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Abstract 

Aiming at the problem that traditional path planning methods depend on environment 
model, the path planning of mobile robots in unknown environment is studied by using 
Sarsa and Q-learning algorithms based on reinforcement learning. Firstly, the simulation 
environment is established by using grid map, and the algorithm and Q-value table are 
designed. Secondly, the reward value is obtained by the interaction between the robot 
and the environment, and the action strategy set is changed by modifying the Q-value 
table iteratively. Finally, the action of the robot tends to the optimal action set. The 
experimental results show that under the same iteration steps, the Sarsa algorithm tends 
to be conservative and converges slowly, while the Q-learning algorithm is easier to 
converge, can quickly plan the path, and has better exploration ability in unknown 
environment. 
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1. INTRODUCTION 

With the rise of artificial intelligence, mobile robots are developing towards self-exploration, 
self-learning and self-adaptive intelligence [1]. Path planning, as an important part of intelligent 
mobile robot research, aims to select an optimal or sub-optimal collision-free path from the 
starting point to the end point in the environment where the robot is located [2]. The result of 
path planning will directly determine whether the mobile robot can complete the task 
efficiently and accurately. Traditional path planning methods for mobile robots include artificial 
potential field method, fuzzy logic algorithm, genetic algorithm, particle swarm optimization 
algorithm, etc. [3-6]. However, most of these traditional methods belong to the path planning 
method based on environmental model, which needs to build map information in advance, and 
then control the path planning in advance. If the model is not built accurately, it will affect the 
accuracy of path planning and even threaten the safety of the robot and its surrounding 
environment. Therefore, it is a necessary trend to study the path planning method of mobile 
robot without model or with low dependence on model [7]. 

2. REINFORCEMENT LEARNING 

2.1. The Concept of Reinforcement Learning 

Reinforcement learning is a branch of machine learning, which refers to the learning process 
of achieving a goal through multi-step appropriate decision-making under a series of scenarios. 
It is a sequential multi-step decision-making problem. The process of exploring this strategy is 
actually the process of intensified learning. Reinforcement learning is different from traditional 
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machine learning. It can not be marked immediately, but can only get a temporary feedback. So, 
it can also be said that reinforcement learning is a supervised learning marked with delay. 

2.2. Reinforcement Learning Architecture 

Reinforcement learning is mainly composed of agent, environment, state, action and reward. 
After an agent executes an action, the environment will be transformed into a new state. For the 
new state, the environment will give a reward signal. Then, the agent will execute the new action 
according to a certain strategy according to the reward of the new state and environmental 
feedback. The basic framework of reinforcement learning is shown in Figure 1. 
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Fig 1. Basic Framework of Reinforcement Learning 

3. ALGORITHM IMPLEMENTATION 

3.1. Sarsa Algorithm 

The full name of Sarsa algorithm is State Action Reward State Action, which belongs to the 
sequential difference method in reinforcement learning. The optimal strategy is obtained by 
updating the value function Q (s, a). The updated formula is as follows: 

 

q(s, a) = q(s, a) +α (r +γq(𝑠′, 𝑎′) − q(s, a))                     (1) 

 

3.2. Q-learning Algorithm 

Q-learning algorithm is basically the same a s Sarsa algorithm. The only difference is that 
when updating the value function, Sarsa uses the greedy method to select a', while Q-learning 
algorithm directly uses the common greedy method to select a', that is, to select the largest 
action of the action value function Q (s', a'). The formula of Q-learning algorithm is as follows:  

 

q(s, a) = q(s, a) +α(r +γ𝑚𝑎𝑥𝑎q(𝑠
′, 𝑎′) − q(s, a))                   (2) 

4. SIMULATION EXPERIMENT 

4.1. Building of Simulation Environment 

Firstly, Python is used to construct a two-dimensional grid map to represent the overall 
environmental information. The size of each grid is 20*20 pixels, and the total size of the model 
is 500*500 pixels. Then, a simulation environment for mobile robots to find target points in the 
classroom is constructed by using grid maps. Red solid circles are used to represent the initial 
position of mobile robots, with the central position being (10,10); yellow squares are used to 
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represent the target position, with the central position being (390,390); blue squares are used 
to represent tables; and map edges are used to represent the initial position of mobile robots. 
Classroom walls; white squares represent removable areas. The built simulation environment 
is shown in Figure 2. 

 

 

Fig 2. Initial simulation environment 

4.2. Parameter Setting 

In the simulation process, it is stipulated that the mobile robot has four actions: upward, 
downward, left and right, which are represented by 0, 1, 2 and 3 in the program respectively. 
When the mobile robot explores, it will receive a reward of 1 when it moves to the target 
position, a reward of - 1 when it moves to the wall or table, and a reward of 0 when it moves to 
the rest of the mobile area. 

4.3. Experimental Results and Analysis 

The robot using Sarsa algorithm performs 5000 iterations in the environment of Figure 2, 
and the final path trajectory is shown in Figure 3. Fig. 4 shows the curve of reward value with 
iteration steps, and Fig. 5 shows the change of step size with iteration steps to the end point. 

 

 

Fig 3. Final path diagram of Sarsa algorithm 
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Fig 4. Graph of reward value changing with iteration steps 

 

 

Fig 5. Variation of steps required to reach the end point with the number of iteration steps 

 

The Q-learning algorithm is used to perform 5000 iterations in the environment of Fig. 2. The 
final path trajectory is shown in Fig. 6. Figure 7 shows the curve of reward value changing with 
iteration steps, and Figure 8 shows the change of step length needed to reach the end point with 
iteration steps. 

 

 

Fig 6. Final path diagram of Q-learning algorithm 
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Fig 7. The variation of reward value with iteration steps 

 

 

Fig 8. Variation of steps required to reach the end point with the number of iteration steps 

 

The experimental results show that the two algorithms can complete the path planning task 
in the same situation for simple environment and appropriate iteration steps. However, due to 
the difference of update strategy, the reward value of Sarsa and the number of steps needed to 
reach the end point are still not convergent at 5000 iterations, and there is no good learning. 
Compared with Sarsa, Q-learning has shorter steps and faster convergence speed, so it is more 
suitable for robot path planning. 

5. CONCLUSION 

Aiming at the problem of model dependence in traditional path planning methods, Sarsa 
algorithm and Q-learning algorithm based on model-free in reinforcement learning are 
introduced into mobile robot path planning. This paper designs a path planning algorithm for 
mobile robot static environment based on reinforcement learning in simple grid environment, 
and finds the optimal path by interacting with the environment through trial and error. The 
simulation results show that under the same environment and iteration steps, the Sarsa 
algorithm does not converge and the learning effect is poor. Q-learning algorithm has faster 
convergence speed and shorter steps to reach the target point because of the selection of the 
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maximum reward value when updating the strategy. Q-learning algorithm is better than Sarsa 
algorithm in completing the task of mobile robot path planning in simple environment. However, 
in a more complex space environment, this algorithm will lead to dimension disaster when 
constructing Q-value table, which is also the content that needs further study. 
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