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Abstract. Path planning problems are classical optimization problems in many 
fields, such as computers, mathematics, transportation, robots, etc., which can 
be described as an optimization problem in mathematics. In this paper, the 
mathematical model of obstacle environment is established. The characteristics 
of neural network algorithm, simulated annealing algorithm and adaptive varia-
ble stepsize via linear reinforcement are studied respectively. A new neural 
network 3D space obstacle avoidance algorithm for mobile robot is proposed, 
which solves the problem of the computational duration and minimum distance 
of the traditional neural network obstacle avoidance algorithm in solving the 
optimal path. According to the characteristics of the improved neural network 
algorithm, it is fused with a variety of algorithms to obtain the optimal path al-
gorithm that achieves the shortest path distance and meets the requirements of 
obstacle avoidance security. The simulation experiment of the algorithm is sim-
ulated by Matlab. The results show that the improved neural network spatial ob-
stacle avoidance algorithm based on the multiple algorithms proposed in this 
paper can effectively accelerate the convergence speed of path planning, realize 
the minimum path distance, and achieve very good path planning effect. 

Keywords: Global path planning, Obstacle avoidance algorithm, Improved 
neural network algorithm, Adaptive variable stepsize, Simulated annealing 

1 Introduction 

Path planning has a wide range of applications in many areas, such as traffic, logis-
tics, routing search for communication systems, robot walking route planning, 
etc.[1,2]. Demand for drones and underwater vehicles is growing, the 3D path plan-
ning issues involved are complex, so the use at civil and commercial areas is still very 
limited [3,4]. The path planning problem can be expressed as a mathematical multi-
objective optimization problem, so the path planning problem is transformed into 
solving the corresponding mathematical optimization problem [5,6]. At present, in the 
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study of global path planning problems based on environmental prior information, the 
typical methods proposed in [7,8,9] are visibility graph, artificial potential field meth-
od and so on. The advantage of the visibility graph is that the shortest path can be 
obtained, but there is a drawback of the combined explosion problem. The artificial 
potential field method overcomes the combinatorial explosion problem by finding the 
minimum value point of the path point energy function, avoiding the combined explo-
sion problem, but has the problem of local minimum value and is not suitable for 
finding the shortest path. Since the computational time of deterministic algorithms 
and complexity increases exponentially with the dimensions of the configuration 
space, these algorithms cannot provide a reliable solution for real-time applications 
[10,11].  

In order to solve the problem of mobile robot movement in 3D environment, it is 
an effective method to apply neural network to mobile robot motion trajectory auto-
matic generation and mobile robot path planning in literature. Neural network path 
planning algorithm introduces the network structure method according to the basic 
idea of the artificial potential field method. The calculation is simple and can avoid 
some local extreme values [12,13]. In this paper, the simulated annealing algorithm is 
used to optimize the collision penalty function of the neural network algorithm. The 
adaptive variable step size algorithm is used to optimize the iterative step size pa-
rameters of the neural network algorithm. The two algorithms complement each other 
to further achieve the optimization effect. Therefore, based on the algorithm, an im-
proved algorithm for neural network path planning based on adaptive variable step-
size via linear reinforcement and simulated annealing algorithm is proposed. It not 
only has the advantages of the original algorithm, but also runs faster than the original 
algorithm. In particular, the planned collision-free path can quickly reach the shortest 
path of the destination, basically meeting the needs of real-time path planning. 

The rest of this paper is structured as follows: Sect. 2 is the main part of this paper. 
It will briefly introduce the principles and specific steps of traditional neural network 
obstacle avoidance algorithms, and show the description of obstacles and ob-stacle 
modeling. Sect. 3 improved neural network 3D obstacle avoidance path planning 
algorithm is proposed, which solves the problem of the computational duration and 
minimum distance when the traditional algorithm solving the optimal path. And in 
Sect. 4 the problem of the improved neural network in solving the nonconvex optimi-
zation problem is obtained, and the algorithm is combined with the continuous simu-
lated annealing algorithm. Sect. 5 based on the previous algorithm, the adaptive selec-
tion of the step size is realized by the linear reexcitation learning method. Its future 
development trends are studied in Sect. 6. 

2 Related work 

2.1 Principle of neural network obstacle avoidance algorithm 

As a highly parallel distributed system, neural network provides a great possibility to 
solve the problem of high real-time requirements of robot systems, and is applied to 
intelligent autonomous mobile robot navigation and path planning. In this section, the 
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idea of solving the path planning problem is using neural network to describe the 
environmental constraints and calculate the collision energy function. The sum of the 
collision energy function and the distance function of the iterative path point set is 
used as the optimization objective function, and the optimization objective function is 
obtained. The extremum determines the equation of motion for the point set and even-
tually makes the set of iterative path points tend to the optimal planning path. 

2.2 Neural network modeling of obstacles 

The collision penalty function of a path is defined as the sum of the collision penalty 
functions of each path point, and the collision penalty function of one point is ob-
tained through its neural network representation of each obstacle. The obstacle is 
assumed to be a polygon, which can be represented by a set of linear inequalities, so 
that the points in the obstacle must satisfy the limits of all inequalities. Fig. 1(a) 
shows neural network from a penalty function to an obstacle. The bottom two nodes 
represent the coordinates x and y of the given path point respectively. Each node of 
the middle layer corresponds to an inequality constraint of the obstacle. The connec-
tion weight coefficients of the bottom layer and the middle layer are equal to the x and 
y front of the inequality. The coefficient of each node in the middle layer is equal to 
the constant term in the corresponding inequality. The connection weight from the 
middle layer to the top layer is 1, and the threshold of the top node is taken as the 
number of inequalities minus the negative number after 0.5. 

The operational relationships in the neural network model are: 

 （ ）0C = f I  (1) 

 
M

0 Hm T
m=1

I = O +θ  (2) 

 Hm HmO = f(I )  (3) 

 Hm xm i ym i zm i HmI = w + x + w y + w z + q  (4) 

Where ix , iy are the horizontal and vertical coordinates of the path point, C is the top 
node output, 0I  is the top node input, Tθ  is the top node threshold, HmO  is the output 
of the m-th node middle layer, HmI  is the m-th node the middle layer input,  Hmθ  is 
the threshold of the m-th node of the middle layer, xmw , ymw  is the coefficient of the 
m-th inequality constraint. The sigmoid function is selected as the excitation function 
shown in equation (5). 

 -x / T

1f(x)=
1+e

 (5) 

Fig. 1(c) shows the shape of the single obstacle collision penalty function in the 
two-dimensional obstacle environment of the mobile robot obtained by the simulation 
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of the collision penalty function, which corresponds to the environment shown in Fig. 
1(b). 
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(a)                                                    (b)                                                   (c) 

Fig. 1. (a) Neural network model of a single obstacle. (b) Single obstacle model. (c) Single 
obstacle collision penalty function shape in two-dimensional obstacle environment. 

The working environment of mobile robots often has multiple obstacles, and one 
path is also composed of multiple path points, so the collision penalty function of one 
path point is defined as the sum of the collision penalty functions of all intermediate 
path points on the path. The collision penalty function of a point is obtained through 
its neural network representation of each obstacle. Fig. 2(a) shows a neural network 
model of multiple obstacle environments. In this way, as long as the x coordinate and 
the y coordinate of each intermediate point of the path are sequentially input to each 
layer, the model output is the total energy of the collision penalty function corre-
sponding to the entire path to be adjusted.  
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(a)                                                                          (b) 

Fig. 2. (a) Multiple obstacle model. (b) Multi-obstacle collision penalty function shape in 2D 
obstacle environment. 

Based on the simulation results of Fig. 2(b) and Fig. 1(c), it can be concluded that the 
collision energy function of the iterative path point set can accurately describe the 
obstacle environment of the mobile robot. Combined with the distance function of 
another factor that path planning should consider, the obstacle environments can suc-
cessfully realize the static environment path planning task of mobile robot. 

2.3  Path point motion equation 

The entire path corresponds to the energy of the collision function as follow, 

4 ICIRA2019, 019, v3 (final): ’Improved neural network 3D space obstacle avoidance algori� . . .



5 

 
N K

k
c i

i=1 k=1
E = C  (6) 

Where K is the number of obstacles, N is the number of path points, k
iC  represents 

the collision function of the i-th path point P( ix , iy , iz ) against the k-th obstacle. 
The energy corresponding to the length of the path is defined as the sum of the 

squares of the lengths of all the line segments, for all path points P( ix , iy , iz ), that is 

 
N-1

2 2 2
l i+1 i i+1 i i+1 i

i=1
E = (x -x ) +(y -y ) +(z -z )  (7) 

The total energy function of the entire path is defined as 

 l l c cE=w E +w E  (8) 

Where lw   and cw  respectively represent the weighting of each part. 
The above analysis shows that the shorter the path, the smaller the energy function 

E and the smaller the collision penalty function value, and the farther the path is from 
the center of the obstacle, the smaller the energy function E is. 

If E is used to derive the derivative of time 
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And the dynamic equation of motion about the point P( ix , iy , iz ) is 

 1

K M•
' k ' k k

i l i i-1 i+1 c I i Hm i xm
k=1 m=1

x =-η {2w (2x -x -x )+w f [(T ) ][ f [(I ) ]w ] }   (10) 

 1

K M•
' k ' k k

l i i-1 i+1 c I i Hm i ymi
k=1 m=1

y =-η {2w (2y -y -y )+w f [(T ) ][ f [(I ) ]w ] }   (11) 

 1

K M•
' k ' k k

i l i i-1 i+1 c I i Hm i zm
k=1 m=1

z =-η {2w (2z -z -z )+w f [(T ) ][ f [(I ) ]w ] }   (12) 

Where 

 ' 1f (g)= (g)(1-f(g))
T

 (13) 
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And 

 
•

i 2 i i-1 i+1x =-η (2x -x -x )  (14) 

 
•

2 i i-1 i+1iy =-η (2y -y -y )  (15) 

 
•

i 2 i i-1 i+1z =-η (2z -z -z )  (16) 

2.4 Traditional neural network obstacle avoidance algorithm steps 

The initial path point sequence selects a uniformly distributed point sequence on the 
line connected from the start point to the end point. The entire energy is a function of 
the various path points, moving each path point in a direction that reduces energy. In 
the traditional path planning algorithm, different dynamic equations of motion are 
selected according to different locations of the path points located inside and outside 
the obstacle. 

First, three assumptions are made here: (1) The obstacle is a plane figure enclosed 
by polygons. (2) The robot is a circular point robot, and the size of the obstacle has 
been appropriately expanded according to the radius of the robot. (3) The obstacle is 
static. 

The traditional neural network obstacle avoidance algorithm steps are as follows: 
Step 1. Enter the coordinates of the starting point P( 1x , 1y , 1z ) and the target point 

( Nx , Ny , Nz ). For t=0, the initial path is generally taken as a point array uniformly 
distributed on the straight line from the starting point to the target point. 

 i 1 N 1x =x +i(x -x )/(N-1)  (17) 

 i 1 N 1y =y +i(y -y )/(N-1)  (18) 

 i 1 N 1z =z +i(z -z )/(N-1)  (19) 

Step 2.  For the path point P( ix , iy , iz ), i=2, 3,..., N-1, the parameters are 

l cw =w =0.5 , 1η =0.1, 2η =2.5 , 
If P( ix , iy , iz ) is in the obstacle, move according to equation (10)~(12) , 
If P( ix , iy , iz ) is outside the obstacle, move according to equation (14)~(16) . 
Step 3.  Repeat step 2 until the path converges. 

3 Improved neural network obstacle avoidance algorithm 

3.1 Principle of improved neural network obstacle avoidance algorithm 

In each iteration of the improved algorithm, if the line connecting any one of the path 
points and the target point does not collide with the obstacle, the coordinates of all the 
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path points following the path point take the same value as the coordinates of the path 
point. This method allows the path to converge quickly to the shortest path without 
collision. The improved algorithm avoids the modeling of space by collision detection 
of sampling points in the state space, and can effectively solve the path planning prob-
lem of high dimensional space and complex constraints.  

3.2 Steps of improved neural network obstacle avoidance algorithm  

The improved fast neural network path planning algorithm is given below: 
Step1. After determining the starting point and the target point, connect the starting 

point and the target point and evenly take n intermediate path points, same as the 
traditional algorithm. 

Step2. Connect the target point to the first, second, and n-th path points, and de-
termine whether the two points are in collision with the obstacle. 

Step3. If the connecting line of the two points does not collide with the obstacle, 
then all the path point coordinates after the path point are taken to be the same as the 
path point. 

Step4. If the two-point connection line collides with the obstacle, return to step 1, 
recalculate the target point according to the path planning method of the neural net-
work, and connect with the target point again until the target point and the intermedi-
ate path point connection does not collide with the obstacle. Here, in order to solve 
the safety problem of the path planning of the mobile robot, the obstacle can be sub-
jected to a series of puffing treatment. 

The execution result of the path planning algorithm is shown in Fig. 3. 

 

 
Fig. 3. Above: Single obstacle and multi-obstacle obstacle avoidance planning in two-

dimensional space. Below: Multi-obstacle obstacle avoidance in three-dimensional space. 

3.3 Comparison of algorithm performance 

The following Fig. 4 shows the trajectory comparison of the traditional neural net-
work obstacle avoidance algorithm and the improved neural network obstacle avoid-
ance algorithm. The red line is the traditional algorithm and the green line is the im-
proved algorithm. 
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Fig. 4. Obstacle avoidance path planning algorithm based on traditional neural network method 

and improved neural network obstacle avoidance algorithm 

Since the traditional neural network will judge whether each path point is outside the 
obstacle in each iteration step, the improved algorithm only needs to judge whether 
the connection line between each path point and the target point collides with the 
obstacle. If the line do not collide, only other path points need to be judged to be re-
lated to obstacles, which saves running time and iteration times. By comparison, the 
path planned by the traditional neural network obstacle avoidance algorithm is not the 
optimal path, the path is long, the number of iterations is large, and the running time 
is long. The improved neural network obstacle avoidance algorithm can ensure the 
path is smooth and shortest, and can also reduce unnecessary iterative and obstacle 
collision detection steps, save path planning time. 

4 Simulated annealing algorithm 

4.1 Principle of simulated annealing algorithm 

Simulated annealing is a random search method that is inspired by the annealing pro-
cess. The basic idea is to first set the temperature to a level high enough that most of 
the random motion directions are feasible, and a relatively low target area can be 
found in a relatively large space. As the temperature slowly decreases according to 
certain rules, the probability that each direction is selected will become different, and 
of course the accuracy of the search will continue to increase. 

4.2 Parameter setting 

When using the simulated annealing algorithm to solve the optimization problem, 
whether the parameter setting is reasonable or not greatly affects the performance of 
the algorithm. However, in practical applications, the algorithm is only required to 
give a solution that satisfies the accuracy in a reasonable time. In order to meet the 
requirements of accuracy and efficiency, it is necessary to analyze and design several 
main parameters of the simulated annealing algorithm and set the size reasonably. 

 Initial temperature 0T   selection.  
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When the value of the parameter T is different, the model diagram of the obstacle is 
as shown in Fig. 5. It can be obtained through simulation that when the parameter T 
taken in (5) is appropriate, the collision penalty function can accurately reflect the 
distribution of obstacles in the environment where the mobile robot is located. 

 
(a)                                         (b)                                      (c)                                            (d) 

Fig. 5. (a) 3D model of single obstacle at T=0.01. (b) 3D model of single obstacle at T=0.05. 
(c) 3D model of multiple obstacles at T=0.01. (d) 3D model of multiple obstacles at T=0.05. 

 Selection of temperature drop function.  

Using the relationship between the parameter T and the penalty function energy sur-
face, by starting with a higher "temperature" T, the path point is coarsely adjusted, 
then gradually decreasing T, and fine-tuning the path point to achieve simulated an-
nealing effect. 

It can be shown that when the "temperature" T changes according to the following 
rules: 

 a

0

T (t) 1=
T log(1+t)

 (20) 

Since the convergence speed is slower according to the above formula, the follow-
ing simulated annealing law can be adopted: 

 aTT(t)=
1+t

 (21) 

Adopting this rule greatly accelerates the convergence speed and shortens the cal-
culation time of path planning.  

4.3 Steps of simulated annealing and improved algorithm combined 

In this algorithm, the simulated annealing algorithm is combined with the improved 
neural network obstacle avoidance algorithm obtained in Chapter 3. The main steps 
can be described as follow: 

Step1. According to the method in Sect. 3  to generate uniform track points. And 
determine the initial temperature  0T . 

Step2. For the path points P( ix , iy , iz ) , the derivatives of the points in the x, y, z 
direction are calculated according to the improve algorithm, thereby performing itera-
tive operations and moving . 
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Step3. Repeat step 2 until the temperature is reached at the internal circulation 
stop condition (sampling stability condition), then go to step 4; 

Step4. Decrease the temperature T according to equation (21) and proceed to step 
2. The search is terminated when the temperature T drops enough to converge the 
entire path to the global minimum. 

4.4 Comparison of algorithm performance 

In this paper, the simulation platform is used as the Matlab program, and the compari-
son of the results is shown in Table 1. In the table, the improved algorithm refers to 
the improved neural network algorithm in Chapter 3, and the optimization algorithm 
is combination of the simulated annealing method and the improved algorithm in 
Chapter 3. 

Table 1. Comparison of results of different algorithms 

Algorithm Number of iterations Time consuming /s 
Improved algorithm 310 1.319 
Optimized algorithm 140 0.688 

In the case where the results are same, the latter is nearly 1/2 faster than the former. 
The results in the above table show that the neural network is combined with the con-
tinuous simulated annealing algorithm to solve the non-convex optimization problem 
by using the local optimization ability. The results show that the combination of neu-
ral network and annealing algorithm overcomes the limitation of neural network for 
solving nonconvex optimization problems, and it is more efficient. 

5 Adaptive variable step size via linear reinforcement 

5.1 Principle of adaptive variable step size via linear reinforcement 

In the  improved NA algorithm in Sect. 3, the step rolling 1η , 2η  is constant. When 
the selection of 1η , 2η  is too large, the path planning will be divergent. When the 
selection of 1η , 2η  is too small, the convergence speed is slow, especially for differ-
ent planning path, there is no universal fixed step size, and sometimes it has to be re-
selected. 

In this paper, we combine this algorithm with the improved algorithm obtained in 
the previous chapter, use the idea of re-energized learning to find an adaptive variable 
step size algorithm to realize the automatic selection of step size, accelerate the con-
vergence speed of NA algorithm, and reduce the number of iterations of path plan-
ning. The basic idea of the adaptive variable step size algorithm is: if two iterations 
are repeated, the gradient direction foot is opposite to the sign, which means "falling 
too much", the step size is too large, the step size should be reduced, conversely, if it 
is consecutive iteration, the sign of the gradient direction is the same, which means 
that the decline is slow and has not reached a minimum, the step size should be in-
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creased. This paper adopts the following method in the combined algorithm, as the 
equation (22)~(23). 

 1 1η (n+1)=η (n)+λ sgn((E(n)-E(n-1)) (E(n-1)-E(n-2)))   (22) 

 2 2η (n+1)=η (n)+λ sgn((E(n)-E(n-1)) (E(n-1)-E(n-2)))   (23) 

Where λ   is a constant ranging from 0.001 to 0.003. The above algorithm actually 
utilizes and memorizes the symbol change information in the gradient direction. 

5.2 Comparison of algorithm performance 

The comparison of the results is shown in Table 2. In the table, the optimization algo-
rithm is combination of the adaptive variable step size algorithm and the chapter 4 
optimization algorithm. 

Table 2. Comparison of results of different algorithms 

Algorithm Number of iterations Time consuming /s 
Improved algorithm 310 1.319 
Optimized algorithm 30 0.0109 

Using this combined algorithm for path planning, the same shortest obstacle avoid-
ance path as in Fig. 3 is obtained, and the convergence speed of path planning is near-
ly 10 times faster. The results in the above Table 2 show that the adaptive selection of 
the step size is realized by the linear re-excitation learning method, the path planning 
of the adaptive variable-step neural network path planning algorithm using adaptive 
variable stepsize via linear reinforcement algorithm is faster than the improved NA 
algorithm in the previous sections. 

6 Conclusion 

This paper mainly introduces an improved neural network obstacle avoidance 
method that combines multiple algorithm. which saves the planning time, effectively 
speeds up the convergence of path planning, and achieves the minimum path distance, 
achieving very good path planning results. The innovations of this paper includes: (a) 
A new neural network 3D space obstacle avoidance algorithm for mobile robot is 
proposed, which solves the problem of the computational duration and minimum 
distance of the traditional neural network obstacle avoidance algorithm in solving the 
optimal path. (b) The characteristic of the algorithm is combined with a variety of 
algorithms to obtain an optimal path algorithm that achieves the shortest path distance 
and meets the requirements of obstacle avoidance security. The improved neural net-
work spatial obstacle avoidance algorithm based on the proposed algorithm can com-
bine the advantages of each algorithm to achieve the path obstacle avoidance plan-
ning. (c) The characteristics of neural network algorithm, simulated annealing algo-
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rithm and linear re-energized adaptive variable step size algorithm are studied respec-
tively, and their advantages are combined to form a new algorithm. 

The future work mainly includes: (a) Adding fuzzy control algorithm to neural 
network path planning algorithm to solve obstacle avoidance problems in dynamic 
environments. (b) Combining powerful visual directions to solve the problem of ob-
stacle avoidance in unknown 3D space. 
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