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Abstract 

The motion planning algorithm of the robot arm plays an important role in the working process of the robot arm, 

especially in the complex environment, an efficient algorithm is more conducive to the robot arm to complete the 

corresponding planning task. Aiming at the problems such as low exploration efficiency and poor planning path in 

the current motion planning task of robotic arm, we propose a distance constraint mechanism. Based on 𝑅𝑅𝑇∗and 

𝐼𝑛𝑓𝑜𝑟𝑚𝑒𝑑 − 𝑅𝑅𝑇∗, the algorithm uses halton sequence to generate random points and introduces the current lowest 

cost path length. To avoid useless nodes extension. The simulation results show that the algorithm with distance 

constraint mechanism can improve the exploration efficiency and planning quality to some extent. 
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1. Introduction 

The robot arm has changed from the original rough 

industrial production equipment to today's multi-

disciplinary industrial automation equipment, entering all 

corners of society, showing the powerful role of the robot 

arm. At the same time, higher requirements are also put 

forward for the motion planning of the robotic arm. 

Therefore, the study of the motion planning of the robotic 

arm has important engineering value [1], [2]. 
At present, there are four main types of path planning 

methods for robotic arms: graph search-based algorithm, 

artificial potential field method, random sampling method 

and deep reinforcement learning method [3]. The 

algorithm based on graph search needs to be discretized in 

the whole planning space, so it is not suitable for the space 

with higher latitude. The artificial potential field method is 

easy to make the manipulator fall into the local minimum 

under the influence of the influence field, and the 

efficiency is greatly reduced. Methods based on deep 

reinforcement learning also have problems of poor process 

interpretability and stability [4]. 

The method based on random sampling is one of the most 

common methods for path planning of manipulators. Its 

core idea is to replace the complex actual planning space 

by the simple planning space obtained by sampling, so as 

to reduce the space complexity. the method based on 

random sampling is efficient and suitable for high-

dimensional space. Lavalle [5] proposed a classical RRT 

algorithm, which has strong exploration ability and 

probability completeness, but cannot guarantee the optimal 

solution and a large number of unnecessary waypoint 

searches. Frazzoli [6] proposed 𝑅𝑅𝑇∗  on the basis of 

RRT, which is an algorithm with asymptotic optimality. 

Compared with RRT, it adds two processes of re-selecting 

parent nodes and rewiring, Therefore, an optimal or 

suboptimal path can be found. Gammell [7] improved on 

the basis of 𝑅𝑅𝑇∗ and proposed the 𝐼𝑛𝑓𝑜𝑟𝑚𝑒𝑑 − 𝑅𝑅𝑇∗ 

algorithm. The principle is that after finding the first 

feasible solution, the subsequent sampling range is limited 

to a high-dimensional ellipsoid determined by the cost of 

the feasible solution. The convergence speed of 𝑅𝑅𝑇∗ is 

improved. 

To sum up, in order to solve the problem of low 

efficiency and too many redundant nodes in the 𝑅𝑅𝑇∗  

computing planning. In this paper, a distance constraint 

mechanism is introduced to improve 𝑅𝑅𝑇∗  and 

𝐼𝑛𝑓𝑜𝑟𝑚𝑒𝑑 − 𝑅𝑅𝑇∗, which can greatly reduce the search 

and expansion of unnecessary waypoints and plan a high-

quality path.  

2. Methodology 

2.1. Random tree growth distance constraint 

mechanism 

𝑅𝑅𝑇∗  algorithm has asymptotic optimality, but the 

random number growth in the sampling process has a 

strong blindness, thus reducing the efficiency of the 

algorithm. 𝐼𝑛𝑓𝑜𝑟𝑚𝑒𝑑 − 𝑅𝑅𝑇∗  Although the sampling 

points can be limited to an ellipse, the expansion of random 

trees within the ellipse is still blind. Therefore, this paper 

proposes a distance constraint mechanism, which 

introduces the current lowest cost path length. When the 
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random tree is extended, the minimum actual cost to reach 

the new node is calculated plus the Euclidean distance 

from the new node to the end point. If the estimated 

distance is greater than the current lowest cost path length, 

the new node will not be extended, which increases the 

search efficiency of the algorithm to a certain extent. A 

condition that determines whether a new node can be 

expanded: 

𝑔𝑇(𝑥𝑛𝑒𝑤) + ℎ̂(𝑥𝑛𝑒𝑤) < 𝑐𝑏𝑒𝑠𝑡 (1) 

Where 𝑔𝑇(𝑥) represents the minimum actual cost from 

the starting point to the new node, ℎ̂(𝑥) represents the 

Euclidean distance from the new node to the end point, and 

𝑐𝑏𝑒𝑠𝑡  is the current lowest cost path length. 

Similarly, the current lowest cost path length is also 

introduced in the process of rewiring in random trees. 

When a new node is selected as the parent node at a certain 

point in the neighborhood, if the minimum actual cost to 

reach the point plus the Euclidean distance from the point 

to the end point is greater than the current lowest cost path 

length, the parent node of the node will not be replaced. A 

condition that determines whether a node in the 

neighborhood can replace the parent node: 

𝑔𝑇(𝑥𝑛𝑒𝑤) + ||𝑥𝑛𝑒𝑤 − 𝑥𝑛𝑒𝑎𝑟|| + ℎ̂(𝑥𝑛𝑒𝑎𝑟) < 𝑐𝑏𝑒𝑠𝑡 (2) 

Where ||𝑥𝑛𝑒𝑤 − 𝑥𝑛𝑒𝑎𝑟||indicates the Euclidean distance 

between 𝑥𝑛𝑒𝑤  and 𝑥𝑛𝑒𝑎𝑟 . 

2.2. Random sampling point optimization strategy 

𝑅𝑅𝑇∗  and 𝐼𝑛𝑓𝑜𝑟𝑚𝑒𝑑 − 𝑅𝑅𝑇∗ algorithms have the 

problem of poor uniformity in the random sampling of 

points in space, so the space cannot be explored more fully. 

A random point sampling method based on halton 

sequence is proposed for reference to halton sequence. 
Random sampling method (Fig.1) and halton sequence-

based sampling method (Fig.2) are shown in the figure 

below. 

 

 

 

 

 

 

 

 

 

 

 

 

Fig.1 Random sampling method 

 

Fig.2 Sampling method based on halton sequence 

It can be observed that the sampling points in the upper 

left part of Fig. 1 are sparse, while the middle part is dense. 

In Fig. 2, the distribution of sampling points is more 

uniform, thus improving the ability to explore the space. 

3. Algorithm simulation analysis 

In order to verify the validity of the distance constraint 

mechanism, the  𝑅𝑅𝑇∗，  𝐼𝑛𝑓𝑜𝑟𝑚𝑒𝑑 − 𝑅𝑅𝑇∗ and the 

improved  𝐷𝐶 − 𝑅𝑅𝑇∗ and 𝐷𝐶 − 𝐼𝑛𝑓𝑜𝑟𝑚𝑒𝑑 − 𝑅𝑅𝑇∗ 

are simulated and analyzed experimentally in a three-

dimensional environment. 

In MATLAB, simulation experiments in simple and 

complex obstacle avoidance environments are set 

respectively. The simulation environment was set to the 

three-dimensional space of [0.2 × 0.12 × 0.2], the search 

starting point was [−0.09 0.37 0.1], the target point was 

[0.09 0.43 0.1] , the exploration step was 0.01, and the 

number of iterations was set to 100 to reduce the 

randomness of the algorithm. The experimental results are 

shown in the figure and table below.
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 a.  𝑅𝑅𝑇∗ algorithm tracing                b.  𝐷𝐶 − 𝑅𝑅𝑇∗ algorithm tracing 

           

      c. 𝐼𝑛𝑓𝑜𝑟𝑚𝑒𝑑 − 𝑅𝑅𝑇∗ algorithm tracing      d. 𝐷𝐶 − 𝐼𝑛𝑓𝑜𝑟𝑚𝑒𝑑 − 𝑅𝑅𝑇∗ algorithm tracing 

Fig.3 Algorithm tracing in 3D simple scenes 

Table 1.  Performance comparison of algorithms in 3D simple scenes. 

algorithm average path length /m average running time /s Node usage /% 

 𝑅𝑅𝑇∗ 0.2042 6.67 6.62% 

𝐷𝐶 −  𝑅𝑅𝑇∗ 0.1934 5.41 10.96% 

𝐼𝑛𝑓𝑜𝑟𝑚𝑒𝑑 − 𝑅𝑅𝑇∗ 0.1930 8.42 6.38% 

𝐷𝐶 − 𝐼𝑛𝑓𝑜𝑟𝑚𝑒𝑑 − 𝑅𝑅𝑇∗ 0.1906 5.72 12.31% 

As shown in Fig. 3, The blue line represents the extended 

branch, and the green line represents the final path. 𝑅𝑅𝑇∗ 
produces many useless branches. 𝐼𝑛𝑓𝑜𝑟𝑚𝑒𝑑 − 𝑅𝑅𝑇∗ 

also has some useless branches, but fewer than  𝑅𝑅𝑇∗. The 

final path of the two is tortuous and the path length is long. 

After the introduction of distance constraint mechanism, 

the useless branches of 𝐷𝐶 −  𝑅𝑅𝑇∗  and 𝐷𝐶 −

𝐼𝑛𝑓𝑜𝑟𝑚𝑒𝑑 − 𝑅𝑅𝑇∗  are significantly reduced, the final 

path is smoother and the path length is shorter. Combined  

 

 

 

 

 

with the data in Table 1, the average path of 𝐷𝐶 −  𝑅𝑅𝑇∗ 

is reduced by 5.29% from 0.2042m to 0.1934m compared 

with  𝑅𝑅𝑇∗ . The average running time decreased by 

18.90% from 6.67s to 5.41s; The node utilization rate is 

increased from 6.62% to 10.96%, and the average path of 

𝐷𝐶 − 𝐼𝑛𝑓𝑜𝑟𝑚𝑒𝑑 − 𝑅𝑅𝑇∗ and 𝐼𝑛𝑓𝑜𝑟𝑚𝑒𝑑 − 𝑅𝑅𝑇∗  is 

reduced from 0.1930m to 0.1906m by 1.24%. The average 

running time decreased by 32.07% from 8.42s to 5.72s; 

Node usage increased from 6.38% to 12.31%.
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a.  𝑅𝑅𝑇∗ algorithm tracing                 b.  𝐷𝐶 − 𝑅𝑅𝑇∗ algorithm tracing 

           

   c. 𝐼𝑛𝑓𝑜𝑟𝑚𝑒𝑑 − 𝑅𝑅𝑇∗ algorithm tracing         d. 𝐷𝐶 − 𝐼𝑛𝑓𝑜𝑟𝑚𝑒𝑑 − 𝑅𝑅𝑇∗ algorithm tracing 

Fig.4 Algorithm tracing in 3D complex scenes 

Table 2.  Performance comparison of algorithms in 3D complex scenes. 

algorithm average path length /m average running time /s Node usage /% 

 𝑅𝑅𝑇∗ 0.2191 17.16 7.63% 

𝐷𝐶 −  𝑅𝑅𝑇∗ 0.2056 18.42 14.75% 

𝐼𝑛𝑓𝑜𝑟𝑚𝑒𝑑 − 𝑅𝑅𝑇∗ 0.2003 20.41 7.01% 

𝐷𝐶 − 𝐼𝑛𝑓𝑜𝑟𝑚𝑒𝑑 − 𝑅𝑅𝑇∗ 0.1965 21.95 16.66% 

Fig. 4 shows the planning results of the algorithm in a 

complex environment. Combined with the data in Table 2, 

the average path of 𝐷𝐶 −  𝑅𝑅𝑇∗  decreases by 6.16% 

from 0.2191m to 0.2056m compared with  𝑅𝑅𝑇∗ . The 

average running time is 17.16s and 18.42s respectively, the 

node utilization rate is increased from 7.63% to 14.75%, 

and the average path of 𝐷𝐶 − 𝐼𝑛𝑓𝑜𝑟𝑚𝑒𝑑 − 𝑅𝑅𝑇∗  is 

reduced from 0.2003m to 0.1965m, a decrease of 1.89%. 

The average running time was 20.41s and 21.95s 

respectively, and the node utilization rate increased from 

7.01% to 16.66%. 

According to the analysis, since the introduction of 

distance constraint mechanism reduces the expansion of 

nodes that are useless for optimizing the path, the node 

utilization rate is higher, and the node distribution is more 

concentrated near the final path, then the node is more 

likely to optimize the cost of the current path. Secondly, 

although the introduction of distance constraint 

mechanism reduces the expansion of useless nodes, the 

nodes are more concentrated. In a simple obstacle 

avoidance environment, the time to reduce the expansion 

of useless nodes is greater than the time to increase the 

process of parent node re-selection and rewiring, so the 

average running time is reduced. In complex obstacle 

avoidance environments, parent node reselecting and 

rewiring processes increase the time more than the time to 

reduce the expansion of useless nodes, so the average 

running time increases. The distance constraint mechanism 

proposed in this paper enables the algorithm to select and 

optimize the path with higher efficiency during operation, 

which makes the node utilization rate increase and the final 

path length decrease. Especially in the simple obstacle 

avoidance environment, the search efficiency of the 

algorithm is improved to a large extent. 

4. Conclusion 

In this paper, a motion planning algorithm based on 

 𝑅𝑅𝑇∗ and 𝐼𝑛𝑓𝑜𝑟𝑚𝑒𝑑 − 𝑅𝑅𝑇∗  with distance constraint 

mechanism is proposed to improve the problems of low 

exploration efficiency and poor planning path in the 

current motion planning tasks of robotic arms under 

different complexity scenarios. It mainly reduces the 

expansion of useless nodes when the random tree grows, 

so that the algorithm can select and optimize the path with 
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higher efficiency when running. Combined with halton 

sequence sampling method, the space exploration ability 

of the algorithm is improved. The simulation results show 

that 𝐷𝐶 −  𝑅𝑅𝑇∗  and 𝐷𝐶 − 𝐼𝑛𝑓𝑜𝑟𝑚𝑒𝑑 − 𝑅𝑅𝑇∗  can 

reduce the path length, improve the node utilization rate, 

and improve the search efficiency of the algorithm to a 

large extent, especially in simple environment. 
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