fitness scores throughout 100 generations. The av-
erage fitness improved significantly, reaching approximately 2693.88 by Generation 100,
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compared to much lower values in the earlier generations. The maximum fitness saw
considerable fluctuations, with peaks reaching as high as 38,803 around Generation 60.

Generation vs. Fitness

40000 A
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35000

30000 A

25000 1

20000 1
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15000 -
10000 A

5000
PR oY on _;Wmm
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Figure 6. MaxAvg fitness plot for 100 generations.

The heatmap in Figure 7 indicates a high concentration of rover activity around the
starting area, suggesting a focus or difficulty in navigating further. The statistics reveal that
very few rovers return to the starting point after visiting all zones.

Figure 7. Heatmap for 100 generations.

2. Simulation for 500 Generations

The simulation results of the 500 generations in Figure 8 demonstrate a steady im-
provement in average and maximum fitness scores over time. The maximum fitness also
significantly increases, with a peak value of 37,695 in Generation 67. The simulation re-
sults significantly improve average and maximum fitness scores over 500 generations.
The highest recorded average fitness was approximately 8644 in Generation 450, while
the maximum fitness achieved was around 37,695 in Generation 67. The fitness scores

depict a general upward trend, indicating progressive learning and optimization by the
NEAT algorithm.
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Generation vs. Fitness
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Figure 8. MaxAvg fitness plot for 500 generations.

The heatmap from Figure 9 indicates a strong focus of activity near the starting area,
suggesting that the rovers have difficulty moving away from the start or frequently return
to it. However, as generations progress, more rovers successfully visit all three green zones
and return to the starting point, with the highest number of successful completions in a
single generation being fifteen rovers in Generation 280.

Figure 9. Heatmap for 500 generations.

3.  Simulation for 1000 Generations

The fitness plot results of the 1000-generation simulation, as in Figure 10, indicate a
clear trend in improvement in both average and maximum fitness over time. The average
fitness increased steadily, reaching a peak of approximately 9086.44 in Generation 968. The
maximum fitness also showed significant variability, with the highest value recorded at
around 38,394 in Generation 7.
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Generation vs. Fitness
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Figure 10. MaxAvg fitness plot for 1000 generations.

The heatmap from Figure 11 suggests that the rovers tend to concentrate their activity
around the starting area, which might indicate challenges in navigating away from the
start or a strategic focus on returning to this region. Throughout the generations, more
rovers completed visiting all three green zones and returning to the starting point, with the
highest number of successful completions being eighteen rovers in Generation 946.

Figure 11. Heatmap for 1000 Generations.

4.  Simulation for 5000 Generations

The simulation results indicate that throughout 5000 generations, the average fitness
of the evolving population shows an overall increasing trend, though with significant
fluctuations—the average fitness peaks at approximately 12,653.59 in some generations.
Figure 12 shows that the maximum fitness consistently stays between 20,000 and 40,000,
with a peak of 39,678, indicating that specific individuals perform significantly better than
the average.
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Figure 12. MaxAvg fitness plot for 5000 generations.

In terms of behavior, the population shows progress in navigating the environment
and achieving objectives. By the later stages, multiple rovers consistently visited all three
green zones and successfully returned, with a peak performance where up to 20 rovers
completed this task in Generation 1764. From Figure 13, we can conclude that a significant
number of rovers achieve their objectives while many other rovers partially complete their
task of finding the green zones.

Figure 13. Heatmap for 5000 generations.

5.  Simulation for 10,000 Generations

The 10,000-generation simulation experiment significantly improved average and
maximum fitness scores over 10,000 generations. Figure 14 shows that the peak average
fitness reached approximately 14,256.36 in the later generations, while the maximum fitness
score reaches as high as 37,685 during the experiment. The highest number of rovers that
completed the task and returned to the starting position was 34.
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Figure 14. MaxAvg fitness plot for 10,000 generations.

The heatmap from Figure 15 reveals the highest activity concentration near the starting
zone, indicating frequent car returns. The green zones show significant but less intense
activity, suggesting successful car navigation. Overall, the rovers effectively reached critical
areas on the map, highlighting the success of the neural network training.

Figure 15. Heatmap for 10,000 generations.

3.1.2. Four-Room Simulations

1. Simulation for 100 Generations

Figure 16 simulation data results across 100 generations show a clear trend in fitness
evolution over time. The maximum fitness peaked early in the simulations, with a value of
34,600 in Generation 50, indicating that the fittest individual in the population achieved a
high level of optimization by this point. However, the average fitness of 9681.82 increased
gradually, with fluctuations reflecting the population’s ongoing adaptation and selection
processes. In the rover data, specific green zones were visited at different times across
generations, with the first complete visit to all zones occurring around Generation 52.
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Figure 16. MaxAvg fitness plot for 100 generations.

The heatmap from Figure 17 of agent activity reveals that the most intense activity
occurs near the starting position and along frequently traveled paths to the green zones,
suggesting that while the agents effectively learn optimal paths, there remains potential for
improving exploration in less-traveled areas.

Figure 17. Heatmap for 100 generations.

2. Simulation for 500 Generations

The simulation result for the 500th generation in Figure 18 shows that the maximum
fitness achieved is 35,563. The average fitness improves consistently over the generations,
peaking at around 13,069.14 by the 500th generation. This trend is also reflected in the
number of rovers successfully navigating through all four zones, which increases from 0 in
the initial generations to a maximum of 13 in the 375th generation.
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Figure 18. MaxAvg fitness plot for 500 generations.

As the evolutionary process progresses, the Figure 19 heatmap becomes more focused,
with increased intensity around the optimal paths and target zones. This demonstrates that
the rovers are learning to optimize their routes effectively.

Figure 19. Heatmap for 500 generations.

3.  Simulation for 1000 Generations

The fitness plot from Figure 20 of the 1000-generation simulation experiment shows
significant fluctuations and improvements in average and maximum fitness scores over
1000 generations. The peak average fitness reaches approximately 15,804.82 in the later
generations, while the maximum fitness score reaches as high as 35,844 during the exper-
iment. The first generation’s average fitness is notably low at —1944.88, which indicates
the unknown objectives at the beginning of the simulation. The fitness values gradu-
ally increase throughout the simulation, which suggests that the rover is learning from
the environment.
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Figure 20. MaxAvg fitness plot for 1000 generations.

The Figure 21 heatmap data reveals concentrated activity near the starting point with
some dispersion towards the green zones, indicating varying success in task completion. In
some later generations, up to sixteen rovers complete all tasks.

Figure 21. Heatmap for 1000 generations.

4.  Simulation for 5000 Generations

Figure 22 shows the fitness plot of the 5000-generation simulation, which reveals
significant fluctuations in average and maximum fitness levels, with a general trend in
improvement over time. The average fitness fluctuates considerably, with peaks reaching
approximately 15,214.27 and some points dipping below zero. Despite these fluctuations,
the overall trend shows a gradual increase in fitness as the generations progress. The maxi-
mum fitness demonstrates similar variability, with peaks reaching around 35,894, indicating
that specific individuals within the population can achieve high-performance levels.
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Figure 22. MaxAvg fitness plot for 5000 generations.

The heatmap analysis in Figure 23 highlights a concentration of activity in the top-left
corner of the map, suggesting that this area might be a critical point for the cars, possibly
serving as a starting location or a frequently visited area. The reward metrics show an
increasing number of rovers successfully navigating through all four zones and returning
to the starting point, with up to 23 rovers completing the task in some generations.

Figure 23. Heatmap for 5000 generations.

5.  Simulation for 10,000 Generations

The 10,000-generation simulation experiment significantly improved average and
maximum fitness scores over 10,000 generations. From the fitness plot, Figure 24 shows
that the peak average fitness reaches approximately 18,315.3 in the later generations, while
the maximum fitness score reaches as high as 37,605 during the experiment. The first
generation’s average fitness is notably low at —2036.12. The highest number of rovers that
complete the task and return to the starting position amounts to 25.
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Figure 24. MaxAvg fitness plot for 10,000 generations.

The Figure 25 heatmap shows that the highest concentration of rover activity is near
the starting zone, indicating successful return attempts by multiple cars. The green zones
also show significant activity, reflecting successful navigation by the rovers to these zones.
This pattern suggests that the evolved neural networks effectively guide the rovers toward
the intended objectives on the map.

Figure 25. Heatmap for 10,000 generations.

3.2. Transfer Learning Simulations

We initiate a simulation that builds upon our previous work, focusing on three rooms
and four scenarios, but with a critical difference: the implementation of transfer learning.
Transfer learning involves applying knowledge from one task to a new, related task. In
this case, our rover begins with pre-existing knowledge about its objectives and methods
to achieve them. The foundation for this simulation is a pre-trained model developed
in a single-room scenario over 200 generations. This pre-population of knowledge is the
starting point for our current, more complex simulation [30].

By integrating comprehensive global and local obstacle data as transfer learning, the
proposed path planning algorithm enables mobile robots to adapt their navigation strategies
effectively, ensuring efficient and reliable performance in complex environments [31].
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3.2.1. Three-Room Simulations
1. Simulation for 100 Generations

The transfer learning results show a progressive improvement in average and maxi-
mum fitness across generations, with notable peaks indicating successful adaptation by
the models. In Figure 26, the average fitness fluctuated around 2000 but saw a significant
upward trend after Generation 60, peaking at 4695.94 in Generation 74. The maximum
fitness also demonstrated variability, reaching its highest value of 30,360 in Generation 86.

Generation vs. Fitness
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Figure 26. MaxAvg fitness plot for 100 generations.

The heatmap analysis in Figure 27 reveals a concentration of rover activity near the
starting point and the first green zone, indicating that while the rovers frequently reach
the initial zone, fewer successfully navigate to other zones, highlighting potential areas
for further optimization. Over time, the number of rovers visiting all three green zones
increases, with Generation 100 showing twelve rovers achieving this milestone and four

returning to the starting point.

Figure 27. Heatmap for 100 generations.

2. Simulation for 500 Generations

The transfer learning experiment demonstrated a clear upward trend in average and
maximum fitness across 500 generations, indicating significant learning and adaptation
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over time. Figure 28 shows that the average fitness values, which start around 2000,
gradually increase, peaking at approximately 10,756.16 by the final generation. This steady
improvement suggests that the models become increasingly proficient at navigating the
environment and completing the assigned tasks. The maximum fitness scores also grow
substantially, reaching 33,915 in some generations.
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Figure 28. MaxAvg fitness plot for 500 generations.

The heatmap analysis further reveals that the models are highly active near the start-
ing point, successfully navigating towards green zones, albeit with some variations in
consistency. From Figure 29, we can observe that throughout the experiment, the number
of rovers visiting and returning from all green zones progressively increases, with the
highest performance observed in the later generations, where up to 22 rovers complete the

task successfully.

Figure 29. Heatmap for 500 generations.

3.  Simulation for 1000 Generations

The simulation results indicate a progressive improvement in the rovers’ performance
throughout 1000 generations. From the fitness plot in Figure 30, we can conclude that the
maximum fitness score reaches 34,192 in the final generation, with the average fitness score
at 13,369.02.
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Figure 30. MaxAvg fitness plot for 1000 generations.

The visual heatmaps and fitness graphs reflect these improvements, highlighting areas
of the map frequently visited by the rovers and illustrating the gradual enhancement in
their navigation strategies. From Figure 31, we can see that in the heatmap throughout the
simulation, there is a notable increase in rovers successfully visiting and returning from all
three green zones.

Figure 31. Heatmap for 1000 generations.

4.  Simulation for 5000 Generations

The simulation for rover navigation over 5000 generations demonstrates notable
improvements in average and maximum fitness. From Figure 32, we can observe that
the average fitness values initially fluctuate widely. Still, as the generations progress, the
fitness values begin to stabilize and increase, with the average fitness reaching around that
in later generations. Similarly, the maximum fitness shows a steady upward trend, with
values around 35,337. The number of rovers successfully visiting all three green zones and
returning increases over time, with some generations achieving up to 32 successful returns.
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Figure 32. MaxAvg fitness plot for 5000 generations.

The heatmap analysis in Figure 33 highlights critical areas on the map where rovers
frequently move, indicating zones of concentrated activity. These results demonstrate
the efficacy of NEAT in evolving more competent networks over time, leading to better
performance in the rover navigation task.

Figure 33. Heatmap for 5000 generations.

5. Simulation for 10,000 Generations

Figure 34’s fitness plot shows the simulation results over 10,000 generations, demon-
strating a significant evolution in rover performance. The average fitness of the rovers
increases from around 2000 in the initial generations to peaks of approximately 14,000 by
generation 2000, with a peak average fitness of 14,586.32. The maximum fitness shows
consistent high performance, fluctuating between 25,000 and 35,000 throughout the simula-
tion, with occasional peaks reaching as high as 37,503. The number of rovers completing
the task of visiting all green zones and returning increases steadily, indicating an effective
learning process.
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Figure 34. MaxAvg fitness plot for 10,000 generations.

The heatmap visualization in Figure 35 shows high activity concentration near the
starting point, indicating that the rovers frequently navigate this area. Additionally, the
heatmap reveals clear paths leading to the green zones, reflecting the cars’ repeated suc-
cessful attempts to reach these target areas throughout the simulation.

Figure 35. Heatmap for 10,000 generations.

3.2.2. Four-Room Simulations

1.  Simulation for 100 Generations

The transfer learning experiment’s result indicates significant improvements in fitness
metrics and task completion over generations. From Figure 36, we can see that initially,
average fitness shows considerable fluctuations but demonstrates a clear upward trend,
particularly after Generation 40, peaking at 14,360.26 in Generation 70. Maximum fitness
also displays variability, with notable peaks, reaching as high as 34,742 in Generation 94.
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Figure 36. MaxAvg fitness plot for 100 generations.

The heatmap analysis in Figure 37 suggests a concentration of rover activity near the

starting point, with successful navigation toward the green zones becoming more consistent

over time. The data show that the number of rovers visiting all four green zones increases

progressively, with eighteen rovers achieving this milestone in Generation 93, up from

just one in early generations. Additionally, many rovers return to the starting point after

visiting all zones, indicating improved pathfinding and task completion abilities.

Figure 37. Heatmap for 100 generations.

2. Simulation for 500 Generations

The simulation here shows average and maximum fitness variability across the

500 generations. Figure 38 shows that the average fitness initially increases, peaking

around Generation 140 at approximately 13,669.54 before experiencing fluctuations with a

general decline towards the end. The maximum fitness displays peaks of up to 36,255 in

the later generations.
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Figure 38. MaxAvg fitness plot for 500 generations.

Figure 39 is a heatmap whose analysis suggests that rover activity is concentrated
near the starting point and the first green zone, with some dispersion towards other zones,
indicating a learning process but with room for improvement in overall navigation. There
is a gradual increase in the number of rovers visiting and returning from all four green
zones. By the later generations, the number of rovers completing the task increases, with a
notable performance in Generations 409 and 424, where up to sixteen rovers return after
visiting all four zones.

Figure 39. Heatmap for 500 generations.

3.  Simulation for 1000 Generations

Figure 40 is a fitness plot of the simulation showing that the rovers’ average fitness
peaks at approximately 15,834.02 around Generations 300-400, although there are signifi-
cant fluctuations throughout the 1000 generations. The maximum fitness remains relatively
stable, peaking at 36,255, with an early upward trend that plateaus around Generation 300.
The number of rovers completing all green zones is highest around Generations 100-200.
Still, this performance declines in later generations, which might be caused by frequent
rovers going round and round in the same area.
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Figure 40. MaxAvg fitness plot for 1000 generations.

The heatmap analysis in Figure 41 reveals high activity concentration near the starting
point, indicating that while the rovers explore the environment, they often struggle to
consistently reach all areas, mirroring the mixed results in fitness and green zone completion
in the latter part of the simulation.

Figure 41. Heatmap for 1000 generations.

4.  Simulation for 5000 Generations

The fitness plot from Figure 42 shows that the rovers’ average fitness tends to fluctuate
significantly over generations. Despite the fluctuations, there is a noticeable trend where
the average fitness stabilizes in the latter half of the generations, though it still exhibits
considerable variability. The maximum fitness also fluctuates but appears to achieve higher
peaks more consistently, often reaching values of 36,848.



Fire 2025, 8, 41 29 of 37

Generation vs. Fitness

—&— Max Fitness
35000 4 —®— Average Fitness

30000 - ‘ ) S : e hth oL ‘-
" ‘ ' |! :Ill ;
25000

20000 1

Fitness

15000 A

o ||‘| ’*fj"'ii!i:"!iii,'g!!i}:;

X [}

10000 -

5000 . : TOR o
. . .

0 1000 2000 3000 4000 5000
Generation

Figure 42. MaxAvg fitness plot for 5000 generations.
Figure 43’s heatmap of the environment shows concentrated areas of activity, par-

ticularly near the starting zone and around the green zones, indicating that the rovers
successfully navigate and interact with these critical areas of the map.

Figure 43. Heatmap for 5000 generation.

5.  Simulation for 10,000 Generations

The simulation results indicate a steady progression in the fitness of the rovers across
generations. The fitness plot in Figure 44 indicates that the maximum fitness reaches
approximately 35,000 by the 10,000th generation, while the average fitness varies between
4000 and 10,000 across the generations. The data show that rovers increasingly visit and
return after visiting all four zones, with notable peaks in successful attempts, as seen,
for example, with 32 rovers. The heatmap analysis highlights that the regions near the
zones and corridors show high activity, indicating frequent vehicle visits, which correlates
with the higher fitness values observed in the later generations. This suggests that the
evolved strategies effectively guide the rovers through the challenging map, improving
their performance over time.
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Figure 44. MaxAvg fitness plot for 10,000 generations.

The heatmap in Figure 45 reveals intense activity near the starting point and along
the routes leading to the green zones, indicating that the rovers frequently navigate these
areas. The bright spots suggest that the rovers spend significant time in these critical areas,
optimizing their paths to complete their objectives.

Figure 45. Heatmap for 10,000 generations.

3.3. Summary of Results

Table 1 summarizes the simulation results of rovers evolving over 100, 500, 1000, 5000,
and 10,000 generations in a three-room scenario with standard simulation. The data show
that as generations progress, the number of rovers successfully visiting all three zones
and returning to the starting point significantly increases, from three in Generation 100
to 34 in Generation 10,000. While the highest fitness scores fluctuate slightly, the average
maximum fitness improves steadily, indicating that the best-performing rovers become
more consistent in their tasks.
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Table 1. Standard simulation results in three-room scenarios.

Number of Number of Rovers

Max Avg . Inside Returned
Fitness Rovers Inside All After Visiting All

3 Zones (Highest) 3 Zones (Highest)

Generation MaxFitness

100 38,803 2693.88 5 3
500 37,695 8644 18 15
1000 38,394 9086.44 20 18
5000 39,678 12,653.59 27 26
10,000 37,685 14,426.36 36 34

Table 2 summarizes the results of rovers evolving in a four-room scenario over 100,
500, 1000, 5000, and 10,000 generations using NEAT. As in the three-room scenario, the
number of rovers successfully visiting all three zones and returning to the starting point
increases with more generations, from eight in Generation 100 to 25 in Generation 10,000.
The highest fitness scores gradually improve, and the average maximum fitness shows
significant growth, indicating that the rovers become more adept at completing their tasks
over time.

Table 2. Standard simulation results in four-room scenarios.

Number of Number of Rovers

Max Avg . Inside Returned
Fitness Rovers Inside All After Visiting All

3 Zones (Highest) 3 Zones (Highest)

Generation MaxFitness

100 34,600 9681.82 10 8
500 35,563 13,069.14 14 13
1000 35,844 15,804.82 18 16
5000 35,894 15,214.27 26 23
10,000 37,605 18,315.3 28 25

When comparing the four-room results to the three-room scenario, the four-room setup
demonstrates a slower increase in performance metrics. This suggests that the additional
complexity in the four-room environment challenges the rovers, leading to a more gradual
improvement in their navigational abilities.

Table 3 shows the results of applying transfer learning in a three-room scenario over
100, 500, 1000, 5000, and 10,000 generations. The transfer learning approach shows marked
improvement compared to the standard three-room scenario in Table 1. For instance, in the
early generations (100 and 500), the number of rovers successfully visiting all three zones
and returning after visiting them is significantly higher with transfer learning.

Table 3. Transfer learning results in the three-room scenario.

Number of Rovers

. . Max Avg Number (.)f Inside Returned
Generation MaxFitness . Rovers Inside e ege
Fitness All 3 Zon After Visiting
one All 3 Zones
100 30,360 4695.94 12 4
500 33,915 10,756.16 23 22
1000 34,192 13,369.02 24 18
5000 35,337 14,231.12 34 32

10,000 37,503 14,586.32 33 32
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As generations progress, the benefits of transfer learning become more evident, with
consistently higher values for both the number of rovers completing the task and the
average fitness scores. This suggests that transfer learning enhances the rovers’ ability to
quickly adapt and perform complex tasks in the environment, resulting in more efficient
learning and better overall performance than the standard approach.

Table 4 presents the results of applying transfer learning in a four-room scenario over
100, 500, 1000, 5000, and 10,000 generations. Compared to the standard four-room scenario,
transfer learning shows clear advantages in improving rover performance.

Table 4. Transfer learning results in the four-room scenario.

Number of Number of Rovers

Generation MaxFitness Mfix Avg Rovers Inside Inside R.et.u%'ned
Fitness All 3 Zone After Visiting
All 3 Zones
100 34,742 14,360.26 20 18
500 36,255 13,669.54 18 16
1000 36,255 15,834.02 25 23
5000 36,848 16,209.23 28 24
10,000 36,404 18,706.46 33 32

In the early generations, such as 100 and 500, the number of rovers successfully
visiting all four zones and returning after visiting them is significantly higher with transfer
learning. For example, in Generation 100, eighteen rovers returned after visiting all zones
compared to just eight in the standard scenario. This trend continues across the generations,
with transfer learning consistently achieving higher or comparable maximum fitness and
average fitness scores.

By Generation 10,000, the number of rovers returning after visiting all three zones
reaches 32 with transfer learning, compared to 25 in the standard scenario. The increase in
the maximum average fitness and the number of successful rover completions highlights the
effectiveness of transfer learning in enhancing the rovers’ ability to navigate and complete
tasks in a more complex environment.

4. Discussion

The results of our study demonstrate the effectiveness of using NEAT for evolving
autonomous navigation strategies in multi-room environments. The significant improve-
ments in fitness scores and task completion rates across generations in three- and four-room
scenarios highlight the algorithm’s ability to adapt and optimize rover behavior over time.

The NEAT algorithm, combined with transfer learning, plays a critical role in ad-
dressing the challenges of autonomous navigation in dynamic, multi-room environments.
Traditional rule-based systems struggle to adapt to unpredictable and complex scenarios
where the environment and objectives change dynamically. In contrast, the NEAT algorithm
evolves neural network architectures and weights, enabling the system to learn adaptive
navigation strategies tailored to the environment. Transfer learning further enhances
this adaptability by leveraging pre-trained models to reduce training time and improve
performance in new environments.

The comparison between standard and transfer learning can be made more com-
prehensive by analyzing their learning processes, performance metrics, and contextual
advantages. Standard learning starts from scratch, requiring significant time and compu-
tational resources for optimal performance. In contrast, leveraging pre-trained models,
transfer learning demonstrates faster initial adaptation and higher efficiency, especially
in early generations. The results show that transfer learning consistently achieves higher
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fitness scores and more successful task completions in scenarios with environmental sim-
ilarities to the pre-trained model, as highlighted by heatmap analyses indicating more
focused and efficient navigation patterns. However, standard learning avoids the potential
biases of pre-trained models in novel or highly distinct environments, allowing better
generalization. In more complex setups, such as four-room scenarios, transfer learning
remains efficient but may exhibit diminishing returns, suggesting the need for refinement
or hybrid approaches. This discussion highlights that transfer learning excels in familiar
environments and early adaptation. Standard learning is better suited to highly diverse or
novel contexts, providing a clear understanding of when each method should be applied.

The performance difference between three- and four-room scenarios indicates that
environmental complexity plays a crucial role in learning. The slower improvement rate in
the four-room scenario underscores the challenges posed by increased spatial complexity
and the need for more sophisticated navigation strategies. Heatmap analyses provide
valuable insights into rover behavior, showing concentrated activity near starting points
and green zones. This pattern suggests that the evolved strategies effectively prioritize
critical areas of the environment, balancing exploration with task completion. Fitness
score fluctuations arise from mutations” stochastic nature and NEAT crossover. These
fluctuations indicate the exploration of diverse strategies essential for avoiding premature
convergence. However, excessive variability may suggest suboptimal parameter settings,
warranting further tuning. These variations might indicate the presence of local optima
in the solution space or the need to fine-tune the NEAT parameters to achieve a more
stable performance.

Although our simulation results are promising for both NEAT and transfer learning
as approaches for developing autonomous navigation strategies to deal with complex
multi-room environments, we realize that no simulation can capture all the complexi-
ties of the real world. Sensor noise, actuator imperfections, environmental variations,
and unmodeled obstacles can easily make a well-working robot perform poorly in the
physical world. The following steps are crucial for transferring simulation results to
real-world scenarios:

e  Sensor Integration: to replicate the environmental perception simulated in the study,
real-world robots must be equipped with robust sensors (e.g., LIDAR, cameras,
and IMUgs).

e  Algorithm Adaptation: the NEAT algorithm must handle real-time processing and
adjust to physical constraints, such as battery life and motor precision.

e  Physical Validation: Testing the algorithm on physical robots in controlled environ-
ments, followed by deployment in operational scenarios, will ensure its reliability and
robustness. This transition is essential for validating the applicability of our findings
to tasks such as firefighting and search and rescue missions.

The simulation results are estimated to be valid for approximately 60-70% of real-
world scenarios because of their controlled nature. However, simulations may fail to
capture all the dynamic and stochastic elements in natural environments. Therefore,
the further testing of the proposed algorithms for effectiveness and robustness requires
implementation on physical robotic platforms.

Integrating NEAT with unmanned aerial vehicle (UAV) systems offers transformative
potential for wildfire mapping and management by enabling UAVs to navigate and adapt
to dynamic fire conditions autonomously. NEAT’s ability to evolve neural networks
empowers UAVs to optimize flight paths in real time, avoiding hazards such as smoke and
intense heat zones while ensuring maximum area coverage. This adaptability enhances
wildfire map accuracy through continuous and reliable data collection, even in challenging
environments. Equipped with NEAT-evolved decision-making algorithms, UAVs can
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rapidly analyze extensive areas to characterize fuel loads with high precision, using data
from thermal imaging, LiDAR, and multispectral sensors. This enables UAVs to identify
high-risk regions, supporting targeted mitigation strategies and providing actionable
insights for wildfire prevention.

NEAT-enabled UAV swarms can be deployed collaboratively in wildfire scenarios
for effective management. These UAVs can monitor fire boundaries, providing real-time
updates to command centers. At the same time, NEAT’s adaptive algorithms determine op-
timal areas for retardant deployment based on current fire behavior and environmental con-
ditions. Furthermore, NEAT-guided UAVs can navigate complex terrains, autonomously
adjust flight parameters, and locate individuals in distress, even in regions with limited
visibility or accessibility. This combination of adaptability, precision, and collaborative
capabilities positions NEAT-integrated UAV systems as critical tools for wildfire response
and mitigation.

The NEAT algorithm, while innovative, faces several challenges, including increasing
computational demands as neural networks evolve, the risk of premature convergence
to local optima requiring careful parameter tuning, difficulties in managing sensor noise
and dynamic environments that simulations cannot fully replicate, and scalability limita-
tions, as its effectiveness in more significant, more complex scenarios remains an area for
further study.

In future work, we plan to implement our evolved neural networks on real robots
with appropriate sensors and actuators. This includes adapting algorithms for real-time
processing, hardware limitations, and safety in unstructured environments. Physical robot
testing will provide valuable insights into the algorithms’ practical applicability and help
identify further adjustments necessary for performance improvement. By conducting
physical experiments, we aim to bridge the gap between simulation and real-world appli-
cation, enhancing the reliability of autonomous navigation systems for critical tasks such
as firefighting and search and rescue missions [32].

5. Conclusions

This study demonstrates the potential of NEAT and transfer learning in developing
autonomous navigation systems for complex, multi-room environments. The significant
improvements in rover performance across generations, particularly with transfer learn-
ing, suggest that these approaches could be valuable in real-world applications such as
firefighting and search and rescue operations.

The superior performance of transfer learning, especially in early generations, high-
lights its potential to accelerate the development of effective navigation strategies in new
environments. This could be particularly beneficial in time-critical applications where rapid
adaptation is crucial.

Integrating NEAT can revolutionize critical aspects of fire management, addressing
key challenges with advanced predictive modeling, precise fuel load characterization,
and highly detailed risk assessments. By enabling autonomous rovers to operate safely
and efficiently in hazardous terrains, NEAT facilitates real-time monitoring and analytics,
enhancing situational awareness and optimizing resource allocation during wildfire events.
Future efforts will focus on validating these applications in realistic wildfire scenarios,
bridging the gap between simulation and practical deployment to ensure robust and
effective fire management solutions.

While the simulation results are promising, we acknowledge the necessity of validating
our approach with physical robots. Implementing the algorithms on actual robotic systems
will provide a more comprehensive understanding of their capabilities and limitations. This
step is crucial for advancing towards real-world applications where reliability and robust-
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ness are paramount. The rover consideration for the developed autonomous navigation
system is being considered from the work in [33]. Future work should focus on enhancing
the robustness of the evolved strategies, incorporating more realistic environmental factors,
and testing the transferability of learned behaviors to physical robotic systems.

Similarly, integrating NEAT with UAV systems presents transformative opportunities
for advancing wildfire management. This synergy holds promise for enhancing mapping
accuracy, improving fuel load characterization, and enabling collaborative strategies in fire
suppression and search-and-rescue operations. By leveraging the innovative potential of
machine and deep learning techniques in emergency response, NEAT-driven UAV systems
demonstrate significant applicability for addressing the complexities of wildfire scenarios.
Future research will validate these capabilities through field experiments and expand the
scope of NEAT-enabled UAV applications to address a broader range of wildfire contexts
and challenges.

In conclusion, this research study contributes to the ongoing development of au-
tonomous navigation systems, offering insights into using evolutionary algorithms and
transfer learning for complex spatial reasoning tasks. The findings pave the way for
more adaptive and efficient robotic systems capable of navigating challenging environ-
ments, with potential applications across various domains, including emergency response
and exploration.
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