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Abstract -
This study introduces a novel prioritized coverage path

planning method that combines the efficiency of Large Lan-
guage Models (LLMs) with traditional optimization tech-
niques to enhance the identification and traversal of key
points of interest (POIs) on semantic maps of complex en-
vironments. By leveraging LLMs, the proposed approach
dynamically identifies POIs, addressing inaccuracies and
inefficiencies associated with manual selection. The LLM-
A* algorithm is then utilized to compute the shortest paths
between POIs, significantly reducing operational and stor-
age parameters and thereby minimizing computational over-
head. Finally, the traversal problem is formulated as a Trav-
eling Salesman Problem for optimal route planning. This
method demonstrates substantial improvements in computa-
tional efficiency, particularly benefiting resource-constrained
robotic systems, and offers a scalable solution for efficient
path planning in complex environments.
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1 Introduction
The use of autonomous robots and drones [1] in task-

specific environments has gained significant attention due
to their ability to optimize operations, reduce human er-
ror, and improve safety [2]. In outdoor construction sites,
indoor warehouses, and other complex environments, ef-
ficient path planning for robotic systems is essential to
achieve task goals effectively. In robot navigation, cov-
erage path planning (CPP) focuses on ensuring complete
area coverage [3]. However, these uniform approaches
fail to account for the heterogeneous complexity of real-
world environments, leading to redundant scans in simple
regions and insufficient focus on critical areas.

To address these challenges, prioritized CPP has
emerged as a promising solution for selectively covering
critical points of interest (POIs) while minimizing resource
consumption [3]. However, identifying these POIs is a
challenging and error-prone process, often reliant on man-
ual input or predefined heuristics, which limits scalabil-

ity and introduces inaccuracies. Moreover, computational
constraints in resource-limited devices, such as drones or
small mobile robots, require more efficient algorithms for
coverage path planning.

This study introduces a novel prioritized CPP method
that leverages Large Language Models (LLMs) for identi-
fying POIs on semantic maps, combined with the LLM-A*
[4] algorithm for optimizing paths between these points.
By utilizing the rich contextual information embedded in
semantic maps [5], our approach enables more accurate
and dynamic identification of key regions of interest, ad-
dressing inefficiencies and errors associated with manual
selection. LLMs analyze the semantic structure of the en-
vironment, allowing the system to prioritize areas based on
task-specific relevance. The LLM-A* algorithm further
enhances efficiency by reducing operational and storage
requirements, making it particularly suitable for resource-
constrained robots. After connecting the identified POIs
through LLM-A*, the problem is modeled as a Travel-
ing Salesman Problem (TSP) [6] to determine the optimal
path.

2 Related Work
2.1 Coverage Path Planning

Coverage Path Planning (CPP) is a fundamental prob-
lem in robotics, with applications ranging from environ-
mental monitoring to robotic cleaning and agricultural sur-
veying. Traditional CPP methods aim to ensure complete
area coverage [3]. Although these approaches are straight-
forward and widely used, they often fail to account for
semantic information about the environment, leading to
inefficiencies in resource allocation and redundant cover-
age in simple regions. To address these limitations, non-
uniform CPP strategies have been proposed. For instance,
Kazemdehbashi [7] introduced an adaptive grid-based de-
composition algorithm that optimizes UAV coverage paths
by dynamically adjusting grid size based on environmental
complexity, reducing computation and coverage time. In
addition, Girdhar et al. [8] proposed a curiosity-driven path
planning approach, leveraging information-theoretic met-
rics to prioritize regions with higher informational value.
Similarly, Sadat et al. [9] introduced a coverage strategy
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utilizing space-filling curves to achieve efficient explo-
ration of regions with varying levels of interest, making it
suitable for tasks requiring adaptive focus on high-priority
areas. Manjanna et al. [10] proposed a reward-driven
selective coverage path planning algorithm using a finite-
horizon Markov Decision Process (MDP), which priori-
tizes high-value regions and generates time- and energy-
efficient trajectories for multi-robot path planning.

While non-uniform CPP strategies demonstrate adapt-
ability and regional prioritization, their reliance on pre-
defined heuristics and manual metrics often limits their
applicability in complex environments. Our approach ad-
dresses these limitations by utilizing LLMs for automated
and dynamic identification of POIs from semantic maps.
Additionally, the integration of the LLM-A* algorithm en-
sures computational efficiency and scalability, making it
well-suited for diverse real-world scenarios.

2.2 Large Language Models in Path Planning

Large Language Models (LLMs), such as GPT [11],
have been employed to generate task-specific goals, inter-
pret natural language instructions, and provide context-
aware decision-making for navigation tasks [12]. The
integration of LLMs into robots has opened new avenues
for enhancing path planning through their ability to pro-
cess and interpret high-level semantic information. Latif
[13] proposed a probabilistic path planning approach using
GPT-3.5-turbo, showcasing its ability to optimize robot
navigation in complex environments. The method out-
performed traditional algorithms like A* and RRT in pro-
cessing time, demonstrating the potential of LLM in terms
of efficiency and cost savings. Meng et al. [4] introduced
LLM-A*, a hybrid algorithm combining the global reason-
ing capabilities of large language models with the precise
pathfinding of A*. The approach significantly reduces
computational operations and memory usage while main-
taining path validity, making it well-suited for large-scale
path planning scenarios.

Furthermore, LLMs have been utilized in coverage path
planning tasks. Kong et al. [14] developed a multi-layer
framework that integrates LLMs into coverage path plan-
ning for mobile robots. Their approach enhances the spa-
tial inference capabilities of LLMs and achieves efficient,
reliable path planning by combining high-level reason-
ing with low-level control, demonstrating the potential for
LLMs in embodied AI tasks. These studies demonstrate
the potential of LLMs to go beyond traditional numeri-
cal optimization methods by incorporating contextual and
semantic understanding into the path planning process.
Despite these advancements, those methods are limited to
path planning tasks between two points or simply covering
path planning tasks without obstacles. Our study builds on
these foundations by leveraging LLMs to identify POIs and

integrating them into a prioritized coverage path planning
framework. This framework can handle complex envi-
ronments and effectively bridge the gap between semantic
understanding and efficient navigation.

3 Methodology

Our proposed methodology integrates semantic infor-
mation extraction, point of interest (POI) identification,
and optimized path planning. First, the environment is rep-
resented as a 2D semantic grid map, combining spatial and
contextual information. Points of Interest (POIs) are then
identified using a Large Language Model (LLM), which
leverages semantic reasoning to prioritize task-relevant re-
gions. The LLM-A* algorithm computes efficient paths
between POIs while maintaining scalability and computa-
tional efficiency. Finally, the problem is formulated as a
Traveling Salesman Problem (TSP), with the optimal route
derived through heuristic and constraint-based optimiza-
tion.

3.1 Semantic Information Grid Map Construction

To enable computational processing and algorithmic
path planning, the first step is to convert the real-world
environment into a 2D semantic information grid map.
This discretization captures the spatial features of the
environment while simplifying the problem for efficient
computation. Data representing the real-world environ-
ment is collected through various sources, such as satellite
imagery, LiDAR scans, or high-resolution drone footage
(Figure 1a). This data provides essential spatial and struc-
tural details, including boundaries, obstacles, and open
areas. Subsequently, data processing is performed to con-
struct the grid map, ensuring that the number and size of
the grids align with the resolution of the original image to
maintain high-fidelity modeling, as shown in Figure 1b.
Each cell in the grid represents a discrete area in the real-
world environment. The processed data is converted into a
grid-based matrix representation. Each cell in the matrix
is assigned a binary value indicating its navigability. For
example, cells representing obstacles are marked as non-
navigable, while open spaces are marked as traversable.
We convert the obstacles to rectangular shapes for compu-
tational efficiency, but they can be represented as complex
geometries. This grid map forms the basis for subsequent
steps, enabling spatial computations and path planning al-
gorithms. In addition, this grid map is accompanied by
semantic information, i.e., natural language descriptions
indicating the location and type of obstacles, which will
be provided to the LLM for reasoning.
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(a) A real environment captured by a drone.

(b) Semantic grid map.

Figure 1. Real Environment and Semantic Grid Map.

3.2 Point of Interest (POI) Identification

The process begins with identifying Points of Interest
(POIs) within the grid map. These POIs represent criti-
cal locations that must be prioritized during path planning
and are determined using the semantic and contextual ca-
pabilities of a Large Language Model (LLM). By employ-
ing prompt engineering [15] to provide the LLM with a
detailed description of the grid map and task-specific ob-
jectives, such as locating operational zones, high-risk ar-
eas, or strategic points, the model processes the input and
leverages its contextual understanding to identify areas of
significance based on task requirements.

The LLM then generates a list of potential POIs, which
are subsequently validated against predefined criteria to
ensure their relevance and alignment with the overall ob-
jectives. For example, POIs may include equipment stor-
age areas, hazard zones, or task-specific targets. Once
validated, the identified POIs are annotated on the 2D grid
map, as illustrated in Figure 1b. This annotated visualiza-
tion serves as a tool to verify the accuracy of the LLM’s
output and provides a clear depiction of the prioritized ar-
eas, laying the foundation for the subsequent path planning
processes.

3.3 Distance Calculation Using LLM-A*

The next step is to compute the shortest paths between
all pairs of POIs using the LLM-A* algorithm. This hy-
brid approach improves computational efficiency and re-
duces memory usage while maintaining path validity. The
LLM-A* algorithm works by integrating LLM-generated
waypoints as intermediate targets to guide the A* search
process.

The POIs and the obstacles in the grid map are first
defined as input states. The LLM-A* algorithm gener-
ates a sequence of waypoints using global insights from
the LLM, providing a coarse roadmap through the envi-
ronment. Waypoints divide the entire environment into
distinct regions for partitioned processing, followed by
path computation using the standard A* algorithm. This
method of regional division significantly optimizes the
computational cost of heuristic path planning algorithms
[16]. Additionally, with the introduction of LLM for way-
point identification, the waypoints gain functional cover-
age capabilities. While the robot’s path length may slightly
increase, it enables the robot to cover more points on the
map that are rich in semantic information.

The algorithm builds a distance matrix by calculating
the shortest paths between all pairs of POIs. Each pair-
wise calculation leverages the LLM-A*’s ability to avoid
unnecessary node expansions, significantly reducing the
number of operations and storage requirements compared
to traditional A*. By incorporating LLM-generated global
insights with the deterministic precision of A*, LLM-A*
enables the efficient and accurate computation of the dis-
tance matrix, laying the groundwork for the subsequent
Traveling Salesman Problem (TSP) optimization. This
hybrid approach addresses the limitations of standalone
A* and LLM-based methods, ensuring both scalability
and robustness in large-scale path planning scenarios.

3.4 Traveling Salesman Problem (TSP) Solution

To determine the optimal path visiting all identified
POIs exactly once and returning to the starting point,
the Traveling Salesman Problem (TSP) is formulated us-
ing the distance matrix from 3.3. Google OR-Tools
is employed to solve the TSP, utilizing a hybrid ap-
proach that balances computational efficiency with solu-
tion quality. The initial solution is generated using the
PATH CHEAPEST ARC heuristic, which iteratively se-
lects the minimum-cost edges to construct a feasible route.
This strategy provides a fast approximation to the TSP.
Further optimization is achieved through constraint-based
refinement, ensuring the path adheres to task-specific re-
quirements, such as visiting all POIs exactly once and
returning to the starting point. This approach lever-
ages heuristic initialization and constraint optimization to
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achieve near-optimal solutions while maintaining compu-
tational efficiency.

4 Expirement

4.1 Experimental Setup

To evaluate the effectiveness and efficiency of the pro-
posed approach, we conducted experiments in simulated
environments with varying levels of complexity, including
one virtual indoor scene and two real outdoor construction
site scenes. The experiments were designed to evaluate the
performance of the LLM-A* algorithm and its integration
into the overall system for solving the TSP.

Real outdoor construction site scenarios were repre-
sented using 2D grid maps generated with different reso-
lutions and varying distributions of obstacles. The maps
ranged from simple layouts with minimal obstacles to
highly complex configurations with dense barriers. POIs
were placed strategically across the maps to simulate real-
world task requirements.

The simulation environment was configured to reflect
realistic constraints, including image resolution, number
of POIs (5 to 15 per map), and obstacle density (low 10%,
medium 30%, and high 50%).

The experiments were implemented in Python, with the
LLM-A* algorithm and TSP solver integrated into the
workflow. The LLM used for global reasoning was GPT-
3.5, accessed via API. For TSP optimization, a genetic
algorithm was employed. The intermediate targets for
LLM A* were determined in LLM and fed to A* Python
code independently.

4.2 Evaluation Metrics

The proposed approach is evaluated using three key
metrics: path length, operations, and storage.

Path Length: This metric measures the total distance
of the computed path. While shorter paths are typically
desirable in many scenarios, for prioritized coverage path
planning (PCPP) tasks, a slightly longer path may be ben-
eficial as it allows for the exploration of more semantically
rich areas, aligning with the task’s objectives.

Operations: The number of computational steps re-
quired to compute the path is recorded. This metric reflects
the algorithm’s efficiency in terms of processing effort and
computational complexity.

Storage: The memory usage during the pathfinding
process is measured to evaluate the algorithm’s scalability
and suitability for resource-constrained systems. Lower
storage requirements indicate better optimization of the
search process.

4.3 Experimental Details

4.3.1 Experiment 1: Complex Outdoor Construction
Site Scenario

The first experiment evaluates the performance of the
proposed approach in a complex outdoor construction site
scenario derived from drone footage. The scene was con-
verted into a high-resolution semantic grid map to simulate
realistic navigation challenges. This real-world scenario
and related grid map are shown in Figure 1. The resolu-
tion of the grid map is 3840×2160 with a high obstacle
density, representing 50% of the grid cells. ChatGPT-4o
served as the agent for generating semantically meaning-
ful POIs and providing heuristic guidance for the LLM-A*
algorithm. Table 1 summarizes the key parameters of this
experimental setup.

Table 1. Details of Experiment 1: Complex Outdoor
Scenario

Parameter Value
Grid Map Resolution 3840 × 2160
Obstacle Density High (50%+)
Obstacle Types Green Fields, Construc-

tion Sites, Equipment,
Building Materials

Task Guidance Avoid the obstacles, en-
sure coverage of most ar-
eas

LLM Agent for POIs ChatGPT-4o
LLM Agent for LLM-A* ChatGPT-4o
Number of POIs 14

Figure 2 and Table 2 illustrate the comparative perfor-
mance of A* and LLM-A* in Experiment 1. Figure 2
presents the specific paths taken by each algorithm. The
paths highlight LLM-A*’s focus on semantically rich ex-
ploration over strict distance minimization. Table 2 pro-
vides quantitative insights into the results, demonstrating
that while the total path length for LLM-A* increased by
13.6%, it significantly reduced operations by 41.1% and
storage requirements by 36.9%. Therefore, Figure 2 and
Table 2 highlight LLM-A*’s effective balance between
computational efficiency and semantic exploration, mak-
ing it an appropriate choice for prioritized coverage path
planning tasks in complex environments.

Table 2. Comparison of A* and LLM-A* in Exper-
iment 1

Metric A* LLM-A*
Total Path Length

(TSP)
9270.45 10530.60 ↑ 13.6%

Total Operations 72343616 42636892 ↓ 41.1%
Total Storage 44987486 28383237 ↓ 36.9%
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(a) Path Traversal by A* in Experiment 1.

(b) Path Traversal by LLM-A* in Experiment 1.

Figure 2. Path Planning Comparison in Experiment
1: A* vs LLM-A*.

4.3.2 Experiment 2: Simple Outdoor Construction
Site Scenario

The second experiment evaluates the performance of the
proposed approach in a simple outdoor construction site
scenario derived from drone footage. The scene was trans-
formed into a semantic grid map with a lower resolution
compared to Experiment 1, representing a simpler envi-
ronment for navigation. Points of Interest (POIs) were
generated using ChatGPT-o1, while the LLM-A* algo-
rithm employed ChatGPT-4o for heuristic guidance. The
scenario of experiment 2 and the related grid map with
POIs are in Figure 3.

This experiment involved a grid map with a resolution
of 3024×1890 and a medium obstacle density, represent-
ing 30% of the grid cells. The goal was to evaluate the
algorithm’s performance in less complex scenarios, focus-
ing on efficiency and scalability. Table 3 summarizes the
key parameters of this experimental setup.

Figure 4 and Table 4 illustrate the specific paths and

(a) Simple real environment in Experiment 2.

(b) Semantic grid map with POIs in Experiment 2.

Figure 3. Real Environment and Semantic Grid Map
in Experiment 2.

Table 3. Details of Experiment 2: Simple Outdoor
Scenario

Parameter Value
Grid Map Resolution 3024 × 1890
Obstacle Density Medium (30%)
Obstacle Types Green Fields, Construc-

tion Sites, Equipment,
Building Materials

Task Guidance Avoid obstacles, ensure
coverage of most areas

LLM Agent for POIs ChatGPT-o1
LLM Agent for LLM-A* ChatGPT-4o
Number of POIs 11

performance metrics for A* and LLM-A* in Experiment
2. Figure 4 highlights the distinct paths taken by each
algorithm, showing LLM-A*’s preference for semantically
rich exploration, which resulted in a 23.9% increase in total
path length as detailed in Table 4. At the same time, LLM-
A* demonstrated superior computational efficiency with
a 34.2% reduction in operations and a 34.0% reduction
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in storage requirements. These findings demonstrate that
LLM-A* continues to balance computational efficiency
and semantic exploration even in simpler environments.

(a) Path Traversal by A* in Experiment 2.

(b) Path Traversal by LLM-A* in Experiment 2.

Figure 4. Path Planning Comparison in Experiment
2: A* vs LLM-A*.

Table 4. Comparison of A* and LLM-A* in Exper-
iment 2

Metric A* LLM-A*
Total Path Length 13562.50 16300.53 ↑ 23.9%
Total Operations 60556220 39873931 ↓ 34.2%

Total Storage 39494015 26063827 ↓ 34.0%

4.3.3 Experiment 3: Virtual Indoor Warehouse Sce-
nario

The third experiment evaluates the performance of the
proposed approach in a virtual indoor warehouse scenario.
The scene was designed with a resolution of 3024×1890

and included medium obstacle density (30%). The envi-
ronment featured four types of obstacles: shelves, auto-
mated sorting stations, cold storage areas, and hazardous
areas. To evaluate the comprehension capabilities of
LLMs and expand potential application scenarios, we con-
ducted task guidance tests in this environment focusing not
only on obstacle avoidance and maximizing map coverage
but also on executing specific task instructions tailored to
the setting, such as ensuring detailed exploration around
the cold storage area for proper monitoring. LLMs were
prompted to understand the task and generate additional
Points of Interest (POIs) near the cold storage area. The
virtual scenario of experiment 3 only has a designed grid
map with POIs, which is in Figure 5.

Figure 5. Semantic grid map with POIs in Experi-
ment 3.

ChatGPT-o1 was used to generate semantically relevant
POIs, and ChatGPT-4o provided heuristic guidance for
LLM-A*. Table 5 summarizes the key parameters of this
experimental setup.

Table 5. Details of Experiment 3: Virtual Indoor
Warehouse Scenario

Parameter Value
Grid Map Resolution 3024 × 1890
Obstacle Density Medium (30%)
Obstacle Types Shelves, Sorting Stations,

Cold Storage, Hazardous
Areas

Task Guidance Emphasis on cold storage
LLM Agent for POIs ChatGPT-o1
LLM Agent for LLM-A* ChatGPT-4o
Number of POIs 78

Figure 6 and Table 6 present the comparative perfor-
mance of A* and LLM-A* in Experiment 3, conducted
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within a virtual environment with specific task guidance.
Figure 6 illustrates the distinct paths traversed by each al-
gorithm, showcasing LLM-A*’s approach to semantically
rich exploration, which aligns with the task’s guided ob-
jectives. As shown in Table 6, LLM-A* increased the total
path length (TSP) by 18.7% (from 13208.39 to 15682.17),
reflecting its prioritization of meaningful interaction over
strict path minimization.

At the same time, LLM-A* significantly reduced com-
putational demands, with a 41.8% reduction in total op-
erations and a 30.6% reduction in storage requirements.
These improvements demonstrate the algorithm’s ability
to optimize resources while fulfilling specific guidance
task requirements in a controlled virtual setting. Over-
all, Experiment 3 also highlights LLM-A*’s strength in
balancing computational efficiency with task-specific se-
mantic exploration.

(a) Path Traversal by A* in Experiment 2.

(b) Path Traversal by LLM-A* in Experiment 3.

Figure 6. Path Planning Comparison in Experiment
3: A* vs LLM-A*.

Table 6. Comparison of A* and LLM-A* in Exper-
iment 3

Metric A* LLM-A*
Total Path Length 13208.39 15682.17 ↑ 18.7%
Total Operations 61625226 35904779 ↓ 41.8%

Total Storage 35970025 24992699 ↓ 30.6%

4.3.4 Comparative Analysis

The results provide a comprehensive evaluation of
LLM-A*’s performance in varying environments and task
setups. While LLM-A* consistently yields longer over-
all paths (ranging from 13.6% to 23.9% increases), it
significantly reduces computational operations (by 34.2%
to 41.8%) and lowers storage requirements (by 30.6% to
36.9%) compared to standard A*. These results under-
score the advantage of incorporating semantic guidance
into path planning: the algorithm selectively emphasizes
task-relevant regions (e.g., general guidance for avoiding
obstacles in outdoor settings and specific guidance for
monitoring cold storage in warehouses), effectively ac-
cessing large segments of the search space.

Furthermore, the slight increase in total path length
should not be considered a negative outcome. This in-
crease is akin to an exploration phase, effectively ex-
panding the overall coverage area of the map and ful-
filling the requirements of PCPP tasks for semantically
rich regions. Therefore, this additional path length en-
hances the algorithm’s capability to cover complex en-
vironments. In terms of efficiency, LLM-A* consistently
demonstrated significant reductions in both computational
operations and storage requirements. These results high-
light its strong adaptability and scalability, particularly in
resource-constrained systems.

Moreover, the performance of LLM-A* remains consis-
tent across all experiments, demonstrating robustness in
various levels of environmental complexity. Notably, the
performance slightly improved in Experiment 1, which in-
volved complex environments, and in Experiment 3, which
featured medium-density environments with specific task
guidance. This suggests that the algorithm is not only
adaptable to different environments but also excels when
faced with customized task requirements.

5 Conclusion
This paper presented a novel Prioritized Coverage

Path Planning (PCPP) approach—referred to as LLM-
PCPP—that integrates large language models with con-
ventional path planning techniques. By leveraging LLMs
to identify context-rich Points of Interest (POIs) and em-
ploying LLM-A* to compute efficient paths between these
points, the proposed method significantly reduces com-
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putational overhead and memory usage. The experimen-
tal results across three distinct scenarios (complex out-
door, simple outdoor, and virtual indoor) demonstrated
that, while path lengths increased moderately (13.6%
to 23.9%), LLM-PCPP consistently reduced the num-
ber of operations (34.2% to 41.8%) and memory require-
ments (30.6% to 36.9%) compared to standard approaches.
These findings underscore the advantage of incorporating
semantic cues into coverage path planning by LLM.

Future work will focus on exploring collaborative multi-
robot systems and developing complex task-specific guid-
ance, such as determining the farthest points for advanced
robots to explore in unknown environments. These ef-
forts will further validate the robustness and scalability of
LLM-PCPP, positioning it as a promising solution for ad-
vanced coverage applications in resource-constrained and
semantically diverse settings. In addition, the POIs found
by LLM will be validated in the future. This can be done
by consulting with field experts. Finally, benchmarking
with the state-of-the-art CPP methods will be conducted
to evaluate our PCPP method.
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