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Abstract 9 

The automated guided vehicle path planning performance is highly dependent on the 10 

collected LiDAR data. This research centered on studying the LiDAR specifications for 11 

automated guided vehicle path planning problem using deep reinforcement learning. 12 

Three data collection approaches with differences in the data sample size and 13 

scanning range were considered to obtain 15 LiDAR specifications, and the training 14 

quality and the path planning performance were evaluated in order to find the optimal 15 

LiDAR specification. The most effective results were achieved using the approach of 16 

collecting the "distance and angle" pairs of the nearest obstacles. This method 17 

consistently reached all the defined targets in both seen and unseen static 18 

environments, with no collisions. Additionally, only limited collisions happened in an 19 

unseen dynamic environment containing moving obstacles. Notably, increasing the 20 

number of data samples can extend the training time, and the excessive data may 21 

also complicate decision-making with no significant benefits in terms of the path 22 

planning performance. 23 

Keywords: Path planning, LiDAR specifications, Deep reinforcement learning, 24 

Collision avoidance, static and dynamic environment 25 

1. Introduction 26 

Using the smart mobile robots in industrial production has made the manufacturing 27 

processes more agile, reduced the manufacturing costs, and effectively improved the 28 

production speed, endurance, and precision. Among various industrial robotic 29 

facilities, the automated guided vehicles (AGVs) are mainly used to work in dangerous 30 
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environments, explore unreachable areas, and carry sensitive objects and materials 31 

[1]. Reliable performance of such mobile robots substantially depends on the proper 32 

specification of the path planning strategies defining the best routes from the origin 33 

towards different destinations without encountering the obstacles [2]. 34 

Path planning strategies are classified in the following categories: graph-based 35 

search, heuristic intelligence, local obstacle avoidance, artificial intelligence, sampling-36 

based, planner-based, constraint problem satisfaction-based, and other algorithms [3]. 37 

Considering the complication of path planning in unknown complex environments with 38 

a dense distribution of static and dynamic obstacles, implementation of the artificial 39 

intelligence (AI) assisted strategies has received special attention in recent years (for 40 

further information see Ref. [4]). Deep Learning (DL) and Reinforcement Learning (RL) 41 

are among the widely used powerful AI methods to solve the path planning problems 42 

(see for example [5]). 43 

More specifically, the DL is a machine learning method that generates a 44 

multilayered (deep) neural network to make an appropriate connection between the 45 

input and output vectors [6]. The RL operates based on the Markov Decision Process 46 

(MDP) [7], where the interaction between the agent and environment generates a 47 

reward value at each state. This is used as a feedback signal to train the agent. At 48 

every step of this process, the environment is informed by the action of the agent at 49 

the current state and generates a new state. The reward function evaluates this action 50 

considering the current and the new states. At the training stage, a so-called Q-Table 51 

is generated to predict the reward summation (or the Q-Value) of the agent for every 52 

state-action pair, and hence, the agent is able to decide to take the appropriate action 53 

for each state to attain the higher accumulated rewards. 54 

Fusion of the DL and RL strategies has brought about the deep reinforcement 55 

learning (DRL) method [8]. DRL finds a deep neural network (or the Q-Network) which 56 

receives the state as an input vector and calculates the Q-Values for all possible 57 

actions. This approach, which is also referred to as the deep Q-Network (DQN), 58 

estimates the state-action Q-Value by employing the DL. As an example, Guo et al. 59 

[9] have introduced a pioneering decentralized path planning model built upon the 60 

foundations of DRL. 61 

Application of the DRL in path planning problems has been reported in several 62 

studies, as summarized in Table 1. In most of them, the specified problem was to find 63 

a path to lead the AGV from its current position to a predefined destination avoiding 64 

the obstacle collision. In most cases, the environmental awareness of the AGV was 65 

achieved using the light detection and ranging sensor (the LiDAR); however, the 66 

selection of the sensor data acquisition approach, the sensor scanning range, and the 67 

number of the data samples was quite different. Another approach is indirect use of 68 

the LiDAR data for path planning. For instance, as reported in Ref. [10], the LiDAR 69 

data is used to organize a binary occupancy grid needed by the proposed 70 

Reinforcement Learning Particle Swarm Optimization (RLPSO) algorithm. Table 1 71 

compares the details of the LiDAR data acquisition proposed in previous studies. In 72 

some of these studies [11, 27] the sonar sensors were alternatively used, which are 73 

operationally similar to the LiDAR sensors. 74 
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An open question in the LiDAR-assisted AGV path planning is how to adjust the 75 

LiDAR specifications to achieve higher performance and lower cost. Olayemi et al. 76 

[30] has addressed this issue only by three scenarios with one sampling approach in 77 

static environments. To find a more comprehensive answer to this query, we 78 

developed a detailed study to identify the optimum operational specifications of the 79 

LiDAR in a DQN-assisted AGV path planning problem. More specifically, we proposed 80 

a potential-field-based reward function able to further penalize the AGV when it gets 81 

closer to multiple obstacles, rather than obstacle collision. Moreover, we implemented 82 

three sampling approaches with different LiDAR scanning ranges and numbers of 83 

LiDAR data samples to find the optimum sensor specification among 15 scenarios, 84 

further examined in both static and dynamic environments. Several metrics including 85 

the training quality and the path planning performance were also evaluated. 86 

The rest of the paper is organized as follows. In Section 2 the problem is defined 87 

and the RL assumptions (i.e., the environment, the agent, the states, the action space, 88 

and the reward function) as well as the LiDAR specifications are introduced. In the 89 

next section, the simulation results including the effects of different LiDAR 90 

specifications on the training quality and the path planning performance are presented 91 

and a comprehensive discussion is provided. Finally, the last section highlights the 92 

concluding remarks. 93 

2. Problem definition and method 94 

As stated in the previous section, this paper studies the effects of different LiDAR 95 

specifications on the path planning of a LiDAR-assisted AGV using the reinforcement 96 

learning strategy. For this, a DQN training framework was developed to train an agent 97 

trying to discover its way towards a target within a predefined environment in presence 98 

of a number of fixed and moving obstacles. In brief, at each state, the agent, which is 99 

a LiDAR-assisted AGV, takes an action from the action space, and receives a reward 100 

value according to the specified reward function. Given that the LiDAR specifications 101 

can affect the training quality and the path planning performance, it is essential to find 102 

the best LiDAR specifications from different points of view. In what follows, the 103 

methodology including the problem assumptions and formulations as well as the 104 

implementation platform are defined in detail. To simulate the LiDAR-assisted path 105 

planning problem and to implement the proposed DQN training framework different 106 

Python libraries were utilized. 107 

2.1 Agent and environment 108 

The simulation environment considered in this study is a two-dimensional 7×7 m2 109 

square room with twelve fixed obstacles, as shown in Fig. 1. Seven obstacles are 110 

circular with a diameter of 30 cm, and the remainder are square shaped with an edge 111 

length of 30 cm. The working environment was visualized using the python Matplotlib 112 

library. 113 
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The agent is an AGV equipped with a 360-degree LiDAR sensor, which is 114 

considered to move with a constant linear velocity v  and a variable rotational velocity 115 

 . Therefore, the instantaneous position  ,t tx y  and orientation 
t  of the agent can 116 

be calculated as follows: 117 

1 cost t tx x v t    (1) 118 

1 sint t ty y v t    (2) 119 

1t t t      (3) 120 

where the simulation time step is 1 mst  . 121 

2.2 State and Action Space 122 

In this study, the state vector is a  2 1m    vector consisting of m LiDAR data in 123 

addition to the relative distance and orientation of the agent with respect to the target 124 

point. Moreover, five discrete angular velocities, as listed in Table 2, were assumed 125 

as the possible actions to be selected by the agent at every step; while it constantly 126 

moves with a linear velocity of 0.5 m/s. Each step, during which the agent action is 127 

constant, was set at 50 ms. 128 

2.3 Reward Function 129 

The reward function R should be designed to encourage the agent to move toward the 130 

goal as fast as possible while avoiding the obstacles. Furthermore, to investigate the 131 

effects of various LiDAR specifications, the reward function must be able to take 132 

several LiDAR data into account. Therefore, the reward value at the time t is calculated 133 

as follows: 134 

,1

m

d g o ii
R R R R


     (4) 135 

In this equation, the first term on the right-hand side  dR  stimulates the agent 136 

to continuously move toward the goal. That is, 137 

 120 g g

d t tR d d    (5) 138 

where 1

g

td   and g

td  are the distance of the agent to the target at the previous and 139 

current steps, respectively. Indeed, dR  prepares instantaneous feedback for the agent 140 

action in order to decrease the convergence time of the algorithm. The term gR  in Eq. 141 

(4) rewards the agent intensively when it reaches the target point. That is, 142 

200, if g g

g t reachR d d    (6) 143 

in which 0.2g m

reachd   is the reaching target distance. Finally, the terms ,o iR  in the right-144 

hand side of Eq. (4) penalize the agent, which is moving toward the i-th obstacle, if its 145 

relative distance is less than 2o m

cold  . That is, 146 
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  (7) 147 

where ,

1

o i

td   and ,o i

td  represent the agent distances to the i-th obstacle at the previous 148 

and current steps, respectively. 149 

2.4 Training Assumptions 150 

The training process was performed by employing the DQN algorithm prepared in the 151 

Stable-Baselines3 [31]. In this algorithm a neural network with three hidden layers of 152 

256 nodes was developed. Each training episode was considered as completed when 153 

either the agent hit an obstacle or the trial timed out after 500 steps. Other training 154 

parameters were set as presented in Table 3. 155 

2.5 LiDAR Specifications 156 

In order to find the best LiDAR specifications, the following data collection approaches 157 

were analyzed during the optimization process. It is worth to note that since the 158 

obstacles behind the agent are not used for path planning, the corresponding LiDAR 159 

data samples were excluded. 160 

 161 

2.5.1 Approach A 162 

In this data collection approach, the “distance and angle” pairs of the nearest obstacles 163 

(i.e., those with less distances to the agent) were collected. For this, 23 LiDAR data 164 

(i.e., distances from the obstacles) at identical angular sectors in the front field of view 165 

of the agent, say in range of -90 to 90, were collected. Afterwards, n minimum 166 

distances as well as their corresponding angles were considered as the m LiDAR data 167 

delivered to the neural network. Five cases were assumed with 1,2,3,4, and 5n  , 168 

which corresponds to 2,4,6,8, and 10m  . 169 

In this approach, the LiDAR data were collected at fixed angular distances of 170 

180 / 22 8.18    . Since the minimum visible dimension of the obstacles, say the 171 

diameter of the circular obstacles  0.3m  and the edge of the square obstacles  0.3m
172 

, is bigger than parameter   2 sin / 2 0.289o m

colb d    as demonstrated in Fig. 2, this 173 

LiDAR data distribution guarantees that all obstacles closer than o

cold  can be detected. 174 

Therefore, the reward value is certainly affected by all the surrounding obstacles. 175 

 176 

2.5.2 Approach B 177 

In the second approach, the LiDAR data acquisition was conducted in angular range 178 

-90 to 90, while m LiDAR data were collected at the following predefined angles: 179 
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 

 

 

 

1: 0

3: 60 ,0, 60

5 : 72 , 36 ,0, 36 , 72

7 : 77.14 , 51.43 , 25.71 ,0, 25.71 , 51.43 , 77.14

9 : 80 , 60 , 40 , 20 ,0, 20 , 40 , 60 , 80

m

m

m

m

m











 

     

         

             

                 

 180 

Accordingly, this approach picks only the distances of m obstacles lying in the 181 

middle angles of equal intervals in the fixed range of -90 to 90. 182 

 183 

2.5.3 Approach C 184 

In the third approach, the LiDAR data were collected at equal intervals of 20 and 185 

different acquisition ranges as follows: 186 

 

 

 

 

1: 0

3: 20 ,0, 20

5 : 40 , 20 ,0, 20 , 40

7 : 60 , 40 , 20 ,0, 20 , 40 , 60

9 : 80 , 60 , 40 , 20 ,0, 20 , 40 , 60 , 80

m

m

m

m

m











 

     

         

             

                 

 187 

This approach is similar to the second one, except that the data collection range 188 

changes with m. 189 

Considering these assumptions, 15 LiDAR specifications are possible, among 190 

which two specifications are repeated in the approaches B and C. Consequently, 13 191 

distinct specifications were considered, and the RL training process was executed for 192 

each specification for 180,000 steps. 193 

3. Results and Discussion 194 

The proposed approaches were evaluated and compared from two aspects: the RL 195 

training quality and the path planning performance. The RL training quality was 196 

assessed by studying the training time required for saturation of the mean episode 197 

length or the mean episode reward. In order to evaluate the path planning 198 

performance, the behavior of the agent was evaluated in response to a specific 199 

number of randomly predefined targets. For this, three different metrics including the 200 

success rate, the total score, and the agent’s trajectory were tested. 201 

As stated in the previous section, 15 LiDAR specifications were considered to 202 

be studied. The corresponding simulation results are labeled as shown in Table 4. 203 

3.1 Training Quality 204 

As mentioned in the previous section, each training episode is considered completed 205 

when either an obstacle collision has occurred or the trial has timed out after 500 steps. 206 

At the beginning of the RL training process the obstacle collision is unavoidable due 207 

to random or untrained decision making. Gradually, as the training evolves, fewer 208 
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number of obstacle collisions is expected, and consequently, the time-out condition 209 

would complete the episodes. It is obvious that a faster decrease in the number of 210 

collisions shows a better training performance. 211 

As depicted in Fig. 3, the training performance of the first approach (i.e., A1 to 212 

A5) is significantly higher than the other two approaches. Among the studies listed in 213 

Table 1, this approach was only employed in Refs. [19, 23, 24]. The saturation is 214 

realized if almost all of the episodes end after 500 steps, where the agent touches the 215 

goals with nearly no collisions. With this in mind, the mean episode length in each one 216 

of these five cases has been saturated to 500 steps after about 60,000 steps, whereas 217 

it has not been saturated in the other approaches, even after 270,000 steps. 218 

Figure 3 shows more interesting results. The worst case is B1/C1, where only 219 

one LiDAR data at 0   was collected. This case has not been reported in previous 220 

studies listed in Table1. The next is C2, for which three LiDAR data were collected 221 

from the angular range of [-20 20]. This indicates that a narrow scanning range does 222 

not give the AGV a good view to avoid collision. B2 with three LiDAR data collected 223 

from the angular ranges of [-60 60] is the next in line, for which the inappropriate 224 

training performance highlights deficiency of three LiDAR data for covering the AGV’s 225 

120 field of view. 226 

B3 and C3 with five LiDAR data are in the next places. More specifically, B3 227 

with five LiDAR data in the range of [-72 72] shows a better training performance in 228 

comparison with C3 with the same amount of data in the range of [-40 40]. Moreover, 229 

reviewing the results of B4 and C4 with the same number of LiDAR data indicates that 230 

the scanning range of [-77.1 77.1] as defined in B4 is slightly more effective 231 

compared to [-60 60] as defined in C4. 232 

Finally, the best results among the cases of approaches 2 and 3 were obtained 233 

for B4, C4, and B5/C5. As also confirmed in Ref. [30], widening the scanning range 234 

and increasing the number of data samples can improve the training quality. 235 

Remarkably, the mean episode length for C4 and B5/C5 increases with quite similar 236 

trends for about three quarters of the steps. However, in the remaining steps it further 237 

grows for B5/C5. This can be justified considering that two more LiDAR data have 238 

been collected at  80 ,80      in B5/C5. 239 

Figure 4 illustrates that the greatest mean episode rewards are also achieved 240 

in cases with the first approach. It shows that, besides the obstacle avoidance, the 241 

agent in these cases moves appropriately toward the goals. Moreover, there is no 242 

significant difference between the overall trends of the mean reward in the approaches 243 

B and C.  244 

3.2 Path Planning Performance 245 

The path planning performance of different LiDAR specifications was also studied. For 246 

this, a large number of random targets were first generated, and then, the agent’s path 247 

planning with different LiDAR specifications was simulated. The ultimate goal for 248 

success was set to touch 100 out of the predefined targets. It is noticeable that as 249 
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soon as the agent either collides with an obstacle or does not reach the target after 250 

600 steps, it restarts from the origin, and a new target is relocated. 251 

As depicted in Fig. 5, in all cases of the approach A the agent was successful 252 

to touch the first 100 predefined targets, while it requires much more attempts in the 253 

other two approaches. Similar to what was observed in the subsection 3.1, B4 and 254 

B5/C5, which also presented a good training quality as shown in Fig. 3, here are in the 255 

next places of the success rate. Subsequently, as shown in Fig. 6, the cases of the 256 

approach A experienced less collisions and attained higher scores.  257 

The paths traveled by the trained agent with different LiDAR specifications are 258 

depicted in Figures 6 to 8. In these figures, the agent’s path to reach two, 10, and 100 259 

successful targets are shown, respectively. Moreover, red crosses show the 260 

predefined targets. 261 

It can be observed that the path planning performance is higher for all cases in 262 

the approach A that experienced no collisions and planned suitable paths to touch all 263 

targets, one after another. This approach was only employed in Refs. [19, 23, 24]. For 264 

a better comparison of these cases, the associated paths generated to reach 10 265 

successful targets are shown in Fig. 9. 266 

3.3 Testing in unseen environments 267 

As indicated in the previous subsections, the trained agents using the first approach 268 

LiDAR specifications showed the best path planning performance. However, the next 269 

question is how they perform in some unknown environments. To answer this query, 270 

two different unseen environments with circular boundaries, including a static one with 271 

12 fixed obstacles and a more complex dynamic one with four fixed and four moving 272 

obstacles were designed for the testing phase, as shown in Fig. 10. Notably, the 273 

trained agents are completely unfamiliar with both of these new environments. Despite 274 

similar testing in static environments, no evaluation has been performed in a dynamic 275 

environment in Ref. [30]. 276 

Similar to the subsection 3.2, the path planning performance of the trained 277 

agents was evaluated here by successfully touching 100 out of the predefined random 278 

targets. The simulation results, including the success rate and the total score, of the 279 

cases A1 to A5 are compared for both environments, as shown in Table 5. 280 

Results of testing in the new static environment indicate an excellent path 281 

planning performance with no collisions for all cases. Unlike the previous tests, a few 282 

obstacle collisions occurred in the new dynamic environment. The high success rates 283 

achieved in this test also reveals a remarkable path planning performance. However, 284 

one can conclude that whether the proposed training process or the underlying 285 

assumptions, including the DQN learning method, the static training environment, the 286 

proposed reward function, or the considered LiDAR specification, may be improved 287 

for a better path planning in an unseen dynamic environment. 288 

As an interesting result, the simulations in the three proposed environments 289 

indicate that the case A1 always achieved the highest total score with no obstacle 290 

collisions. This can be justified considering that the decision making would be much 291 
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simpler when using only one incoming LiDAR data. In other words, a better connection 292 

is achieved between the LiDAR data and the action space in the trained DQN of case 293 

A1. 294 

4. Conclusion 295 

This paper was focused on the adjustment of the LiDAR specifications in an AGV path 296 

planning problem using deep reinforcement learning. The ultimate goal was to identify 297 

a set of specifications required to achieve higher performances at lower costs. Using 298 

three data collection approaches, 15 LiDAR specifications were defined with different 299 

numbers of data samples and scanning ranges, and the training quality and path 300 

planning performance were assessed. The best path planning performance and 301 

training quality were achieved in one of these approaches, where a number of 302 

“distance and angle” pairs of the nearest obstacles were collected. All cases of this 303 

approach were completely successful to achieve the defined ultimate goal in both 304 

previously seen and unseen static environments with no collisions. Furthermore, no or 305 

only a few collisions occurred when tested in an unseen dynamic environment with 306 

moving obstacles. It is of particular interest that increasing the number of data samples 307 

might require more training time, while adding too many data samples only 308 

complicates the decision-making process with no additional advantages. 309 
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Table 1 Summary of the LiDAR data acquisition approaches used in previous studies 431 

Reference LiDAR Range Number of LiDAR 
Data Samples 

LiDAR Data Type RL Method 

[11] [-90 90] 7 Predefined angles* Q-learning 

[12] [-180 180] 512 Predefined angles SAC 

[13] [-90 90] 9 Predefined angles Improved DQN 
+ ε-greedy 
search 

[14] [-90 90] 10 Predefined angles Asynchronous 
DDPG 

[15] [-57.3 57.3] 10 Predefined angles PRM+TD3 

[16] [-30 30] 5 Predefined angles Three Q-
learning based 
algorithms 

[17] [-180 180] 10 Predefined angles SAC 

[18] [-90 90] 40 Predefined angles DDPG 

[19] [-180 180] 2 Nearest Obstacle** Optimized DQN 

[20] [-60 60] 3 Predefined angles DDQN 

[21] [-90 90] 20 Predefined angles Improved DDPG 

[22] [-135 135] 10 Predefined angles Improved Q-
learning 

[23] [-180 180] 24+2 Predefined angles 
+ Nearest Obstacle 

DQN 

[24] [-67.5 67.5] 1 Nearest Obstacle DDPG 

[25] [-180 180] 24 Predefined angles DQN 

[26] [-180 180] 26 Predefined angles DQN 

[27] [-90 90] 8 Predefined angles Q-learning 

[28] [-90 90] 5 Predefined angles Kohonen Q-
learning 

[29] [-90 90] 10 Predefined angles An incremental 
learning method 

* The distance data collected at some specific angles 432 

** The angle-distance pair of data collected for the nearest obstacle  433 
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Table 2 The agent’s action list 434 

Action Angular velocity (rad/s) 

0 -4.0 

1 -2.0 

2 0 

3 2.0 

4 4.0 

  435 
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Table 3 Training parameters 436 

Parameter Name Parameter Value 

Action Space Size 5 

Learning Rate (𝛼) 0.0003 

Discount Factor (𝛾) 0.995 

Activation Function ReLU 

Hidden Layers 3 

Number of Neurons 256 

Batch Size 256 

Target update interval 512 steps 

  437 
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Table 4 The labels of 15 LiDAR specifications 438 

Label Approach Data Samples (m) Scan Range (degree) 

A1 1 2 [-90 90] 

A2 1 4 [-90 90] 

A3 1 6 [-90 90] 

A4 1 8 [-90 90] 

A5 1 10 [-90 90] 

B1/C1 2 1 [0 0] 

B2 2 3 [-60 60] 

B3 2 5 [-72 72] 

B4 2 7 [-77.1 77.1] 

B5/C5 2 9 [-80 80] 

C1/B1 3 1 [0 0] 

C2 3 3 [-20 20] 

C3 3 5 [-40 40] 

C4 3 7 [-60 60] 

C5/B5 3 9 [-80 80] 

  439 
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Table 5 The success rate and the total score of cases A1 to A5 in the new environments 440 

Environment Evaluation 
Parameter 

LiDAR Specification 

A1 A2 A3 A4 A5 

Static 
 

Success 
Rate (%) 

100 100 100 100 100 

Total Score 20063 20035 19797 19681 19769 

Dynamic Success 
Rate (%) 

100 97.1 96.2 99.0 94.3 

Total Score 19719 16449 15778 17153 16859 

  441 
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 442 
Fig. 1 The proposed simulation environment  443 
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 444 
Fig. 2 The minimum detectable obstacle dimension b in Approach A  445 
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 446 
Fig. 3 Evolution of the mean episode length with the training progress for 15 LiDAR 447 

specifications  448 
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 449 
Fig. 4 Evolution of the mean episode reward with the training progress for 15 LiDAR 450 

specifications  451 
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 452 
Fig. 5 Comparison of 15 LiDAR specifications (a) success rate and (b) total score  453 
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 454 
Fig. 6 The agent’s path to reach two successful targets  455 
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 456 
Fig. 7 The agent’s path to reach 10 successful targets  457 
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 458 
Fig. 8 The agent’s path to reach 100 successful targets  459 
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 460 
Fig. 9 The agent’s paths to reach 10 successful targets for the approach A cases  461 
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 462 
Fig. 10 The unseen circular environments designed for testing, (a) the static environment 463 

with fixed obstacles and (b) the dynamic environment with both fixed and moving obstacles 464 
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