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Abstract: Existing multi-robot coverage methods in unknown environments suffer 10 

from inadequate use of inter-robot interaction information, limited collaborative 11 

decision-making capabilities, excessive repeated coverage, and insufficient 12 

adaptability to different team sizes and map environments. To address these issues, 13 

this paper proposes a collaborative deep Q-network (CD-DQN) framework. The 14 

framework constructs a task-state representation integrating robot-specific 15 

information, local environmental observations, regional task information, and inter-16 

robot collaborative relationships. A multi-head collaborative attention module uses the 17 

current robot’s features as the query and the team members’ features as the keys and 18 

values to adaptively aggregate interaction information relevant to the current coverage 19 

decision. On this basis, action-value estimation using a dueling deep Q-network 20 

(Dueling DQN), dynamic region allocation, and a multi-level reward mechanism are 21 

combined to guide robots toward unexplored areas while reducing repeated coverage 22 

and motion conflicts. A fixed-length representation of collaborative features is also 23 

adopted, and the framework is trained with varying numbers of robots and randomly 24 

generated map layouts to improve policy adaptability to different team sizes and map 25 

environments. Experimental results show that, within the tested configurations, CD-26 

DQN maintains high coverage performance and demonstrates adaptability to changes 27 

in map size and team size. Compared with the baseline algorithms, CD-DQN achieves 28 
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higher coverage rates and fewer completion steps in both tested scenarios, with 29 

competitive redundancy and collaboration performance. 30 

Keywords: multi-robot systems; deep reinforcement learning; collaborative decision-31 

making; coverage path planning 32 

1 Introduction 33 

In recent years, multi-robot coverage and exploration have received increasing 34 

attention. Representative studies have investigated collaborative complete coverage 35 

and exploration [1], air–ground collaborative mapping and reinforcement-learning-36 

based navigation in disaster environments [2], Voronoi-GRU-based collaborative 37 

exploration in unknown environments [3], failure-resilient cooperative coverage [4], 38 

coverage planning for the three-dimensional reconstruction of large structures [5], 39 

online concurrent multi-robot coverage planning [6], robust simultaneous exploration 40 

and coverage with robot-failure recovery [7], and DQN-based multi-robot coverage in 41 

unknown environments [8]. Recent comparative research has also examined different 42 

learning-based and decentralized strategies for dynamic multi-robot path planning [9]. 43 

These studies show that multi-robot systems can improve task execution through 44 

concurrent coverage [6], reduce repeated coverage through learning-based decision-45 

making [8], and maintain coverage robustness under robot failures [4][7][15]. Further 46 

improvements have been achieved through minimum-length coverage-path planning  47 

[10] and integrated task allocation and online coverage-path planning [11]. Related 48 

research on unmanned aerial vehicles has investigated hazardous flight-region 49 

prediction in urban environments [12] and integrated path planning and trajectory-50 

tracking control under environmental and system uncertainties [13]. Although these 51 

UAV navigation studies address safety, obstacle avoidance, and motion control, their 52 

objectives differ from the complete multi-robot coverage of unknown environments 53 

considered in this study. Therefore, achieving efficient collaborative coverage in 54 

complex unknown environments still requires the coordinated treatment of task 55 

allocation, inter-robot interaction, path conflicts, and repeated coverage. 56 

Extensive research has been conducted on multi-robot coverage path planning 57 

algorithms. For the two major categories of known and unknown environments, 58 

numerous classical methods and improved strategies have been proposed. A known 59 

environment refers to a situation in which the multi-robot system, or each individual 60 
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robot, has obtained complete map information of the workspace before the task begins, 61 

including all reachable areas, obstacle locations, and obstacle geometries. An unknown 62 

environment refers to a situation in which the system has little or no prior information 63 

about the workspace before the task begins. The environmental map is updated online 64 

from robot observations as coverage proceeds. 65 

In known environments, robots can use prior maps for task-region partitioning [17] 66 

and path planning, and related studies have mainly focused on coverage-path 67 

optimization and task allocation to improve coverage efficiency [18]. Existing studies 68 

have improved multi-robot coverage efficiency by reducing the number of turns and 69 

optimizing path allocation [19], employed mathematical programming methods to 70 

optimize coverage-path length or task-completion time [20][23], and improved 71 

coverage-planning efficiency through map decomposition and enhanced backtracking 72 

strategies [21][22]. Chen et al. proposed an ant colony system-based algorithm for 73 

coverage path planning of heterogeneous UAVs across multiple regions [16]. 74 

Coverage in unknown environments requires robots to update the environmental 75 

map in real time without complete prior map information while performing the 76 

coverage task. Existing studies have mainly focused on exploration strategies, online 77 

planning, and frontier selection. Jiao et al. proposed an online Multi-Agent Coverage 78 

Path Planning (MACPP) algorithm based on proximity interaction and a cooperation 79 

mechanism, achieving efficient coverage in unknown environments while minimizing 80 

coverage time and repeated paths [24]. However, its collaborative information is mainly 81 

derived from the prediction results of Model Predictive Control (MPC) within local 82 

neighborhoods, without directly exploiting state relationships among non-neighboring 83 

robots. Yuan et al. proposed a two-stage area-coverage method based on Multi-Agent 84 

Deep Reinforcement Learning (MADRL) to improve coverage efficiency and practical 85 

applicability [25]. However, this method performs regional planning and collaborative 86 

control in two separate stages and does not jointly model inter-robot interaction features 87 

within a unified decision model. Wang et al. proposed the MAC-Planner framework, 88 

which improves system efficiency and robustness through dynamic task allocation and 89 

path planning and is applicable to cleaning, monitoring, and other scenarios [11]. 90 

However, this framework first requires the construction of a coarse-grained map and 91 

uses K-means clustering and pairwise optimization for task allocation; consequently, 92 

its coverage performance is closely related to the initial clustering and regional 93 
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partitioning results. Wang et al. proposed APF-CPP, an artificial-potential-field-based 94 

online multi-robot coverage path planning method. This method derives a coverage 95 

strategy using an artificial potential field, determines movement directions using 96 

repulsive forces among robots, and combines a dead-end recovery mechanism with a 97 

policy-update mechanism to achieve efficient task allocation and regular coverage [26]. 98 

However, its collaboration and task guidance mainly depend on predefined potential 99 

fields and policy-update rules, rather than adaptively extracting inter-robot 100 

relationships in a data-driven manner. Yu et al. proposed a multi-robot waypoint 101 

planning system consisting of a region-decomposition-based local waypoint planner 102 

and a submap-based global waypoint planner for target search in unknown 103 

environments [27]. The local planner generates coverage waypoints through area 104 

decomposition to accelerate global information acquisition, whereas the global planner 105 

uses global information to optimize waypoint planning to avoid repeated searches. 106 

Their combination ensures both a high coverage rate and efficient search. Nevertheless, 107 

this study focuses on target search in unknown environments rather than complete 108 

coverage of all reachable grid cells. Zhao et al. proposed a clustering-based hyper-109 

heuristic algorithm for the Heterogeneous UAV Coverage Path Planning problem 110 

(HUCPP) [28]. Under schedulability and optimality constraints, the method provides 111 

optimized trajectories for UAVs within a given planning space. 112 

To address the requirements of online navigation and collaborative decision-113 

making in unknown environments, deep reinforcement learning provides a feasible 114 

approach for robots to learn action policies through interactions with the environment 115 

[14]. Deep Q-Networks (DQN) use deep neural networks to approximate action-value 116 

functions, providing an effective method for sequential decision-making in high-117 

dimensional state spaces [29]. Double DQN separates action selection from value 118 

evaluation to alleviate value overestimation [30], whereas Dueling DQN decomposes 119 

the action value into a state value and an action advantage to improve the discrimination 120 

among different action values [31]. In addition to action-value estimation, multi-robot 121 

collaborative decision-making requires the effective extraction and fusion of inter-robot 122 

interaction information. In specific applications, Tai et al. used deep reinforcement 123 

learning to map range measurements and relative target positions to continuous control 124 

commands, thereby realizing mapless navigation in previously unseen environments 125 

[37]. However, its decision-making process focuses on reaching a given target, and 126 
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continuous coverage of unknown areas still requires additional task organization and 127 

target-assignment mechanisms. Long et al. applied deep reinforcement learning to 128 

decentralized multi-robot collision avoidance and generated motion commands from 129 

local observations [38]. However, its state and reward designs mainly serve goal 130 

reaching and collision avoidance and do not directly characterize team coverage history 131 

or regional task overlap. Therefore, they are insufficient to directly guide collaborative 132 

behaviors that simultaneously consider coverage completeness and low redundancy. 133 

Multi-Head Attention (MHA) can perform weighted aggregation of input features in 134 

multiple representation subspaces [32], and attention mechanisms have also been 135 

applied to information selection and interaction modeling in multi-agent reinforcement 136 

learning [33]. Chen et al. introduced a self-attention mechanism into deep 137 

reinforcement learning and improved navigation efficiency in crowded environments 138 

by aggregating robot-pedestrian and pedestrian-pedestrian interaction features [39]. 139 

However, its interaction representation mainly focuses on motion states and their 140 

influence on goal navigation and does not establish relationships among coverage 141 

history, responsibility regions, and task progress. Therefore, when applied to multi-142 

robot coverage, a collaborative information representation supporting task division and 143 

redundancy suppression is still required. Overall, the task objectives, reward designs, 144 

and interaction representations of the aforementioned navigation studies mainly focus 145 

on goal reaching and motion safety. For complete multi-robot coverage in unknown 146 

environments, coverage progress and regional task information must be incorporated 147 

into the decision-making process, and inter-robot relationships must be used to 148 

coordinate exploration responsibilities and suppress redundant coverage. 149 

Compared with multi-robot map coverage in known environments, coverage in 150 

unknown environments is more consistent with practical application requirements and 151 

has broad application prospects in disaster rescue, geological exploration, military 152 

reconnaissance, and other fields. However, it also presents greater challenges. Although 153 

substantial progress has been made in unknown-environment coverage, the following 154 

limitations remain for complete coverage tasks involving variable-sized multi-robot 155 

teams. First, some methods rely on predefined regional partitioning, clustering results, 156 

or specific task settings [10][25][28], and the adaptability of their task-allocation 157 

processes to changes in robot number and map structure remains constrained by the 158 

corresponding planning mechanisms. Second, online methods based on neighborhood 159 
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interaction or artificial potential fields mainly rely on local neighborhood information 160 

and predefined guidance rules [24][26] and have not simultaneously optimized 161 

coverage completeness, redundant coverage, and task-completion time within a unified 162 

learning policy. Third, the state representations of some learning-based navigation 163 

methods focus mainly on local observations and motion interactions and make limited 164 

use of the relationships among coverage history, responsibility regions, and team task 165 

progress [38][39]. For collaborative coverage, task-related information must be further 166 

integrated so that inter-robot interactions can directly support exploration-task division 167 

and redundant-coverage suppression. 168 

To address the above issues, this paper proposes a multi-robot coverage path 169 

planning framework based on a Collaborative Deep Q-Network (CD-DQN). The 170 

framework incorporates local environmental observations, coverage states, and 171 

regional task information into the state representation, and uses inter-robot multi-head 172 

collaborative attention to fuse task-related interaction features. Dynamic region 173 

allocation and a multi-level reward mechanism are further combined to coordinate 174 

exploration-task division and reduce redundant coverage. By training in environments 175 

with varying numbers of robots and randomly generated maps, the multi-robot system 176 

can autonomously adapt to different team sizes and complex environments and achieve 177 

efficient collaborative coverage. The main contributions of this paper are summarized 178 

as follows: 179 

1. To address the difficulty of conventional DQN in effectively modeling inter-robot 180 

relationships during multi-robot coverage, a CD-DQN framework for unknown grid 181 

environments is constructed. The framework designs a task-state representation 182 

containing robot-specific information, local environmental observations, regional 183 

task information, and collaborative relationships. An inter-robot multi-head 184 

collaborative attention module is used to adaptively fuse team interaction 185 

information, and coverage actions are determined through a Dueling value-advantage 186 

architecture; 187 

2. A collaborative guidance mechanism combining dynamic region allocation and 188 

multi-level rewards is designed. Dynamic region allocation updates each robot's 189 

responsibility region according to its current position and uses the geometric centroid 190 

of the responsibility region to provide task guidance. The reward function 191 
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comprehensively considers first visits, independent coverage, team coverage growth, 192 

repeated coverage, regional deviation, and collisions, thereby guiding robots to 193 

explore unknown areas while reducing task overlap and motion conflicts; 194 

3. An experimental validation system consisting of baseline comparisons and key-195 

component ablation studies is established. Under unified map-generation methods, 196 

training budgets, and task-termination conditions, the proposed framework is 197 

compared with DQN, MADRL, MACPP, and APF-CPP. Component ablation studies 198 

are also conducted by removing the attention mechanism, Dueling architecture, 199 

dynamic region allocation, and multi-level reward mechanism, and the contribution 200 

of each component is evaluated in terms of coverage rate, redundancy rate, 201 

completion steps, and collaboration efficiency. In addition, a coverage scenario 202 

involving three E-puck robots is constructed in Webots to further verify the execution 203 

of the discrete CD-DQN actions under continuous differential-drive motion. 204 

2 Problem Description and Modeling 205 

2.1 Problem Description 206 

This paper considers a multi-robot system consisting of n mobile robots, denoted 207 

by R = {ri}n 
i=1, equipped with identical square coverage tools with a side length of d. For 208 

ease of computation and decision-making, the continuous two-dimensional workspace 209 

Ω is discretized into a regular grid map. Specifically, the entire workspace is divided 210 

into an H×W grid. The physical size of each grid cell is exactly d×d, which completely 211 

matches the size of the robots’ coverage tools. When the center of a robot’s coverage 212 

tool is located at the center of a grid cell, that cell is completely covered. 213 

Therefore, the multi-robot coverage path planning problem can be defined as 214 

follows: given a continuous two-dimensional workspace Ω, which is discretized into an 215 

H×W grid map G, and a robot set R, a real-time planner enables all reachable areas in 216 

the workspace to be covered by at least one robot. On this basis, optimal efficiency is 217 

achieved by minimizing the total time required to complete the entire coverage task, 218 

reducing the total travel distance of the robots, lowering energy consumption, 219 

minimizing repeated coverage among multiple robots, and improving the overall 220 

system efficiency. The system must also exhibit good robustness to ensure that it can 221 

cope with environmental changes and potential robot failures. Finally, this paper 222 

assumes that each robot in the multi-robot system can accurately obtain the global 223 



8 

 

coordinates of the grid cell in which it is located. The local sensing radius of each robot 224 

is one grid cell; that is, each robot can obtain information within a 3×3 grid region 225 

centered on its current position, while grid cells outside this range remain unknown. 226 

The robots share their positions and coverage states. The communication range covers 227 

the entire experimental map, and the information is updated synchronously at each time 228 

step. 229 

2.2 Initial Environment 230 

For environmental modeling, we adopt a multi-level representation method 231 

capable of simultaneously capturing the physical characteristics of the environment, the 232 

coverage status, and the robots' cognitive information. The first level describes cell 233 

types. Each cell is in one of the following three basic states at any given time: 234 

1) Free Cell: Free cells represent open space that can be freely accessed and 235 

covered by robots. These cells form the target set for the coverage task and are the 236 

primary areas robots need to visit. 237 

2) Obstacle Cell: Obstacle cells represent spaces occupied by obstacles. Robots 238 

cannot pass through or cover these cells. Static obstacles are used in the experimental 239 

environment, and the positions of the obstacle cells remain unchanged within each 240 

episode. 241 

3) Unknown Cell: Robots do not initially have complete information about the 242 

entire environment. Unknown cells represent areas that robots have not yet sensed or 243 

explored. As robots move and cover, unknown cells are gradually converted into free 244 

cells or obstacle cells. 245 

The second level describes map types. To comprehensively describe the 246 

environmental state and coverage progress and to facilitate computation, this paper 247 

defines the following two types of maps: 248 

1) Environmental Cognition Map K ∈ {-1,0,1}H×W: This map represents the robot 249 

system’s current cognition of the environment. At the initial time, most areas may be 250 

unknown, with unknown cells represented by -1. Specifically, Kt=-1, 0, 1 indicate that 251 

a grid cell is unknown, confirmed to be free, and confirmed to be an obstacle at time t, 252 

respectively. When a grid cell enters a robot’s sensing range, the system updates its state 253 

from unknown to free or obstacle according to the sensing result. As exploration 254 

proceeds, the robots gradually update this map through coverage. 255 

2) Coverage Map Tensor C ∈ {0,1}H×W×n: This is a three-dimensional tensor that 256 
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records in detail the coverage history of each robot at each location. In addition, a visit 257 

count matrix ௧ܸ ∈ ℕ0ு×ௐ is defined to record the total number of visits to each location 258 

by all robots, facilitating the subsequent calculation of redundant coverage. 259 

The initial environment is set as follows. In each training episode, a 30×30 map is 260 

randomly generated, in which 50–90 grid cells are randomly selected as static obstacle 261 

cells. The obstacle cells account for approximately 5.6%–10.0% of the total number of 262 

grid cells. After the map is generated, a connectivity check is performed on all free cells. 263 

Only maps in which the free space forms a single connected region are retained, 264 

ensuring that the robots can reach all grid cells to be covered. To improve the model’s 265 

adaptability to changes in team size, the number of robots n∈{2,3,…,9} is randomly 266 

generated in each training episode, and the initial positions of the robots are randomly 267 

initialized. The multi-robot system stops after collaboratively completing the coverage 268 

task or reaching the maximum step limit. 269 

2.3 Dynamic Region Allocation 270 

The Voronoi diagram is a classic concept in computational geometry, and its core 271 

idea is to partition space according to the distances to a specific set of points. In CD-272 

DQN, this paper applies Voronoi partitioning to dynamic region allocation, with each 273 

robot using its current position as a seed point of the Voronoi diagram. For each free 274 

cell that has been confirmed as uncovered in the current map, its Euclidean distances to 275 

all robots are calculated, and the cell is then assigned to the nearest robot. When the 276 

distances are equal, the robot ID is used as a secondary criterion. Region partitioning is 277 

always based on the real-time positions of the robots, ensuring the dynamic adaptability 278 

of the allocation. The geometric centroid of the responsibility region is set as the target 279 

position, and the direction from the robot’s current position to the target position is used 280 

as the initial movement direction. The specific movement strategy is described in the 281 

next section. 282 

The dynamic updating of region allocation includes two mechanisms. The first is 283 

periodic updating, in which the region allocation is updated every 50 time steps. As the 284 

robots move and explore the environment, the region partitioning is automatically 285 

adjusted. The second is event-triggered updating. In addition to periodic updating, 286 

certain events also trigger immediate updating, including when new environmental 287 

information is perceived, when a robot discovers a relatively large unknown area, or 288 

when the state of a grid cell in the cognition map is updated from unknown to obstacle; 289 
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when the responsibility region is empty, that is, when a robot completes the coverage 290 

of its responsibility region or becomes trapped in a local deadlock; and when the 291 

number of robots changes at the beginning of each episode, in which case the system 292 

repartitions the responsibility regions according to the current robot set to adapt to 293 

different team sizes. These updating mechanisms allow the responsibility regions to be 294 

adjusted according to robot positions, environmental cognition, and coverage progress, 295 

thereby improving the consistency between region allocation and the current coverage 296 

state. 297 

2.4 Movement Strategy 298 

In terms of movement strategy, CD-DQN has nine discrete actions, including eight 299 

movement actions and one wait action. Each movement action corresponds to a specific 300 

direction and displacement, as illustrated in Fig. 1. Within each time step, a robot can 301 

move only to one grid cell adjacent to its current grid cell. When the wait action is 302 

selected, the robot remains at its current position. 303 

 304 

Fig. 1 Robot movement strategy. Actions a1–a8 represent the eight movement directions. The robot selects the action with the 305 

highest Q-value 306 

Before executing an action, the system must verify the feasibility of the action. 307 

This includes a boundary check to ensure that the target position is within the map 308 

boundaries and an obstacle check to determine whether the target position is occupied 309 

by an obstacle. The obstacle check is based on the known map K, which means that a 310 

robot can make decisions only on the basis of known information. The action feasibility 311 
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checks mainly include the map boundary check, known-obstacle check, diagonal 312 

corner-cutting check, and robot occupancy conflict check. In this paper, each robot is 313 

simplified as a point robot occupying a single grid cell. Each robot selects an action 314 

according to the current environmental state, and the robots execute their actions 315 

sequentially according to their IDs. If the target grid cell is already occupied, the action 316 

is invalid and the robot remains at its current position. When multiple robots select the 317 

same grid cell, the robot with the smaller ID enters the grid cell first. A corresponding 318 

action is considered feasible only when the candidate position satisfies the above 319 

conditions. The network outputs the Q-values of all actions according to the current 320 

state and selects a candidate action, after which the environment determines the legality 321 

of the candidate action. If the action causes the robot to move beyond the map boundary, 322 

enter an obstacle cell, conflict with another robot, or be blocked during diagonal 323 

movement, the current movement is cancelled and the corresponding penalty is 324 

assigned. Otherwise, the action is executed and the robot state is updated. When a robot 325 

selects the wait action, or when the selected movement action cannot be executed 326 

because of a map boundary, obstacle, or robot occupancy conflict, the robot remains at 327 

its current position during the current time step. 328 

3 CD-DQN-Based Path Planning Method 329 

3.1 Overview of the CD-DQN Method 330 

The Collaborative Deep Q-Network (CD-DQN) method proposed in this paper is 331 

a multi-robot coverage path planning framework for unknown environments. Its core 332 

idea is to fuse team interaction information through inter-robot multi-head collaborative 333 

attention, together with dynamic region allocation and a multi-level reward mechanism, 334 

to guide robots in forming task divisions and reducing repeated coverage, thereby 335 

completing the map coverage task efficiently and with low redundancy. 336 

At each time step, the system constructs a state representation based on robot-337 

specific information, local environmental perception, regional task information, and the 338 

shared team state. Dynamic region allocation provides each robot with a task region 339 

and an exploration direction as task guidance for coverage decision-making. Through 340 

the inter-robot multi-head collaborative attention module, the CD-DQN network 341 



12 

 

aggregates team-state and task information relevant to the current robot’s coverage 342 

decision and uses the fused features for action-value estimation to output the Q-value 343 

of each candidate action. During training, the multi-level reward mechanism provides 344 

feedback for policy learning through new-region exploration rewards, cross-robot 345 

redundancy penalties, regional-consistency rewards, and other terms, guiding robots to 346 

complete regional tasks and reduce repeated coverage. 347 

Experiences generated through interaction with the environment are stored in the 348 

replay buffer for iterative network-parameter updates. Team-information fusion, 349 

regional-task guidance, and reward feedback jointly constitute the collaborative 350 

coverage mechanism proposed in this paper. The overall system framework is shown 351 

in Fig. 2. 352 

  353 

Fig. 2 System Framework 354 

3.2 CD-DQN Network Architecture 355 

To address the difficulty of traditional DQN in fully representing inter-robot state 356 

dependencies and task-coupling relationships during multi-robot coverage, this paper 357 

constructs the CD-DQN network architecture. The network uses Dueling DQN [31] as 358 

the basis for action-value estimation and, on top of a multi-source state representation 359 

for the coverage task, designs an inter-robot multi-head collaborative attention module: 360 

the current robot’s features are used as the query, and the features of all robots in the 361 

team are used as keys and values to adaptively extract robot-interaction information 362 

relevant to the current action decision, after which the fused collaborative features are 363 
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used for action-value estimation. Unlike the existing MHA-DQN method for 364 

personalized route planning [34], CD-DQN further combines inter-robot interaction 365 

modeling with dynamic region allocation and a multi-level reward mechanism, forming 366 

a collaborative decision-making framework for complete multi-robot coverage in 367 

unknown environments. The overall network architecture of CD-DQN is shown in Fig. 368 

3. 369 

 370 

Fig. 3 Network architecture of the proposed CD-DQN framework 371 

The feature extraction network of CD-DQN adopts a multilayer perceptron (MLP) 372 

structure. The first layer is responsible for converting the raw state vector into a high-373 

dimensional feature representation. The second and third layers further refine these 374 

features, gradually constructing a more abstract representation. This forms a feed-375 

forward neural network whose core operation is the linear transformation and non-376 

linear activation between layers: 377 

 
1 Dropout(LayerNorm(ReLU( )))+ = +l l l lh W h b  (3.1) 378 

Where lh  is the output activation of the l -th layer (and input to the next), lW  379 

is the weight matrix of the l  -th layer, and lb   is the bias vector. ReLU (Rectified 380 

Linear Unit), defined as max(0, )x , introduces non-linearity. LayerNorm normalizes 381 

all features for a single sample. Dropout, with a probability 0.1=p , randomly sets a 382 

fraction of neuron outputs to zero during training for regularization, preventing 383 

overfitting. 384 
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The multi-head attention mechanism [32] computes feature correlations in 385 

different representation subspaces through multiple parallel attention heads and 386 

performs weighted aggregation of the input information. This mechanism has been used 387 

for information selection and interaction modeling in multi-agent reinforcement 388 

learning. On this basis, this paper designs an inter-robot multi-head collaborative 389 

attention fusion module to address the complexity of interaction information and the 390 

mutual influence of robot decisions during multi-robot coverage in unknown 391 

environments. Unlike MHA-DQN for personalized route planning, this paper uses the 392 

attention mechanism to model state dependencies, coverage relationships, and regional-393 

task relationships among multiple robots. Specifically, for robot i, its feature vector hi 394 

is used as the query, and the team feature matrix Z composed of all robots’ features is 395 

used as the keys and values. Different attention heads compute feature correlations 396 

between the current robot and the team members and adaptively aggregate interaction 397 

information relevant to the current coverage decision. The resulting team collaborative 398 

feature is then input into the Dueling value–advantage branches to estimate the long-399 

term value of each candidate action. This design enables CD-DQN to dynamically 400 

adjust the degree of attention to information according to the state and task relationships 401 

among robots, providing feature support for multi-robot collaborative coverage 402 

decisions. 403 

Let hi denote the feature vector of robot i. Stacking the feature vectors of all n 404 

robots by row gives the team feature matrix: 405 

 Z = [h૚; h2; … ; hn] ∈ Rn×df  (3.2) 406 

where df denotes the dimension of the feature vector of an individual robot. 407 

 qi = hiWQ,  K = ZWK,  V = ZWV (3.3) 408 

 Attention(qi, K, V) = softmax (qi௄೅√ௗೖ ) ܸ (3.4) 409 

where qi is the query vector of the current robot i, K is the key matrix, and V is the 410 

value matrix; ℎ௜ denotes the feature vector of the current robot i, and Z is the team 411 

feature matrix obtained by stacking the feature vectors of all n robots. WQ, WK, and WV 412 

are projection matrices. ݍ௜்ܭ calculates the similarity between the query and all keys. 413 

A higher similarity indicates that the information corresponding to that key is more 414 

relevant to the current query. ݀௞ is the dimension of the key vector, and √݀௞   is the 415 

scaling factor. Softmax is the normalized exponential function, which converts the 416 

similarity scores into a probability distribution whose sum is 1, namely the attention 417 
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weights. The attention output is essentially a weighted sum of the value vectors V, 418 

where the weights are determined by the similarity between the query qi and the keys 419 

K. The final Multi-Head Attention concatenates the feature vectors output by multiple 420 

attention heads. 421 

 MultiHead(qi, K, V) = Concat(head1, … ,head௠ℎ)ܹை (3.5) 422 

 423 

 head௝ = Attention(q௜W௝ொ, ܭ ௝ܹ௄ , ܸ ௝ܹ௏),            ݆ = 1,2, … , ݉ℎ (3.6) 424 

where ௝ܹொ , ௝ܹ௄ , ௝ܹ௏ are the unique trainable projection matrices of the j-th head; 425 ݉ℎ is the number of attention heads, and ࢃை is the trainable output projection matrix 426 

that projects the concatenated high-dimensional vector back to the original dimension. 427 

CD-DQN also adopts the Dueling network architecture, the core idea of which is 428 

to decompose the Q-value function into a state-value function ( )V s  and an advantage 429 

function ( , )A s a . This decomposition is meaningful for the multi-robot coverage task. 430 

( )V s   represents the expected return in the current state, regardless of the specific 431 

action chosen. In the coverage task, some states, such as a uniform distribution of robots, 432 

inherently have high value, regardless of the specific next action. ( , )A s a  represents 433 

the advantage of choosing a specific action relative to the average. In many coverage 434 

scenarios, multiple actions may have similar values (e.g., moving in different directions 435 

in an open area). The advantage function helps the network focus on learning these 436 

subtle differences. The final Q-value is calculated as: 437 

 
1( , ) (ReLU( ))− =   +i

v v attn vV s h W W h b  (3.7) 438 

 
1( , , ) (ReLU( ))− =   +i

a a attn aA s a h W W h b  (3.8) 439 

 
1

( , , ) ( , ) ( , , ) ( , , )
| |

− − − −



 = + − 
 

i i i i

a

Q s a h V s h A s a h A s a h
A

 (3.9) 440 

where attnh  represents the feature vector enhanced by the attention mechanism. 441 

,v aw w  are the weight parameters for the value and advantage streams, and , avb b  are 442 

the corresponding biases. s   is the current state, and −ih   is the collaborative team 443 

feature, which is the aggregated information from all other robots' feature vectors 444 

processed by the collaborative attention mechanism. | |A  represents the size of the 445 
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action space (9 in this system), and subtracting the mean advantage centers the 446 

advantage values. 447 

3.3 State Representation 448 

The agent's state representation is the basis for its decision-making. To achieve 449 

effective collaboration and efficient exploration in the multi-robot coverage task, this 450 

framework constructs a high-dimensional state vector for each robot. This vector 451 

integrates the robot's own proprioceptive information, local environmental perception, 452 

collaborative relationships with other robots, and global task progress, totaling 106 453 

dimensions. The specific components of the state vector are as follows: 454 

• Robot Proprioception (4 dims): Includes a 2D normalized position ( , )x y  and 455 

2D normalized velocity, derived from the difference between the current and 456 

previous time step's pose. 457 

• Local Environment Perception (36 dims): A 3 3   local perception window 458 

centered on the robot's current position. For each cell within this window, 4 key 459 

features are extracted: terrain information (value from the Known Map K ), 460 

coverage status (whether it has been covered by any robot), visit frequency 461 

(number of times visited), and other-robot coverage (whether it has been 462 

covered by a robot other than itself). This forms a 36-dimensional feature block. 463 

• Region Task Allocation Info (4 dims): Based on the dynamic Voronoi region 464 

allocation, this provides task guidance to the robot. It consists of the target 465 

direction (2D vector), region ownership (a flag), and target distance. 466 

• Multi-Robot Collaboration Features (54 dims): To promote collaboration and 467 

avoid redundancy, each robot needs to perceive the states of other robots within 468 

its communication range. To support a variable number of robots, the maximum 469 

number of robots allowed by the system is set to ݊௠௔௫ = 10 , and the 470 

collaboration-feature portion of the state vector is padded to a fixed length. For 471 

each of up to ݊௠௔௫ − 1 other robots, the following six features are calculated: 472 

communication link (indicating whether the robot is within communication 473 

range), normalized distance (distance to the other robot), shared coverage count 474 

(number of cells covered by both robots), other-robot coverage count (number 475 

of cells covered by the other robot), intrusion flag (indicating whether the robot 476 
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itself is within the other robot’s task region), and region-size ratio (ratio of the 477 

size of its own task region to that of the other robot). This gives a total of 54 478 

dimensions. 479 

• Global & Individual Progress Metrics (8 dims): Includes 7 indicators: global 480 

coverage rate, individual contribution, individual redundancy, time progress, 481 

exploration direction (2D vector), coverage efficiency, and wait counter. This 482 

provides the robot with a macroscopic view of task progress to coordinate global 483 

behavior. 484 

3.4 Reward Function 485 

The reward function is at the core of reinforcement learning, defining "good" and 486 

"bad" behavior for the agent and directly guiding the policy's learning direction. To 487 

achieve high coverage, low redundancy, and strong collaboration simultaneously, the 488 

reward function for CD-DQN is designed as a multi-level reward function that provides 489 

dense feedback, integrating immediate exploration, efficiency penalties, collaborative 490 

guidance, and safety constraints. 491 

Let p  be the robot's current position and ݌′ be the new position after executing 492 

action a  . We define the following symbols: ( )V p  : total visit count for the cell. 493 

( )C p : total number of robots that have covered the cell. iR : the responsibility area (a 494 

set of cells) assigned to robot i . 
iT : the target centroid for robot i 's area. ( , )d p p : 495 

Euclidean distance. ( )I  : indicator function (1 if true, 0 otherwise). The immediate 496 

reward ir  for robot i  is the sum of the following components: 497 

1. Core Exploration Reward ( exploreR ). This is the main driver for the coverage task. 498 

Base Exploration Reward: When the robot moves to a cell ݌′ that is visited for the first 499 

time, let the first-visit reward term be rvisit=2.0, as defined in Eq. (3.10). This reward 500 

term is used to guide the robot to preferentially explore uncovered regions. 501 

௩௜௦௜௧ݎ  = 2.0 ⋅ ॴ(ܸ(݌′) = 1) (3.10) 502 

Large Reward for Independent Exploration: To improve collaboration efficiency, 503 

when a robot covers a cell that has not yet been covered by the team for the first time, 504 

that is, when V(݌′) = 1 and C(݌′) = 1 are both satisfied, let the independent-coverage 505 

reward component be runique=20.0. This reward term is used to encourage robots to 506 
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explore regions that have not yet been covered by the team. 507 

௨௡௜௤௨௘ݎ  = +20.0 ⋅ ॴ(ܸ(݌′) = 1 ∧ (′݌)ܥ = 1) (3.11) 508 

2. Efficiency and Redundancy Penalty (
penaltyR ). This part penalizes inefficient and 509 

repetitive work. Revisit Penalty: When a robot moves to a previously visited cell 510 ,′݌ 

the revisit reward component is defined as rrevisit. Accordingly, the absolute value of this 511 

component increases linearly with the number of visits to the cell and is used to suppress 512 

repeated movements by the robot within a local region. 513 

௥௘௩௜௦௜௧ݎ  = (′݌)ܸ)− − 1) ⋅ 1.0 (3.12) 514 

Redundant Coverage Penalty: When a robot moves to a cell that has already been 515 

covered by another robot, a redundancy penalty is triggered. The penalty is defined as 516 

follows: 517 

௥௘ௗ௨௡ௗ௔௡௧ݎ  = −ॴ((′݌)ܥ > 1) ⋅ 2.0 ⋅ (′݌)ܥ) − 1) (3.13) 518 

3. Collaboration and Guidance Reward (
collabR ). This part fine-tunes the robot's 519 

cooperative behavior to adhere to the dynamic region allocation. Region Consistency 520 

Reward: According to the dynamic region-allocation result, when robot i moves into its 521 

responsibility region Ri, let the region-consistency reward term be rregion=1.0. When the 522 

robot enters the responsibility region Rj of another robot j, where j ≠ i, let rregion=−1.0. 523 

In all other cases, let rregion=0, as defined in Eq. (3.14). 524 

௥௘௚௜௢௡ݎ  = {+1.0 if ݌′ ∈ ܴ௜−1.0 if ∃݆ ≠ ݅, ′݌ ∈ ௝ܴ0 otherwise  (3.14) 525 

Target-Guidance Reward: To encourage robots to complete their assigned regions, 526 

the system rewards movement toward the target centroid. If the distance between the 527 

robot and the target centroid Ti of its responsibility region decreases after movement, 528 

let the target-guidance reward component be rtarget = 1.0. If the distance increases, let 529 

rtarget = −0.3. If the distance remains unchanged, let rtarget = 0. 530 

௧௔௥௚௘௧ݎ  = {+1.0 if ݀(݌′, ௜ܶ) < ,݌)݀ ௜ܶ)−0.3 if ݀(݌′, ௜ܶ) > ,݌)݀ ௜ܶ)0 otherwise  (3.15) 531 

4. Basic Behavior and Safety Penalty ( safeR ). These penalties discourage unsafe 532 

actions and unnecessary waiting. Wait Penalty: When a robot selects the wait action 533 

await, let the wait reward component be rwait = −5.0 to reduce the probability that the 534 



19 

 

robot will continue waiting when it is unnecessary. 535 

௪௔௜௧ݎ  = −ॴ(ܽ = ܽ௪௔௜௧) ⋅ 5.0 (3.16) 536 

Invalid-Move Penalty: When a robot executes an invalid action, such as attempting 537 

to move beyond the map boundary or colliding with another robot, and its position 538 

remains unchanged after the action, that is, p′= p, let the invalid-move reward 539 

component be rinvalid = −8.0. 540 

௜௡௩௔௟௜ௗݎ  = −ॴ(ܽ is invalid and ݌′ = (݌ ⋅ 8.0 (3.17) 541 

Collision Penalty: When an action executed by a robot causes it to collide with a 542 

known obstacle, let the obstacle-constraint reward component be robstacle = −15.0. When 543 

a diagonal movement does not satisfy the physical-feasibility condition because it is 544 

blocked by adjacent obstacles, let robstacle = −12.0. In all other cases, let robstacle = 0. 545 

௢௕௦௧௔௖௟௘ݎ  = {−15.0 if ܽ hits known obstacle−12.0 if ܽ is diagonally blocked0 otherwise  (3.18) 546 

In summary, the total reward ri for robot i when it executes action a in state s at 547 

position p and transitions to state s′ at position p′ is the sum of all the above components: 548 

௜ݎ  = ܴ௘௫௣௟௢௥௘ + ܴ௣௘௡௔௟௧௬ + ܴ௖௢௟௟௔௕ + ܴ௦௔௙௘ (3.19) 549 

The definitions and coefficient values of the reward components are summarized 550 

in Table 1. 551 

Reward Component Current Value 

First visit rvisit 2.0 

Team first coverage runique 20.0 

Revisit rrevisit A penalty of 1.0 for each additional visit 

Redundant coverage rredundant A penalty of 2.0 for each additional 

overlapping robot 

Region consistency rregion +1.0 in the robot’s own region; −1.0 in 

another robot’s region; 0 otherwise. 

Target guidance rtarget 1.0 when moving closer and −0.3 when 

moving farther away 
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Table 1 Summary of Reward Parameters 552 

 553 

By combining the four types of reward components—core exploration, efficiency 554 

and redundancy, collaborative guidance, and safety constraints—CD-DQN can learn to 555 

balance individual exploration and team collaboration from complex immediate 556 

feedback. The reward coefficients are hierarchically set according to the importance of 557 

different behaviors in the coverage task, and the method ultimately converges to an 558 

efficient, low-redundancy coverage policy. Among them, team first coverage is the core 559 

behavior that promotes global coverage and is therefore assigned a relatively large 560 

positive reward. First visits, region consistency, and target guidance are local guidance 561 

signals, and their reward magnitudes are relatively small. Waiting, invalid movement, 562 

and collisions reduce coverage efficiency or compromise motion safety, and therefore 563 

increasingly strong negative rewards are assigned to them. 564 

3.5 Training Process 565 

 566 

Fig. 4 Training Flowchart 567 

As shown in Fig. 4, in addition to initialization, each training episode sequentially 568 

Wait rwait -5.0 

Invalid movement rinvalid -8.0 

Obstacle collision robstacle -15.0 or -12.0 
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executes three phases: interaction with the environment and experience storage, 569 

Prioritized Experience Replay (PER) sampling and Q-value calculation, and Temporal-570 

Difference (TD) error calculation and network updating. These phases run continuously 571 

in a loop to iteratively improve the multi-robot collaborative policy. 572 

Phase 1: Interaction and Experience Collection 573 

At each time step t , the robot agents interact with the environment based on the 574 

current policy. To balance exploration and exploitation, we employ a dual-exploration 575 

mechanism. The agent selects an action ta  according to an  -greedy policy, where 576 

the exploration rate   decays exponentially from 1.0 to 0.01 over time. To further 577 

encourage diverse behaviors in complex scenarios, Gaussian noise N  is injected into 578 

the Q-value estimates: 579 

 Action Selection : arg max ( ( , ) (0, ))t a ta Q s a = +N  (3.20) 580 

where   is the noise standard deviation, which also decays continuously. After 581 

executing action ta , the system receives a reward tr  (as defined in Section 3.4) and 582 

transitions to the next state 
1ts + . This transition tuple 

1( , , , ,done)t t t t te s a r s +=  is stored 583 

in the Experience Replay Buffer D , which has a fixed capacity of 200,000. 584 

Phase 2: Prioritized Experience Sampling and Current/Target Q-Value Calculation 585 

Once the data in the buffer exceeds the batch size N  (set to 128), the network 586 

update process is triggered. Instead of uniform sampling, we utilize Prioritized 587 

Experience Replay (PER) to improve learning efficiency [35]. Transitions with higher 588 

Temporal-Difference (TD) errors are considered more valuable and are assigned higher 589 

sampling probabilities ( )P i : 590 

 0( ) , | |i
i i

k

k

p
P i p

p



 = = +


ò  (3.21) 591 

where ip  is the priority of the i -th transition, determined by its TD-error | |i . 592 

The hyperparameter   controls the degree of prioritization.  593 

For each sampled mini-batch, the Current Q-value is computed by the online 594 

network using the CD-DQN architecture (including Attention and Dueling layers): 595 

( , )online i iQ s a . Simultaneously, the Target Q-value is calculated using the Double DQN 596 
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technique [30] to mitigate overestimation. The online network selects the action with 597 

the highest Q-value in the next state sᵢ₊₁, and the target network evaluates the selected 598 

action: 599 

 1 1( ,arg max ( , ; ); ) (1 )i i target i a online i iy r Q s Q s a d   −
+ + = +   −  (3.22) 600 

where    and  −   represent the parameters of the online and target networks, 601 

respectively.  602 

Phase 3: TD-Error Calculation and Network Update 603 

The network is optimized by minimizing the discrepancy between the predicted 604 

Q-value and the target Q-value. We employ the Smooth L1 Loss (Huber Loss), which 605 

is robust to outliers and reduces the influence of large TD errors. The loss is weighted 606 

by importance sampling weights iw   from PER to correct the bias introduced by 607 

prioritized sampling: 608 

 
1

1
( ) SmoothL1( ( , ; ))

N

i i online i i

i

L w y Q s a
N

 
=

=  −  (3.23) 609 

Gradients are calculated via backpropagation, clipped to a maximum norm of 1.0, 610 

and the Adam optimizer is used to update the online network parameters  . 611 

Finally, to ensure training stability, the target network parameters  −   are not 612 

updated directly but track the online network through a Soft Update mechanism. Every 613 

500 training steps, the target network absorbs a small fraction of the online network's 614 

weights: 615 

 (1 )− − + −     (3.24) 616 

The soft-update coefficient τ determines how rapidly the target network tracks 617 

changes in the parameters of the online network. The soft target-network update method 618 

proposed by Lillicrap et al. [36] requires τ to be much smaller than 1 and sets it to 0.001 619 

in the relevant experiments. Considering the relatively large fluctuations in the joint 620 

states and reward signals during multi-robot collaborative training, this study adopts a 621 

more conservative value of τ = 0.0005 within the same order of magnitude. The entire 622 

training process consists of 2,500 episodes. 623 

 624 
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4 Experiments and Discussion 625 

4.1 Experimental Setup 626 

To address the previously identified issues concerning adaptability to changes in 627 

team size and map, repeated-coverage control, and the use of inter-robot interaction 628 

information, this paper conducts performance tests under different map sizes and team 629 

sizes, baseline-algorithm comparisons, and key-component ablation experiments. 630 

Coverage rate, redundancy rate, and average completion steps are used to evaluate 631 

coverage completeness, task overlap, and completion efficiency, while ablation of the 632 

attention module is used to examine the role of team-interaction information fusion. In 633 

addition, Webots physics-engine simulation is used to further examine the execution 634 

feasibility of discrete coverage actions under continuous differential-drive motion. 635 

All experiments were conducted on a high-performance computing platform 636 

equipped with an Intel i7-12700K CPU, 32 GB of RAM, and an NVIDIA RTX 3080 637 

GPU. The software environment used Python 3.8.5, PyTorch 1.12.0, and CUDA 11.3 638 

for GPU acceleration. Visualization and data analysis were performed using Matplotlib 639 

3.5.2 and NumPy 1.21.0. The physics-engine simulation uses Webots R2021a and the 640 

E-puck differential-drive robot model. 641 

The training environment is designed as a 30×30 grid map to simulate coverage 642 

scenarios in real physical space. Fifty to ninety obstacles are randomly distributed in 643 

the map, and a connectivity check ensures that all free grid cells are mutually connected. 644 

A variable number n (2 ≤ n ≤ 9) of homogeneous mobile robots are used for 645 

collaborative coverage. The robots are simplified as point robots occupying a single 646 

grid cell; the maximum movement distance per step is one grid cell, the local sensing 647 

radius is set to one grid cell, and the communication radius is set to 80 grid-cell units. 648 

Both the number of robots and the map are randomly generated in each episode. The 649 

model is trained for a total of 2,500 episodes. In each episode, five training iterations 650 

are performed, and the maximum number of steps per iteration is set to 1,500. 651 

4.2 Learning Process and Scale Adaptability Analysis 652 

4.2.1 Learning Curve Analysis 653 

To evaluate the performance of the system, we define the following key metrics 654 

based on the environment's state at the end of each episode. Let ( )C p  be the number 655 
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of robots that covered cell p : 656 

Coverage Rate: The ratio of unique free cells covered by at least one robot 657 

( ( ) 1C p ) to the total number of free cells in the map. 658 

 Covered

Free

| Cells |
Coverage Rate

| Cells |
=  (4.1) 659 

Redundancy Rate: The ratio of cells covered by more than one robot ( ( ) 1C p ) to 660 

the total number of covered cells. This measures the degree of wasted effort. 661 

 Redundant

Covered

| Cells | (C(p) 1)
Redundancy Rate

| Cells |


=  (4.2) 662 

Collaboration Efficiency: The ratio of cells covered by exactly one robot (C(p) = 663 

1) to the total number of covered cells. This is the complement of the Redundancy Rate 664 

and measures the system's ability to effectively divide labor. 665 

 Effective

Covered

| Cells | (C(p) 1)
Collaboration Efficiency

| Cells |

=
=  (4.3) 666 

Completion Steps: The number of steps consumed when each coverage task ends, 667 

used to measure the overall efficiency of the multi-robot system. 668 

 669 

Fig. 5 Training Process of the Shared-Weight Model 670 

Fig. 5 shows the evolution of the key performance indicators of CD-DQN during 671 

2500 training episodes. Three distinct stages can be observed from the learning curves. 672 
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The exploration stage mainly occurs during Episodes 0-500. During this stage, the 673 

robots mainly perform random exploration and learn basic movement and obstacle-674 

avoidance skills. The coverage rate shows a steady upward trend, but the redundancy 675 

rate remains high. The optimization stage occurs approximately during Episodes 500-676 

1,500. During this stage, the coverage rate stabilizes above 99%. As training progresses, 677 

the robots gradually learn to make coverage decisions under the guidance of regional 678 

tasks, and the redundancy rate and completion steps generally decrease. The 679 

convergence stage occurs approximately during Episodes 1,500-2,500. All indicators 680 

begin to stabilize, and the system exhibits stable, efficient, and collaborative behavior. 681 

While the coverage rate remains at a high level, the redundancy rate and completion 682 

steps generally decrease, indicating that the training process not only improves 683 

coverage completeness but also gradually improves repeated-coverage control and 684 

task-completion efficiency. 685 

4.2.2 Final Performance Test 686 

The optimally trained model was used to conduct 100 independent tests with 687 

different numbers of robots, with a different random map and initial-position 688 

configuration used in each test. To examine the adaptability of the learned policy to 689 

changes in map size and team size, the coverage rate, collaboration efficiency, average 690 

completion steps, and redundancy rate under different configurations were calculated. 691 

The results are shown in Table 2. 692 

 693 
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map 

size 

number 

of 

robots 

coverage 

rate 

collaboration 

efficiency 

average 

completion 

steps 

redundancy 

rate 

 

30×30 

3 99.8% 90.9% 618 9.1% 

4 99.1% 86.7% 385 13.3% 

5 99.1% 84.6% 325 15.4% 

 

35×35 

3 99.1% 89.0% 764 11.0% 

4 99.1% 88.4% 534 11.6% 

5 99.1% 87.0% 472 13.0% 

 

40×40 

3 99.5% 81.6% 1152 18.4% 

4 99.1% 85.8% 774 14.2% 

5 99.1% 79.2% 676 20.8% 

Table 2 Performance of CD-DQN under Different Map Sizes and Team Sizes 694 

Table 2 shows that, under the test configurations of 30×30, 35×35, and 40×40 695 

maps with three to five robots, the coverage rate of CD-DQN remains within 99.1%–696 

99.8%, indicating that the learned policy can maintain high coverage completeness 697 

when the map size and team size change. For the same map size, increasing the number 698 

of robots reduces the average completion steps, while the redundancy rate also exhibits 699 

stable performance. For example, on the 30×30 map, when the number of robots 700 

increases from three to five, the average completion steps decrease from 618 to 325, 701 

while the redundancy rate increases from 9.1% to 15.4%. 702 

 703 
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 704 

 705 
a                                      b                                   c 706 

 707 
d                                    e                                   f 708 

 709 
 g                                    h                                    i 710 

Fig. 6 Robot Trajectories. (a-c) 3 robots on 30×30, 35×35, 40×40 maps. (d-f) 4 robots on 30×30, 35×35, 40×40 maps. (g-i) 711 

5 robots on 30×30, 35×35, 40×40 maps 712 

Figures 6(a)–(i) show representative coverage trajectories under different 713 

combinations of map size and robot number. The paths of different colors, representing 714 

different robots, show a clear pattern of cooperation at the macroscopic level. Overlap 715 

in trajectories primarily occurs at the boundaries of different regions, indicating that the 716 

robots are effectively interacting and yielding at these borders to ensure seamless 717 

coverage, rather than creating chaotic overlap in the center of the regions. This efficient 718 

collaborative behavior emerges naturally in all scenarios, whether with 3, 4, or 5 robots. 719 

This strongly demonstrates that, by training with a variable number of robots, CD-DQN 720 

has learned a collaborative strategy that adapts to different team sizes and exhibits 721 
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excellent generalization ability. Fig. 6 provides an intuitive display of the coverage 722 

trajectories for the different configurations in Table 2 and is used to observe the spatial 723 

distribution and overlap of the paths of the individual robots. The coverage 724 

completeness and degree of repeated coverage under different configurations are 725 

evaluated in conjunction with Table 2, while the specific effects of team-information 726 

fusion and region allocation on collaborative performance are further analyzed through 727 

the ablation experiments in Section 4.4. 728 

4.2.3 Comprehensive Performance Analysis 729 

To provide a holistic view of the system's efficiency across the two key variables 730 

of team size and environment complexity, we define a unified Performance Score. This 731 

metric combines the three primary performance indicators: Coverage Rate ( C  ), 732 

Redundancy Rate ( R ), and average completion steps ( S ). The score is calculated using 733 

the weighted formula: 734 

 
max _ steps - S

Score 0.5 C 0.25 (1 R) 0.25
max _ steps

 
=  +  − +  

 
 (4.4) 735 

A simulation study was conducted with the number of robots set to n ∈ {2, 3, …, 736 

9} and the map size set to H×W ∈ {20×20, …, 40×40}. The resulting performance 737 

distribution is shown in Fig. 7. 738 
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 739 

Fig. 7 Variation in System Performance with Team Size and Map Size. The Z-axis represents the comprehensive performance 740 

score, and a higher value indicates better overall performance 741 

The 3D plot in Fig. 7 reveals the complex relationship between team size and 742 

environment scale. Generally, for a fixed map size, increasing the number of robots 743 

improves the performance score by significantly reducing completion time. The highest 744 

performance (score > 0.925) is achieved on larger maps (e.g., 35×35 to 40×40) with 745 

a sufficient number of robots (7–9), demonstrating the system's good adaptability to 746 

changes in scale. The plot also highlights critical trade-offs. A dip in performance is 747 

observable around 5 robots on a 30×30 map. This suggests that adding too many robots 748 

to a relatively small environment can increase redundancy, thereby lowering the overall 749 

efficiency score. Conversely, using too few robots for a large map (e.g., 2–3 robots on 750 

a 35×35 map) also results in a lower score, as the task becomes too difficult to 751 

complete efficiently. Fig. 7 shows that the comprehensive performance of CD-DQN 752 

varies with the combination of team size and map size, and the coverage performance 753 

is jointly affected by the task scale and the robot-number configuration. Combined with 754 

Table 2, it can be seen that the method maintains a high coverage rate under the tested 755 
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configurations, while the repeated-coverage level and completion-step data also 756 

demonstrate excellent performance. 757 

4.3 Comparative Experiments 758 

In this section, 100 independent tests are conducted under the same testing 759 

conditions. CD-DQN is compared with MADRL, MACPP, APF-CPP, and DQN in 760 

terms of coverage rate, redundancy rate, collaboration efficiency, and average 761 

completion steps in unknown environments. Two comparison scenarios are considered: 762 

n = 3 with a 30×30 map and n = 4 with a 40×40 map. The quantitative comparison 763 

results are summarized in Table 3, and the metric-wise performance comparison is 764 

visualized in Fig. 8. 765 

Scenario Algorithm coverage  

rate 

collaboration 

efficiency 

average 

completion 

steps 

redundancy  

rate 

performance 

score 

 

n = 3 

H×W = 

30×30 

CD-DQN 99.8% 90.9% 618 9.1% 0.873 

MADRL 99.2% 85.5% 692 14.5% 0.844 

APF-CPP 98.4% 81.7% 753 18.3% 0.820 

MACPP 98.8% 89.2% 824 10.8% 0.830 

DQN 94.9% 65.8% 1050 34.2% 0.714 

 

n = 4 

H×W = 

40×40 

CD-DQN 99.1% 85.8% 774 14.2% 0.831 

MADRL 98.9% 82.6% 844 17.4% 0.810 

APF-CPP 97.8% 79.9% 910 20.1% 0.787 

MACPP 98.2% 86.9% 940 13.1% 0.802 

DQN 95.2% 64.3% 1140 35.7% 0.700 

Table 3 Quantitative performance comparison between CD-DQN and the baseline algorithms. 766 

 767 
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 768 

Fig. 8 Performance comparison of CD-DQN and the baseline algorithms: (a) three robots on the 30×30 map; (b) four robots on 769 

the 40×40 map 770 

As shown in Table 3 and Fig. 8, CD-DQN achieves the smallest average number 771 

of completion steps in both test scenarios. Compared with MADRL, which ranks 772 

second in average completion steps, CD-DQN reduces the average completion steps on 773 

the 30×30 and 40×40 maps by approximately 10.7% and 8.3%, respectively, 774 

demonstrating higher coverage-task completion efficiency. In terms of collaboration 775 

and redundancy, on the 30×30 map, both the collaboration efficiency (90.9%) and 776 

redundancy rate (9.1%) of CD-DQN are at the best levels; on the 40×40 map, although 777 

MACPP has a slightly lower redundancy rate, CD-DQN achieves a coverage rate of 778 

99.1%, higher than MACPP's 98.2%, while the average completion steps decrease from 779 

940 to 774, a reduction of approximately 17.7%, and the comprehensive performance 780 

score increases from 0.802 to 0.831. Compared with the DQN baseline, CD-DQN 781 

achieves significant improvements in all evaluation metrics in both test scenarios. 782 

Specifically, on the 30×30 map, the coverage rate increases from 94.9% to 99.8%, the 783 

redundancy rate decreases from 34.2% to 9.1%, and the average completion steps 784 

decrease from 1,050 to 618, a reduction of approximately 41.1%. Across the two 785 

comparison scenarios, CD-DQN achieves the highest coverage rate, the smallest 786 

average completion steps, and the highest comprehensive performance score, indicating 787 

that the proposed framework effectively improves the problems of repeated coverage 788 

and insufficient completion efficiency and achieves simultaneous improvements in 789 

coverage completeness and task-completion efficiency. 790 
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4.4 Ablation Study 791 

To evaluate the individual contributions of the key components of CD-DQN to 792 

coverage performance, ablation experiments are conducted while keeping the number 793 

of training episodes, network size, optimizer parameters, map set, and number of robots 794 

unchanged. The complete CD-DQN is used as the reference model, and four ablation 795 

variants are constructed: CD-DQN-w/o Attention removes the inter-robot multi-head 796 

collaborative attention module; CD-DQN-w/o Dueling replaces the Dueling structure 797 

with a single action-value stream; CD-DQN-w/o Region disables the dynamic region-798 

allocation strategy; and CD-DQN-w/o Reward removes the multi-level reward-shaping 799 

terms designed in this paper while retaining only the basic rewards required for task 800 

learning. The attention-module ablation is used to evaluate the effect of team-801 

interaction information fusion on coverage decision-making, whereas the region-802 

allocation and reward-mechanism ablations are used to evaluate the effects of task 803 

division and reward guidance on suppressing repeated coverage and improving task-804 

completion efficiency. 805 

Model Coverage 

rate/% 

Collaboration 

efficiency/% 

Average 

completion steps 

Redundancy 

rate/% 

CD-DQN 99.8 90.9 618 9.1 

w/o Attention 98.1 74.5 792 25.5 

w/o Dueling 99.1 85.7 698 14.3 

w/o Dynamic 

Region 

97.8 69.8 856 30.2 

w/o Reward 98.4 86.3 729 13.7 

Table 4 Ablation study results on the effectiveness of key framework components. 806 

As shown in Table 4, the complete CD-DQN achieves the best results in all four 807 

indicators: coverage rate, collaboration efficiency, average steps, and redundancy rate. 808 

After the inter-robot multi-head collaborative attention module is removed, the 809 

coverage rate decreases from 99.8% to 98.1%, the redundancy rate increases from 9.1% 810 

to 25.5%, and the average completion steps increase from 618 to 792. These results 811 

indicate that the attention module is an important component for improving 812 

collaborative coverage performance. By incorporating team-interaction information 813 

into individual action-value estimation, CD-DQN effectively reduces repeated 814 
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coverage among robots and improves task-completion efficiency, thereby verifying the 815 

effectiveness of the proposed interaction-information fusion mechanism. After the 816 

Dueling structure is removed, the coverage rate decreases by 0.7 percentage points, the 817 

average completion steps increase by 80, and the redundancy rate increases by 5.2 818 

percentage points, indicating that separating the state value from the action advantage 819 

improves action-selection efficiency to a certain extent. After the dynamic region-820 

allocation strategy is disabled, the coverage rate decreases by 2.0 percentage points, the 821 

collaboration efficiency decreases by 21.1 percentage points, the average completion 822 

steps increase by 238, and the redundancy rate increases by 21.1 percentage points. This 823 

is the largest performance degradation among all the ablation models, indicating that 824 

the dynamic region-allocation strategy plays an important role in coordinating robot 825 

task division and suppressing repeated coverage. After the multi-level reward shaping 826 

is removed, the coverage rate decreases by 1.4 percentage points, the average 827 

completion steps increase by 111, and the redundancy rate increases by 4.6 percentage 828 

points. These results indicate that the multi-level reward mechanism guides the robots 829 

to reduce invalid movement and improve coverage-path execution efficiency. Overall, 830 

the complete CD-DQN outperforms all the ablation models, verifying the contribution 831 

of each component to the overall performance. Among these components, dynamic 832 

region allocation plays the most prominent role in coordinating task division and 833 

suppressing repeated coverage, inter-robot multi-head collaborative attention improves 834 

coverage decisions by fusing team-interaction information, and the multi-level reward 835 

mechanism further guides the robots to reduce repeated coverage and improve 836 

completion efficiency. Together, these mechanisms enable CD-DQN to reduce the 837 

redundancy rate and completion steps while maintaining a high coverage rate, 838 

demonstrating the comprehensive advantages of the proposed collaborative framework. 839 

4.5 Coverage Execution Simulation Using the Webots Physics Engine 840 

To further examine the execution feasibility of the proposed CD-DQN coverage 841 

policy under continuous-motion and physical collision constraints, a multi-robot 842 

coverage simulation scenario is constructed using Webots R2021a. The physical field 843 

is set to 3 m × 3 m and corresponds to a 30 × 30 grid map, with each grid cell 844 

representing a physical area of 0.1 m × 0.1 m. Three E-puck differential-drive robots 845 

are deployed in the scenario, and several static WoodenBox objects are used to construct 846 
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the obstacle environment. 847 

The simulation system adopts a centralized-decision and distributed-execution 848 

structure. The Webots Supervisor node is responsible for maintaining the environmental 849 

state, loading the trained CD-DQN model, and constructing the 106-dimensional state 850 

vector according to Section 3.3. The model outputs Q-values for eight movement 851 

actions toward adjacent grid cells and one wait action. A movement action specifies an 852 

adjacent target grid cell, whereas the wait action causes the robot to remain stationary. 853 

The selected actions are transmitted to the individual E-puck controllers through the 854 

Emitter/Receiver communication channels and are then converted by the low-level 855 

controllers into left- and right-wheel velocity commands. 856 

 ܺ௧ = (ܿ௧ + 12) Δ ݀ − ௅2 ,       ܼ௧ = ௧ݎ) + 12) Δ݀ − L2  (4.5) 857 

where rₜ and cₜ denote the row and column indices of the target grid cell, 858 

respectively; Xₜ and Zₜ denote the physical coordinates of the center of that cell in the 859 

Webots ground coordinate system; L = 3.0 m is the side length of the field; and Δd = 860 

0.1 m is the grid resolution. 861 

After the target physical coordinates are obtained, the low-level controller 862 

calculates the target heading and heading error according to the robot's current position 863 

and orientation. When the absolute heading error exceeds the preset threshold, the robot 864 

first turns in place by driving the left and right wheels in opposite directions. After the 865 

heading is aligned, the robot moves toward the target position by driving the two wheels 866 

in the same direction. When the robot enters the preset target-position tolerance range, 867 

the controller returns an arrival state. After all robots have completed their current 868 

actions, the Supervisor updates the environmental state and triggers the next CD-DQN 869 

decision, thereby forming a closed-loop simulation process of “state acquisition–action 870 

decision–continuous execution–synchronous update.” 871 

To verify the execution capability of the CD-DQN coverage policy under 872 

continuous-motion conditions, four representative moments from the same Webots 873 

simulation are selected to illustrate the coverage process of the three robots from 874 

discrete action decision-making to continuous differential-drive motion, as shown in 875 
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Fig. 9. 876 

  

(a) (b) 

  

(c) (d) 

Fig. 9 Coverage Execution Process of Three E-puck Robots in the Webots Environment: (a) simulation time of 51.3 s and coverage 877 

rate of 10.6%; (b) simulation time of 216.1 s and coverage rate of 40.2%; (c) simulation time of 405.6 s and coverage rate of 70.2%; 878 

and (d) simulation time of 520.3 s and coverage rate of 90.7% 879 

As shown in Fig. 9, as the simulation proceeds, the scene coverage rate increases 880 

from 10.6% at 51.3 s to 90.7% at 520.3 s, and the three robots continuously execute the 881 

coverage task in the static-obstacle environment. With continuous differential-drive 882 

chassis motion, robot collision volume, and action execution time taken into account, 883 

the system establishes a closed-loop connection between the coverage policy and 884 

continuous motion control through grid-target mapping, low-level differential-drive 885 

control, and synchronous state updating. The simulation results verify the execution 886 

feasibility of the discrete CD-DQN coverage actions in the constructed physics-engine 887 

scenario and demonstrate the application potential of combining the proposed 888 

framework with differential-drive robot motion control. 889 
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5 Conclusion 890 

To address the limited adaptability to changes in team size and map, insufficient 891 

repeated-coverage control, and inadequate use of inter-robot interaction information in 892 

multi-robot coverage tasks in unknown environments, this paper proposes a 893 

Collaborative Deep Q-Network (CD-DQN) coverage path planning framework. The 894 

framework improves policy adaptability to different task configurations through 895 

training with variable numbers of robots and random maps; it fuses team-state and task 896 

information through inter-robot multi-head collaborative attention and combines a 897 

Dueling structure for action-value estimation, allowing team-interaction information to 898 

participate in individual coverage decisions; and it provides task division through 899 

dynamic region allocation and combines a multi-level reward mechanism to guide 900 

robots to explore uncovered regions and reduce repeated coverage. Experimental 901 

results show that, in the performance tests on 30×30–40×40 maps with three to five 902 

robots, the coverage rate of CD-DQN remains within 99.1%–99.8%, indicating that it 903 

can maintain high coverage completeness under the tested changes in map size and 904 

team size. In the comparison scenario with a 30×30 map and three robots, compared 905 

with DQN, the coverage rate of CD-DQN increases from 94.9% to 99.8%, the 906 

redundancy rate decreases from 34.2% to 9.1%, and the average completion steps 907 

decrease from 1,050 to 618, demonstrating joint improvements in coverage 908 

completeness, repeated-coverage control, and completion efficiency. The ablation 909 

experiments further show that, after the inter-robot multi-head collaborative attention 910 

module is removed, the redundancy rate increases from 9.1% to 25.5% and the average 911 

completion steps increase by 174, supporting the effectiveness of team-interaction 912 

information fusion in collaborative coverage decision-making. Disabling dynamic 913 

region allocation causes the most significant performance degradation, indicating that 914 

regional task division is an important component of the current framework for reducing 915 

repeated coverage, while the multi-level reward mechanism further improves coverage 916 

performance. On this basis, a coverage scenario involving three E-puck robots is further 917 

constructed in Webots, and the discrete actions output by CD-DQN are converted into 918 

continuous differential-drive motion commands, verifying the execution feasibility of 919 

the coverage decisions in a physics-engine environment. 920 

The experimental validation scope of this paper covers 20×20–40×40 static-921 
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obstacle grid maps, two to nine homogeneous robots, and fully connected 922 

communication conditions. Cases involving larger maps, more robots, limited 923 

communication, dynamic obstacles, and robot failures still require further targeted 924 

validation. Future work will focus on the following aspects: (1) extending the 925 

framework to support larger robot teams and more complex unstructured environments 926 

in order to verify the scalability and stability of the algorithm under high-load 927 

conditions; (2) introducing a collaboration mechanism for heterogeneous robot teams 928 

and optimizing task allocation among robots with different functions, such as 929 

collaboration between ground robots and aerial robots; (3) because the current study 930 

mainly considers static obstacles, investigating online adaptability to effectively 931 

address environments containing dynamic obstacles and ensure the safety and 932 

efficiency of the algorithm in real dynamic scenarios; and (4) exploring deployment 933 

methods for the proposed policy on physical robot platforms and further examining the 934 

effects of real sensor noise, localization errors, communication delays, and chassis-935 

execution errors on coverage performance. 936 

 937 
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    V  t ∈  ℕ 0  H × W


  hea  d  j = Attention  (  q  i  W  j  Q , K   W  j  K , V   W  j  V ) ,                         j = 1 , 2 , … ,   m h


    W  j  Q ,   W  j  K ,   W  j  V


    m h


    𝑾  O


    n  m a x = 10


    n  m a x − 1


    p ′


    p ′  


    r  v i s i t = 2 . 0 ⋅ 𝕀 ( V (   p ′ ) = 1 )


    p ′


  Z =  [  h  𝟏 ​ ;  h 2 ​ ; … ;  h n ​ ] ∈  R  n ×  d f  


    p ′


    r  u n i q u e = + 20 . 0 ⋅ 𝕀 ( V (   p ′ ) = 1 ∧ C (   p ′ ) = 1 )


    p ′


    r  r e v i s i t = − ( V (   p ′ ) − 1 ) ⋅ 1 . 0


    r  r e d u n d a n t = − 𝕀 ( C (   p ′ ) > 1 ) ⋅ 2 . 0 ⋅ ( C (   p ′ ) − 1 )


    r  r e g i o n =  {    + 1 . 0  if    p ′ ∈   R  i   − 1 . 0  if  ∃ j ≠ i ,   p ′ ∈   R  j   0  otherwise


    r  t a r g e t =  {    + 1 . 0  if  d (   p ′ ,   T  i ) < d ( p ,   T  i )   − 0 . 3  if  d (   p ′ ,   T  i ) > d ( p ,   T  i )   0  otherwise


    r  w a i t = − 𝕀 ( a =   a  w a i t ) ⋅ 5 . 0


    r  i n v a l i d = − 𝕀 ( a  is invalid and    p ′ = p ) ⋅ 8 . 0


    r  o b s t a c l e =  {    − 15 . 0  if  a  hits known obstacle   − 12 . 0  if  a  is diagonally blocked   0  otherwise


   q i =  h i  W Q ,   K = Z  W K ,   V = Z  W V


    r  i =   R  e x p l o r e +   R  p e n a l t y +   R  c o l l a b +   R  s a f e


    X  t =  (   c  t +  1 2 ) Δ   d −   L 2 ,                 Z  t =  (   r  t +  1 2 ) Δ d −  L 2  


  Attention (  q i , K , V ) = softmax  (    q i   K  T     d  k ) V


   h  i


    q  i   K  T  


    d  k  


     d  k  


  MultiHead (  q i , K , V ) = Concat ( hea  d 1 , … , hea  d    m h )   W  O

