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ABSTRACT Optimizing the coverage path planning (CPP) in robotics has become essential to accomplish

efficient coverage applications. This work presents a novel approach to solve the CPP problem in large

complex environments based on the Travelling Salesman Problem (TSP) and Deep Reinforcement Learning

(DRL) leveraging the grid-based maps. The proposed algorithm applies the cellular decomposition methods

to decompose the environment and generate the coverage path by recursively solving each decomposed cell

formulated as TSP. A solution to TSP is determined by training Recurrent Neural Network (RNN) with

Long Short Term Memory (LSTM) layers using Reinforcement Learning (RL). We validated the proposed

method by systematically benchmarked with other conventional methods in terms of path length, execution

time, and overlapping rate under four different map layouts with various obstacle density. The results depict

that the proposed method outperforms all considered parameters than the conventional schemes. Moreover,

simulation experiments demonstrate that the proposed approach is scalable to the larger grid-maps and

guarantees complete coverage with efficiently generated coverage paths.

INDEX TERMS Coverage Path Planning, Cellular Reconfigurable Decomposition, Deep Reinforcement

Learning, Recurrent Neural Network, Travelling Salesman Problem

I. INTRODUCTION

C
OVERAGE Path Planning (CPP) algorithms have been

applied to several robotics applications in real-world

such as floor-cleaning robots [1], [2], underwater opera-

tions [3], agricultural robots [4], tiling robotics [5]–[7], ship

hull cleaning [8], benchmarking for inspection [9] and pave-

ment sweeping [10], [11] to name a few. CPP describes an

approach designed to determine a path that passes through

all the workspace points while avoiding obstacles. A CPP

algorithm is complete if the robot covers the workplace

such that the union of all the sub-trajectories completely

covers the workplace with finite time. The algorithm is non-

overlapping if the robot does not cover the previously covered

area. The total operational energy and time required for

coverage, computation cost, and completeness determine the

robustness of a CPP algorithm [12]. An efficient and optimal

path generation algorithm needs to satisfy all the mentioned

criteria simultaneously.

Generally, CPP algorithms can be classified as either of-

fline or online [13]. Offline algorithms use fixed information,

and the environment is assumed to be known in advance.

In contrast, online coverage algorithms utilize real-time sen-
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sor measurements and decisions to sweep the entire target

area. Thus, these later algorithms are also called sensor-

based coverage algorithms. In some scenarios, the method

for solving the problem is to use the randomization approach.

This method randomly sweeps the floor for long enough to

cover the area thoroughly. Examples of commercial floor-

cleaning robots based wholly or partially on this approach are

the RC3000 by Karcher, Trilobite by Electrolux, and Roomba

by iRobot [14]. There are advantages to this approach since

no sophisticated sensors for localization nor expensive com-

putational resources are needed. However, relying mostly on

the randomized approach could not be beneficial, as the cost

of operating the vehicle (in terms of energy and time) would

be unaffordable.

The majority of CPP methods use approaches based on

the grid information obtained from the initial map creation

process. Since it is easier to create a grid map, coverage algo-

rithms widely use these grid-based map representations [13].

However, grid maps suffer the exponential growth of memory

usage because the resolution remains constant despite the

environment complexity. As the map size increases, grid-

based CPP methods usually utilize simple cost functions

and demand high computational time leading to inefficient

and costly paths, making them not usable in real-world

scenarios. To efficiently address these limitations, the CPP

methods need to consider the complexity and the size of the

environment to generate scalable coverage paths with lesser

path length and computation time.

In this work, we propose a new CPP method to determine

an efficient and effective coverage path in large and complex

environments by utilizing grid-based map representations.

The main contributions are summarized as follows:

• A Recursive Approach for TSP-based CPP: We develop

a CPP method, which uses a line-sweeping technique

to decompose the grid-based environment into cells and

solves each decomposed cell recursively formulating as

an NP-hard Travelling Salesman Problem (TSP).

• A Deep Reinforcement Learning Approach for TSP:

The proposed algorithm uses deep reinforcement learn-

ing to find the solution of TSP by training a Recurrent

Neural Network (RNN), which consists of Long Short-

Term Memory (LSTM) cells. REINFORCE algorithm,

a policy gradient method for reinforcement learning is

utilized to optimize the proposed neural network pa-

rameters. With the help of the proposed reward function

designed explicitly for TSP in grid-based environments,

this RL approach for TSP yields near-optimal tours with

faster computation time.

• Simulation Studies: We conduct simulation studies to

evaluate the performance of the proposed CPP approach

from different perspectives in comparison with con-

ventional methods. The experimental results in large

complex environments demonstrate the efficiency and

scalability of the proposed approach.

The rest of the article is organized as follows. We discuss

related work in Section II and the proposed recursive TSP-

based CPP algorithm in Section III. Section IV presents the

reinforcement learning approach for finding the solution of

TSP. We then discuss and analyze the RL training details

and compare the algorithm’s performance through extensive

simulation studies in Section V and conclude in Section VI.

II. RELATED WORK

The problem of Coverage Path Planning (CPP) utilizing grid

representation maps has been addressed by several authors in

the literature. This grid representation was initially proposed

by Moravec, and Elfes [15], where the authors mapped

an indoor environment using a sonar sensor mounted on a

mobile robot. Each grid cell in this representation occupies a

value denoting the cell’s availability, stating whether an ob-

stacle is present or free. Since these grid representations only

approximate the shape of the environment and its obstacles,

grid-based methods were classified as approximate cellular

decomposition methods [16]. These methods decompose the

environment into specific grid shapes such as rectangles [17],

triangles [18], or tetromino [19], rhombus [20]. Usually,

each grid’s size is square in shape and set to the same

size as the robot to reduce unexplored areas. Utilizing grid-

based methods for coverage path planning opens numerous

opportunities for research and development in the field of

robot navigation. There are numerous grid-based algorithms

proposed for efficient CPP for mobile robots.

The first offline grid-based method for coverage path

planning, called the Wavefront Algorithm, was proposed by

Zelinsky et al. [21]. The algorithm defines a starting and a

goal cell and uses a distance transform that propagates a

wavefront from the goal to start to assign a specific number to

each grid cell. A coverage path can be obtained by starting on

the start cell and selecting the adjacent cell with the highest

label that is unexplored. Another method by utilizing grid

representation is the Spiral-STC (Spanning Tree Coverage)

algorithm, proposed by [22]. This online approach generates

the systematic spiral path by following a spanning tree of

the partial grid map that the robot incrementally constructs

using its onboard sensors. The authors validate the proposed

method in simulation. Extended Spiral-STC, and selective

path planning, modified A star, have been proposed in several

works [23]–[25]. In other approaches, [26]–[28] proposed

a novel neural network approach for CPP with obstacle

avoidance of cleaning robots in non-stationary environments.

This approach generates the robot path from the dynamic

activity landscape of the neural network and the previous

robot location. The authors claim that the proposed method

is computationally simple, and they validate the approach in

simulation. Nevertheless, most CPP algorithms designed for

the grid representation still have several challenges to find

the least optimal cost path in larger environments considering

both total path length and computation time required.

Bormann et al. [29] proposed the heuristic approach for

solving CPP called Grid-based Local Energy Minimization.

The algorithm determines the potential next unvisited grid
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cell within the current neighborhood by minimizing the en-

ergy function. This approach never visits grid cells twice and

terminates when all grid cells have been covered. Other well-

known grid-based CPP methods are the Grid-based Travel-

ling Salesman Problem (Grid-based TSP) algorithm [30] and

Graph theory-based technique [31]. The planner decomposes

the map into grid cells, and the solution to CPP is determined

by finding the shortest path that visits all the grid cells as

TSP. The authors approximated the travel distances between

grid cells using A*. Since TSPs are NP-hard optimization

problems, finding an optimal solution considering optimality

and scalability has several limitations when dealing with

larger environments.

III. PROPOSED RECURSIVE TSP-BASED CPP

This section explains the proposed recursive TSP-based ap-

proach for solving CPP. The environment map is decom-

posed by utilizing the cellular decomposition methods, and

the algorithm recursively solves each decomposed cell that

contains gridpoints, formulating as an NP-hard TSP opti-

mization.

A. ENVIRONMENT MAP DECOMPOSITION METHOD

The final goal of resolving area coverage problems is to

cover the free space areas defined in the environment map by

navigating autonomously and following the CPP algorithm’s

predefined path. In this work, we utilize the ideas of approx-

imate cellular decomposition methods and grid-based repre-

sentation maps to achieve complete coverage tasks. First, the

environment map is decomposed into finitely many robot-

sized grids m =
∑

i mi where mi denotes the gridpoint

with index i ∈ R
2. Each mi has attached an associated

binary value, which specifies whether an obstacle is present

or if it is instead free space. Figure 1 illustrates the grid map

decomposition with free and approximated occupied grids

where each grid has the same size as the robot. The CPP

solution can then be determined by finding a globally shortest

path that visits all the gridpoint locations. This becomes TSP,

and solving TSP on all the gridpoints offers a valid solution

to the original CPP problem. However, since TSPs are NP-

hard, this approach is undesirable when dealing with larger

environments consisting of several gridpoint locations.

Thus, we propose to utilize the exact cell decomposition

technique, also known as trapezoidal decomposition [32],

to decompose the grid map, as illustrated in Figure 2. The

grid map’s free space is broken down into simple, non-

overlapping regions called cells by sweeping a line through

space from left to right. The cell boundaries are formed

when the sweep line intersects with obstacle boundaries, as

indicated in Figure 2a. Figure 2b represents the decomposed

cells where each cell contains the corresponding centroid

information and gridpoint locations. Figure 2c indicates the

graph cell structure where a node represents a cell, and an

edge represents the euclidean distance between each node.

Instead of using graph traversal algorithms, we propose to

determine the visit order of the cell graph by utilizing the

Occupied grids

Robot-sized grid

Free grids

Obstacles

FIGURE 1: Decomposition of the environment into free and

occupied robot-sized grids.

TSP approach, i.e., finding a permutation of all the cells to

get the minimum total cost length that visits each cell exactly

once, as indicated in Figure 2d.

B. CPP PROBLEM FORMULATION IN DECOMPOSED

CELLS

We formalize the problem of CPP in the decomposed grid

cells as a standard 2D TSP. Given a list of gridpoints and the

distances between each pair of points, the TSP algorithm has

to determine the shortest possible route that visits each grid-

point exactly once. It is a well-known NP-hard combinational

optimization problem. Compared to Euclidean Distance, also

known as the L2 norm in standard TSP, we use the Manhattan

Distance or L1 norm to find the distance between each

grid point mi, where distance d can be calculated using the

following equation:

d(x, y) =
m
∑

i=1

| xi − yi |, (1)

Then, the total tour length or the solution to TSP can be

defined as given an input state graph s, represented as a

sequence of gridpoint locations in a two-dimensional space

s = {mi}
n
i=1 where each mi = (xi, yi) ∈ R

2, we are

concerned with finding a permutation of the nodes, i.e. a

tour π, that visits each node once and has the minimum total

length. The cost of a tour noted by a permutation π can be

defined as:

L(π|s) =
n−1
∑

i=1

‖mπ(i) −mπ(i+1)‖1, (2)

where ‖.‖1 denotes the L1 norm.

C. OVERVIEW OF THE PROPOSED ALGORITHM

By utilizing the proposed grid cell decomposition, and the

computed cell visit order, the coverage path of the environ-

ment can be obtained by recursively solving each decom-

posed cell. Algorithm 1 describes the proposed recursive
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FIGURE 2: Decomposition of the grid map into cells and determining the cell visit order. (a) Sweeping from left-to-right. (b)

Decomposed cells holding their corresponding centroid and gridpoint locations. (c) Graph cell structure with euclidean metric

edges. (d) TSP approach to finding the minimal cell visit order.

algorithm. The input to the algorithm is the order list of cells

C, in which each cell has the corresponding centroid and

gridpoint locations, empty vector G to store all the solved

gridpoints, and the starting index, which is used as an initial

gridpoint to find the optimal path of each cell. Figure 3

represents the proposed recursive approach. All the points

of the current cell are stored in the gridpoint vector g, and

instead of solving only those points, we add the centroid of

the upcoming cell into the gridpoint vector g as an endpoint

of TSP to make the path more guidance towards the next cell,

thereby reducing sub-optimal paths, as indicated in Figure 3a.

Once the TSP is solved for a particular cell, the next cell’s

centroid is removed from the solution. In Figure 3b and c,

the starting index for the subsequent TSP is determined by

iterating over the next cell and finding the closest point from

the endpoint of the solved TSP gridpoint list. The algorithm

4 VOLUME 4, 2016



This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI

10.1109/ACCESS.2020.3045027, IEEE Access

Phone T. K. et al.: Coverage Path Planning for Decomposition Grid-Maps Using Deep Reinforcement Learning based TSP

Centroid of c
1

Starting Point

(a)

Nearest grid point of next cell 

(b)

Centroid of c
4Starting Point

(c) (d)

FIGURE 3: Recursive TSP-based CPP Steps: (a) centroid of cell-1 is added as an endpoint for TSP of cell-0, (b) starting point

for TSP of cell-1 is determined by finding the closest point from the endpoint of cell-0, (c) solving TSP of cell-1 by appending

centroid of cell-4 as an endpoint, and (d) final resulted coverage path.

then recursively resolves the solution of TSP by following

the visit order of cells and remove the cell from the list once

it is solved. This process continues until all the cells are

solved (or the list is empty), which is the base case for our

recursion. Figure 3d illustrates the resulted coverage path of

the environment.

IV. REINFORCEMENT LEARNING APPROACH FOR

TSP-CPP

In this work, we propose to obtain the coverage path in each

decomposed cell by formulating as 2D Manhattan TSP. The

solution of TSP is determined by training recurrent neural

networks using deep reinforcement learning.
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Algorithm 1: Recursive TSP-based CPP Pseudocode

1 Function RecursiveCPP(C, G, index):

2 if cells list C is empty then

3 return gridpoints G

4 end if

5 else

6 if length of cells list C > 1 then

7 nextCentroid← centroid of next cell ci+1

8 end if

9 else

10 nextCentroid← centroid of initial cell

11 end if

12 g← all gridpoints of current cell ci ∈ C

13 g ← g + nextCentroid

14 endIndex← last index of g

15 solveList←
SolveTSP(g, index, endIndex)

16 remove nextCentroid from the solveList

17 add all the gridpoints from solveList into G

18 lastPoint← last gridpoint of solveList

19 loop through each gridpoint of next cell

ci+1 ∈ C to get the nearest gridpoint index

from lastPoint

20 remove the current cell ci from C

21 return RecursiveCPP(C, G, index)

22 end if

A. RL PROBLEM FORMULATION

We formalize the TSP in the decomposed grid cells as a

standard reinforcement learning setting. Let S be the state

space, where each state st ∈ S is defined as the set of

all previously visited gridpoints, i.e., st = {mπ(i)}
t
i=1 and

A be the action space, where each action at ∈ A is the

next selected grid point, i.e., at = mπ(t+1). Given a set of

visited gridpoints st, we denote the policy as πθ(at | st),
which will return a probability distribution over the next

candidate gridpoints at that have not been chosen. The policy

is represented by a neural network and parameterized by θ,

which are the trainable parameters of the network. In this

work, we define the negative of the tour length described in

Equation 2 as the total expected reward r(π|s), which we

seek to maximize:

r(π|s) = −L(π|s)

= −
n−1
∑

i=1

‖mπ(i) −mπ(i+1)‖1
(3)

B. NEURAL NETWORK ARCHITECTURE

Our neural network architecture, utilizing the actor-critic

architecture is depicted in Figure 4. Following [33], the

proposed neural network architecture uses the chain rule to

factorize the probability of tour π in Equation 2 as:

p(π|s) =
n
∏

i=1

p(π(i) | π(< i), s), (4)

Furthermore, each component on the right side of Equa-

tion 4 is processed sequentially by the softmax modules.

Similar to [33], we employ the pointer network architecture

[34], illustrated in Figure 5, as our actor policy model,

which consists of two RNN modules, encoders and decoders,

each includes LSTM cells [35] to parameterize p(π|s). The

encoder network examines the input states, one gridpoint

location at a time, and converts it into a series of latent

memory states {enci}
n
i=1 where enci ∈ R

d. The input to the

encoder network at timestep i is a d-dimensional embedding

of 2D gridpoints mi, obtained via a linear transformation

of mi, shared across all input steps. The decoder network

also maintains its Latent memory states {deci}
n
i=1 where

deci ∈ R
d and utilizes the pointing mechanism to predict a

distribution over the upcoming gridpoints to yield the optimal

tour length. The pointing mechanism is parameterized by two

learned attention matrices K ∈ R
d×d and Q ∈ R

d×d and an

attention vector v ∈ R
d as:

ui =

{

vT tanh(Kri +Qq), if i 6= π(j) for all j < i

−∞, otherwise

(5)

where q is a query vector from the hidden variable of the

LSTM, and ri is a reference vector containing the informa-

tion of the context of all gridpoints. Then the probability

distribution policy over all the candidate gridpoints is given

by:

p = πθ(ai | si) = softmax(ui) (6)

where we predict the next visited gridpoint ai = mπ(i+1),

by sampling or choosing greedily from the policy as: ai =
argmax(p).

C. OPTIMIZATION WITH REINFORCEMENT LEARNING

Solving NP-hard problems such as TSP and its variations us-

ing supervised learning is challenging since the performance

of the trained model highly depends on the quality of the

supervised labels. Furthermore, getting the training data with

labels is costly and infeasible. On the contrary, RL provides a

proper and simplistic paradigm for training neural networks,

where an RL agent traverses different tours and observes

the corresponding rewards to maximize the expected reward

objective. Hence, in this work, we propose to optimize the

policy of the actor pointer network parameters by utilizing

the REINFORCE algorithm [36], which is a policy gradient

method for RL. The reward function described in Equation 3

is utilized to optimize the parameters θ of the policy pointer

network concerning the training objective, i.e., the expected

tour length given an input state graph s as Equation 7:

J(θ|s) = Eπ∼pθ(.|s)r(π|s), (7)
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FIGURE 4: Proposed actor-critic architecture.
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FIGURE 5: A pointer network architecture introduced by [34].

then we formulate the policy gradient of the objective using

REINFORCE as in Equation 8, which controls stable updates

during the optimization step.
∇θJ(θ|s) = Êπ∼pθ(.|s)

[

Ât∇θ log pθ(π|s)
]

, (8)

VOLUME 4, 2016 7



This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI

10.1109/ACCESS.2020.3045027, IEEE Access

Phone T. K. et al.: Coverage Path Planning for Decomposition Grid-Maps Using Deep Reinforcement Learning based TSP

where Ât = r(π|s) − b(s) is an estimator of the advantage

function at timestep t, where b(s) being the baseline that does

not depend on the policy π and estimates the expected tour

length to reduce the variance of the gradients.

The proposed baseline b(s), which is the estimated tour

length value, is obtained from the same pointer network with-

out the final softmax layer, called a critic and parameterized

by θv , where the value estimate or the baseline is predicted

based on the final state input. The critic network parameters

θv are trained using the stochastic gradient descent on a mean

squared error objective between its predictions b(s) and the

reward tour length r(π|s), which we obtain from the most

recent episode:

J(θv) =
1

B

B
∑

i=1

(b(si)− r(πi|si))
2

(9)

V. RESULTS AND DISCUSSION

A. RL TRAINING DETAILS

For training the proposed network architecture, the Pytorch

framework was used. Mini-batches of size 64 were applied

with 6400 instances for one epoch, and the number of the

epoch was set to be the same as the TSP length, i.e., for each

n TSP, the model was trained for n epoch. All the training

instances were generated randomly on the fly. After training

for each TSP length, the trained model was then used as

the pre-trained weight for the next TSP training. The Adam

optimizer [37] was used for regularising the model with the

initial learning rate of 3× 10−4. During the training, the

model was compared with Lin–Kernighan heuristic (LKH)

[38] as the baseline in each epoch to observe the model per-

formance. The range of pointer value ui is clipped between

[−C,C] with the value of C = 10 similar to [33]. The reward

function described in Equation 3 was used, and the training

was done for TSP20, TSP30, and TSP50. Figure 6 plots the

proposed model’s training log compared to the optimal LKH

solver. The trained model of each TSP length converges fast

to the near-optimal solution and generalizes well in the later

training steps.

The trained model was validated by comparing it with

the optimal LKH solver, and the vehicle routing solver

from Google OR Tools [39]. We utilized the two solution

search strategies from OR Tools; the PATH CHEAPEST

ARC algorithm and the GUIDED LOCAL SEARCH as the

most efficient metaheuristic for TSP optimization, where the

search time limit for each TSP instance was set to 5s, and the

testing was done for TSP20, TSP50, TSP100, and TSP250.

Table 1 describes the average comparison results of each

trained model and the baselines, where 1000 TSP instances

were used for each evaluation tour length. Overall the results

in Table 1 indicate that our proposed trained models could

generalize well to larger TSP instances by merely training on

smaller TSP sizes. Furthermore, as the TSP size increases,

the inference time needed to generate the optimal results for

methods like LKH increases exponentially. In contrast, the

proposed RL solution achieves the lowest inference time with

3 times and 20 times less than the two OR Tools strategies

and 12 times lower than the LKH.

B. SIMULATION STUDIES

This section presents the simulation studies to illustrate the

scalability of the proposed recursive TSP-based CPP ap-

proach using RL. Experiments were conducted on four ran-

dom map layouts of 25m× 25m size displayed in Figure 7.

Robot of dimensions 0.5 meter× 0.5 meter was simulated

and used as the grid size in cell decomposition. In this study,

a Grid-based TSP approach was utilized to benchmark the

performance of the proposed method. Conventional coverage

planning techniques such as zigzag and spiral were also

adopted for the comparison. Note that Google OR Tools

was utilized to find the optimal solution of the Grid TSP

method. All methods were implemented using C++, and the

experiments were conducted on computing nodes with the

following specifications: Intel Core i7-9750H processor and

16GB Memory. Three metrics were used for the performance

evaluation as follows: 1) path length, 2) execution time, and

3) overlapping rate. The path length measures the final tour of

the path generated by the CPP algorithm, where Manhattan

Distance was used as a distance metric to measure the dis-

tance between each gridpoint. The execution time measures

the running time of the CPP algorithm required to obtain

the final coverage path. The overlapping rate measures the

ratio between the revisited gridpoints and the total coverable

gridpoints. In this work, we designed two experiments to val-

idate the results and demonstrate the impact of the previously

mentioned metrics on the proposed approach.

In the first experiment, diverse shapes and a different

number of obstacles were added to the maps to study the

efficiency of the proposed method in complex environments.

Table 2 describes the experiment’s comparison results on four

test map layouts with several percent of obstacle quantity.

Figure 8 illustrates the coverage path results of the proposed

method and benchmark methods on Map-0 layout with 5%

obstacles. Overall, the data in Table 2 indicates that all the

validated techniques have considerably different values in

terms of CPP criteria, including path length, execution time,

and overlap rate and better from the top row to bottom

row. All the performance metrics of each method are pro-

portional to the complexity of obstacles inside the tested

map layouts. Specifically, if the map is more complicated

with a higher percentage of obstacles, the outperform be-

tween the proposed RL-TSP-based method and other tested

methods is more obvious. Although the fastest execution

time is achieved, the simple zigzag and spiral techniques

linking the pair by straight lines and outer-wise order produce

higher cost weights and lead to larger overlapped areas. The

evolutionary Grid-based TSP strategy achieves the second-

best method with lower path lengths and overlapping rate.

However, determining the near-optimal solution utilizing the

TSP strategy has several drawbacks in path execution time

when dealing with larger map layouts consisting of many

gridpoints. This data confirms that the proposed method

8 VOLUME 4, 2016



This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI

10.1109/ACCESS.2020.3045027, IEEE Access

Phone T. K. et al.: Coverage Path Planning for Decomposition Grid-Maps Using Deep Reinforcement Learning based TSP

FIGURE 6: Training log for TSP20, TSP30, TSP50 and their respective baselines.

TABLE 1: Average comparison results of the trained models and the baselines obtained by running on 1000 TSP instances.

Method
TSP 20 TSP 50 TSP 100 TSP 250

Tour Length Time (s) Tour Length Time (s) Tour Length Time (s) Tour Length Time (s)

LKH 4.506 23.04 6.948 244.02 9.757 1284.35 14.877 10703.73
OR-Tools (Cheapest) 4.787 8.08 7.178 153.48 10.005 574.89 15.532 2203.86
OR-Tools (Guided) 4.587 5002.57 7.167 5006.14 9.772 5018.81 15.450 5106.12
TSP@Reinforce20 5.632 36.851 9.063 104.563 12.143 220.928 26.808 654.055
TSP@Reinforce30 5.650 38.947 8.857 100.551 12.367 219.295 22.104 655.677
TSP@Reinforce50 5.990 37.106 8.780 100.514 11.770 219.741 18.958 653.779

TABLE 2: Comparison results of the proposed method and benchmark methods on four different map layouts with different

number of obstacles for the performance evaluation metrics.

Number of Obstacles
(%)

0 5 10

Method

Path
Length

(m)

Overlapping
Rate
(%)

Execution
Time

(s)

Path
Length

(m)

Overlapping
Rate
(%)

Execution
Time

(s)

Path
Length

(m)

Overlapping
Rate
(%)

Execution
Time

(s)

Map-0

ZigZag 1259 8.44 0.174 1254 12.67 0.281 1258 18.91 0.427

Spiral 1294 11.46 0.198 1217 9.34 0.265 1169 10.64 0.572
Grid-TSP 1216 3.75 73.65 1175 5.59 87.54 1135 7.32 100.9
Proposed 1193 1.94 5.284 1158 4.04 9.56 1112 5.16 12.84

Map-1

ZigZag 1232 6.68 0.165 1228 10.83 0.247 1219 14.52 0.391

Spiral 1250 8.24 0.217 1243 12.16 0.362 1231 15.73 0.478
Grid-TSP 1204 4.25 197.4 1176 6.09 173.6 1134 6.54 201.1
Proposed 1185 2.59 6.472 1170 4.62 11.93 1128 5.98 15.29

Map-2

ZigZag 1264 7.09 0.168 1256 10.95 0.353 1231 13.15 0.436

Spiral 1253 6.31 0.272 1287 13.57 0.418 1271 16.84 0.605
Grid-TSP 1219 3.42 125.3 1192 5.16 163.6 1145 5.27 159.5
Proposed 1213 2.96 7.805 1182 4.28 10.94 1138 4.61 14.36

Map-3

ZigZag 1270 9.38 0.196 1277 14.61 0.398 1274 19.06 0.475

Spiral 1241 6.85 0.182 1235 10.86 0.307 1267 18.29 0.538
Grid-TSP 1208 4.03 97.50 1177 5.64 125.9 1142 6.75 140.8
Proposed 1202 3.51 6.937 1163 4.39 10.65 1125 5.13 15.94

is suitable for dynamic and cluttered workspaces. Further

analyzing the numerical data, we can notice as follows. The

execution time of the proposed method grows linearly as the

percent of obstacles increases. This is because the proposed
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(a) (b)

(c) (d)

FIGURE 7: Four randomly simulated test map layouts: (a) Map-0, (b) Map-1, (c) Map-2, and (d) Map-3.

TABLE 3: Average comparison results of the proposed method and benchmark methods on four different map layouts with

different number of obstacles for the scalability experiment.

Number of Obstacles
(%)

0 5 10

Method

Path
Length

(m)

Overlapping
Rate
(%)

Execution
Time

(s)

Path
Length

(m)

Overlapping
Rate
(%)

Execution
Time

(s)

Path
Length

(m)

Overlapping
Rate
(%)

Execution
Time

(s)

Map-0

ZigZag 6985 10.04 7.436 6968 13.80 8.036 7014 20.35 10.09

Spiral 7201 12.73 6.482 6804 11.10 12.54 6536 12.11 11.67
Grid-TSP 6751 5.74 2.55e3 6514 6.67 2.93e3 6305 8.34 3.29e3
Proposed 6648 4.23 9.63 6452 5.62 14.32 6210 6.57 18.13

Map-1

ZigZag 6880 8.26 9.648 6839 12.31 8.84 6792 15.99 9.58

Spiral 6950 9.59 10.79 6904 13.37 9.11 6860 17.29 11.40
Grid-TSP 6720 5.67 3.91e3 6553 7.25 4.38e3 6309 7.79 4.10e3
Proposed 6599 3.81 12.49 6518 6.84 16.46 6295 7.58 20.38

Map-2

ZigZag 7016 8.23 10.19 7004 12.45 11.50 6832 14.29 8.52

Spiral 6972 7.49 8.20 7179 15.11 9.35 7101 18.56 9.82
Grid-TSP 6772 4.41 3.98e3 6652 6.56 5.08e3 6367 6.50 4.93e3
Proposed 6754 4.29 11.94 6593 5.87 14.13 6355 6.26 17.90

Map-3

ZigZag 7080 10.93 9.11 7108 15.97 9.34 7076 20.49 8.96

Spiral 6920 8.56 10.16 6896 12.56 10.46 7057 19.78 9.55
Grid-TSP 6731 5.25 3.32e3 6556 6.91 3.97e3 6366 8.06 3.55e3
Proposed 6701 5.05 11.16 6496 6.08 14.79 6279 6.76 20.17

algorithm’s running time is proportional to the number of

decomposed cells, while the Grid-TSP method depends on

the number of grid points. Nevertheless, the proposed RL-

based approach achieves both outperform in numerical values
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of path length and overlapping rate. The proposed method’s

path length and overlapping rate are slightly about 1.1% and

1.2%, respectively, less than the Grid-TSP strategy as the

second-best approach. Moreover, the proposed method yields

a significantly smaller value in execution time, with 12 times

lower than the second-best approach and 30 times higher than

the conventional coverage techniques.

In the second experiment, we studied the proposed

method’s scalability by increasing the map layouts 1 ∼
10 times the original size while maintaining their obstacle

shapes and numbers as the same in the first experiment.

Table 3 presents the average comparison results of the second

experiment on the scalability of the proposed approach. From

experimental data in the given Table, the significantly outper-

formed results of the proposed method in comparison with

other methods still present for the terms of path length and

overlapping rate despite the average numerical achievements

are slightly reduced to numerical values of 0.8% and 0.9%,

respectively. Moreover, the Grid-TSP method’s execution

time grows exponentially when the map layout size increases

while the running time of the proposed approach remains the

same as the first experiment, slightly increased by only 1.4
times.

VI. CONCLUSION

In this paper, we have presented the recursive CPP frame-

work, which generates an efficient trajectory to cover the

predefined grid-based workspace leveraging cell decompo-

sition and state of the art RL-TSP techniques. The proposed

method was validated in simulation environments with the

three metrics. Although the proposed approach’s execution

time does not achieve the lowest value compared to con-

ventional methods, our approach outperforms the benchmark

methods in terms of path length and overlapping rate, which

are the essential metrics in offline coverage path planning.

The numerical results achieved by the proposed recursive

TSP-based CPP are consistent for all tested map layouts

with different sizes and obstacle settings and prove that it is

feasible to deploy in real environments.

Our future work will focus on 1) redesigning the reward

strategy to reduce the number of turns in the coverage path,

2) extending to online CPP with the integration of SLAM,

3) expand the proposed approach into a multi-robot coverage

system, 4) explore better cell decomposition techniques to

reduce the number of decomposed cells in the proposed

method, 5) implementing the latest RL optimization algo-

rithms to advance the training results and 6) testing the

method in real environments.
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