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Abstract: We propose a path generation method that combines a multilayer neural network (MLN) and a rapidlyexploring random tree (RRT), which is a path-planning method that uses random numbers. Specifically, an MLN that
recalls the midpoint of the path is constructed using the data set created from RRT. The recall of the midpoint using this
neural network is repeated and the path is generated. Through this method, it is possible to generate a repeatable path by
using MLN at high speed.
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1. INTRODUCTION
Numerous methods have been proposed for the generation of paths (path planning) for the movement of robots
or for achieving postural changes while avoiding obstacles. For example, potential methods, methods based on
random-number generation, optimization methods, etc.
are well known. Among them, rapidly-exploring random
tree (RRT) [1], which is based on random-number generation, is widely used owing to its high probability of path
discovery. RRT is a metaheuristic algorithm designed to
efficiently search high- dimensional regions, and it connects randomly sampled nodes to generate a path. In addition, it is particularly suited to problems of path planning with faults and constraints, and by applying smoothing processing to the generated path, it is possible to generate high-quality paths. However, as random numbers
are used, there is a problem that the paths generated for
the same pair of start and end points change each time a
trial is performed.
Various methods for generating paths using machine
learning have been proposed, and there are methods using neural networks（NNs）[2] and methods combining
reinforcement learning and NN[3]. With these methods,
it becomes possible to generate a path at high speed after
learning. Further, unlike the above-described method, the
same path is generated for the same pair of start and end
points. However, with these methods, it is necessary to
prepare a large number of annotation data sets for learning; moreover it is impossible to explicitly consider the
physicality of the robot as prior knowledge.
To solve these problems, a path-planning method that
combines metaheuristic and NN has been proposed[4].
In this method, an RRT and long short-term memory
(LSTM) network are used. This network recalls the path
to avoid obstacles in certain environments. Although
this network is small in scale, high-speed path generation is possible. However, this method requires compli-

cated hyperparameter adjustment and learning strategies.
Thus, in this paper, we propose a simple method using
a multilayer neural network (MLN) to demonstrate that
path generation based on the same strategy is possible
even with an NN with a different structure from that of
an LSTM. In addition, we propose a hierarchical recall
method of a midpoint as a path-recalling method and a
network structure to realize it.

2. MULTILAYER NEURAL NETWORK
2.1 Dataset
Here, we describe the dataset used for MLN learning.
First, let C be the configuration space to search for the
path, for simplicity C ⊂ R2 , expressed as follows.
C = {x ≜ [x y]T xl ≤ x ≤ xu , xl ≤ y ≤ yu }

(1)

(n)

(n)

The start points xs ∈ C and end points xg ∈ C of
the paths used for learning are generated using random
numbers. Here, n = 1, · · · , N represents the number
of generated start points and end points. Subsequently,
a path p(n) is generated by RRT using pairs of start and
end points.
(n)

p(n) ≜ [xs(n) x1

(n)

(n)
· · · x(n)
m · · · xM xg ]
(n)

(2)

Here, m is the number of the node, xm ∈ C is the
node of the path generated by the RRT, and the sum of
the Euclidean distances between the nodes is called the
total distance of the path. The path in which the total distance of the generated paths largely deviates from the average value of the total distance of all paths is considered
to be poor in quality and is excluded from the subsequent
processing. Subsequently, the redundant paths are refined
using the path- pruning method， shortcut method[5]，Bspline method[6], etc. for the generated path. Finally, the
(n)
intermediate point xa of the generated path， the inter(n)
mediate point xb1 between the start point and the inter-

3.2 Structure of MLN recalling midpoint in multiple
stages
The procedure for path generation using the proposed
method of constructing and learning a layered MLN (LMLN) by recalling the midpoint in multiple stages is
shown below.
(1) Learn N1 using dataset D1 .
(5)
D1 = {x(n) , y (n) n = 1, · · · , N }
This constitutes an MLN recalling the intermediate
(n)
node x̂a .
(n)
(2) An input signal having the intermediate node xa
(n)
as its end point and a node xb1 intermediate therebetween as a teacher signal.
(n)

Fig. 1 Structure of MLN
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Fig. 2 Node of the recalling path
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mediate point， and the intermediate point xb2 between
the end point and the intermediate point are determined．
2.2 Learning MLN
The input vector x
expressed as follows.

and the teacher signal y

=

(n)
xb1

(6)
(7)

Using this dataset D2 , learn N2 .
(n)
(n)
(8)
D2 = {x2 , y2 n = 1, · · · , N }
(n)
This constitutes N2 , which recalls x̂b1 .
(n)
(3) An input signal having the intermediate node xa
(n)
as its start point and a node xb2 intermediate therebetween as a teacher signal.

path

(n)

= [x(n)T
x(n)T
]T
s
a

(n)

are

x(n) = [xs(n)T x(n)T
]T
g

(3)

y (n) = x(n)
a

(4)

Thus, the coordinates of the start point and the end point
are considered as input, and the MLN is learned by using
the coordinates of the midpoint of the path connecting the
two points as the supervised data. An error backpropagation learning method is used for learning. The structure
of the MLN is shown in Fig.1．

x3

(n)
y3

= [x(n)T
x(n)T
]T
a
g
=

(n)
xb2

(9)
(10)

Using this data set D3 , learn N3 .
(n) (n)
(11)
D3 = {x3 y3 n = 1, · · · , N }
(n)
This constitutes N3 , which recalls x̂b2 . This is the
learning phase.
(4) The starting and ending points are input to N1 and
(n)
(n)
(n)
the three points x̂a , x̂b1 , and x̂b2 are recalled using the three learned MLNs. Finally, we create these
paths by connecting these five points.

3. RETRIEVAL OF PATH BY MLN
3.1 Strategies for path generation
Regarding path generation targeting C including obstacles, in many examples, the midpoint of the path to be
generated, and furthermore the midpoint are important; if
they are determined, the path is often obtained. Therefore, in this study, we first determine the midpoint between the start point and the end point, and thereafter use
a strategy to generate the path by generating the above
point and the intermediate point between the start point
and the end point. Fig.2 shows the outline of the generated path.

Fig. 3 Structure of L-MLN recalling midpoint in multiple stages

4.1 Two-dimensional environment
The two-dimensional environment shown in Fig.4 was
set as C2 . In addition, Cs ⊂ C2 and Cg ⊂ C2 were set
as areas to define the start and end points as follows.
Cs = {[xs ys ]T − 1.0 ≤ xs ≤ −0.5, 0.5 ≤ ys ≤ 1.0}
Cg = {[xg yg ]T 0.5 ≤ xg ≤ 1.0, −0.5 ≤ yg ≤ −1.0}
Thus, consider the problem of generating a path connecting the start point and the end point arbitrarily set from
each region. We used Chainer[7] as a framework for constructing and learning the L-MLN and verified it in the
environment shown in Table 1. The RRT implemented in
the open motion planning library（OMPL）[8] was used
to generate the data set of the path used for learning.

Table 2 Parameters of MLN
Item
Number of input dimensions
Number of output dimensions
Number of intermediate layers
Number of middle layer units
Mini-batch size
Error function
Activation function
Adjustment of learning rate
0.10

1.0

0.5

0.06
0.0

0.04
−0.5

0.02

4.1.1 Learning N1
First, using uniform random numbers, we generated
(n)
(n)
xs ∈ Cs and xg ∈ Cg with n = 1100. Subsequently, an RRT was applied to these sets to generate
1100 different paths. In the proposed method, the path
is generated by connecting the three points recalled by
the L-MLN, the start point, and the end point, but the
smoothness of the path decreases because the number of
nodes decreases.
When the path passing near the obstacle is approximated by a path with a small number of nodes, the possibility of collision is high, and hence, the generated path
is restricted so as not to pass at a distance of 0.1 m from
the obstacle. Specifically, the outer periphery of the obstacle was inflated by 0.1 m and the RRT was applied. By
(n)
refining each path, p(n) was generated to generate xa ，
(n)
(n)
xb1 ，and xb2 . Further, 1000 sets out of 1100 sets of
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4. SIMULATION
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Fig. 5 Result of recall of x̂a by N1 .

data, n = 1, · · · , 1000, were used as training data and
the remaining 100 groups were used as test data.
Subsequently, we learned the generated data set. Table2 shows the main parameters of the MLN used for
learning. Fig.5 shows the decrease in error function with
the progress of learning and the distribution of intermediate points recalled by inputting test data to N1 after learning.
4.1.2 Learning N2
An input vector and an output vector were generated as
shown in eq. (6) and eq. (7), respectively, with the start
(n)
(n)
point of the path as xs and the intermediate point xa
as the end point of the path. Subsequently, these data sets
were learned by N2 . The network parameter of N2 was
set to be the same as N1 .
Fig.6 (a) shows that the error function decreased with
the progress of learning. Fig.6 (b) shows the distribution
(n)
of the recalled intermediate points x̂b1 by the trained N2 .
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Fig. 4 Two-dimensional simulation environment
Table 1 Computer environment
Item
OS
CPU
RAM
Python Version

Details
Ubuntu14.04 LTS(64bit)
Intel Core i7-6700 3.40GHz
DDR3-1600 8GB
2.7.12

4.1.3 Learning N3
An input vector and an output vector were generated
as shown in eq. (9) and eq. (10), respectively, with the
(n)
intermediate point xa as the start point of the path and
(n)
xg as the end point of the path. Subsequently, these
data sets were learned by N3 . The network parameter of
N3 was set to be the same as N1 .
Fig.7 (a) shows that the error function decreased with
the progress of learning. Fig.7 (b) shows the distribution
(n)
of the recalled intermediate points x̂b2 by the trained N3 .
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Fig. 6 Result of recall of x̂b1 by N2
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Fig. 8 Paths recalled by L-MLN in two dimensions
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Fig. 7 Result of recall of x̂b2 by N3

4.1.4 Path generation in two-dimensional environment
The path generation was simulated using all the
learned MNLs. An example of a path obtained by randomly generating a starting point and ending point from
Cs and Cg and inputting them to the L-MNL is shown
in Fig.8. It was confirmed that collision of obstacle did
not occur for the starting and ending points of all 100 test
data sets. In addition, the time required for learning by
L-MLN was approximately 2.4 s, and the time required
for path generation was approximately 4.0 ms to 4.5 ms
per path.
4.2 Three-dimensional environment
Similar path-generating simulations were performed
on the three-dimensional environment C3 shown in Fig.
9. A start area Cs ⊂ C3 and an end area Cg ⊂ C3 were
set as follows:
Cs ={[xs ys zs ]T 0 ≤ xs ≤ 5, 15 ≤ ys , zs ≤ 20},
Cg ={[xg yg zs ]T 15 ≤ xg ≤ 20, 0 ≤ yg , zs ≤ 5}.
The main learning parameters of the L-MLN are shown
in Table 3.
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Fig. 9 Three-dimensional simulation environment

Table 3 Parameters of MLN
Item
Number of input dimensions
Number of output dimensions
Number of intermediate layers
Number of middle layer units
Mini-batch size
Error function
Activation function
Adjustment of learning rate

Details
6
3
4
30
50
mean squared error
ReLU function
Adam

configuration space and construct a network that can input environment information such as obstacles.
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