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Abstract 

Application of Polynomial Neural Networks( PNN) 
in mobile robot path planning with an obstacle 
avoidance scheme is proposed. Given an environ- 
ment and a desired goal location (position and and 
orientation), PNN’s are built from some selected 
starting locations to reach this goal. These PNNs 
comprise the meniory of our model. An efficient as- 
sociative retrieval technique is then applied to make 
the robot follow a minimal cost polynomial path. 
In the movement, when it faces an obstacle, the 
robot uses a contour finding algorithm to get away 
from the obstacle. The major advantage of using the 
PNNs is its interpolating capability with a moder- 
ate size of data space. Also no preprocessing of the 
range data is necessary. 

1 Introduction 

Finding a minimal cost and collision free path be- 
tween a start point and a goal point in a given envi- 
ronment has long been an important research area 
in mobile robot navigation. Two of the pioneering 
works in the field of path planning for mobile robot 
in the known and unknown dynamic environment 
are configuration space approach [I] and the poten- 
tial field approach [a ] .  

This work is an extension of our previous work 
[3] using the excellent interpolation property of the 
Group Method of Data Handling (GMDH) [4, 51 
technique and the feature-based mapping capabil- 
ity of the PNN, which proved to be an effective type 
of neural network in robotics computation and air- 
craft combat application [6, 71. In the present work, 

these two paradigms, namely, P N N  and GMDH ar 
used in a different way. Here we build a network c 
polynomial paths first from the environment data 
Then we address the problem of collision avoidanc 
as an associative retrieval problem. With the se 
lected polynomial, the robot follows an estimate1 
path until it hits any obstacle. A contour-findint 
algorithm is then utilized to move the robot awa 
from the obstacle or direct the robot along the col 
tour of the obstacle until it reaches another learn6 
polynomial. 

2 T h e P N N  

We can treat the polynomial neural network as i 

equivalent feedforward network as depicted in  figu 
1. 

The input variables comprise the input lay< 
The hidden layer consists of some combination 
these input variables. These nonlinear elements a 
found by the GMDH technique. The hidden uni 
are thus not restricted to only linear summing 6 

ements. The weight matrix from the hidden lay1 
to the output layer is also learned by the GMDl 
The output unit works as a conventional processir 
element. Figure 1 depicts the case of a very simp 
network having only one output, y and two inp 
variables, z l  and 22. 

Figure 2 shows how GMDH technique is utiliz 
to get a network of the “survival of the fittest” PI 

cessing elements. Note that,  each processing e 
ment(PE) in each layer has exactly two inputs frc 
the previous layer. Thus, if m is the number of P 
in layer I ,  then the number of constructed PES 
layer 1 + 1  is n = ( y ) .  From these i I  PES k best uni 
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3 The Working Model 
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Figure 1: The Feedforward Equivalent Network of 
P N N  

At first, we designate a desired goal location in the 
environment. Then, several starting locations are 
chosen. Now using the data set and the GMDH 
technique, a number of networks of polynomials are 
built. These PNNs are built to  avoid the obstacles 
of the known environment. At the output of each 
generated P N N ,  we get a polynomial in terms of the 
input variables. Each such polynomial represents 
the mapping of the trajectory between a starting 
location and the goal location. 

Our input data set is a sequence of the current 
locations of the mobile robot ( z t ,  y t ,  0,) represented 
in the Cartesian coordinate. The output is the ori- 
entation of the robot in the next step (&+I). That 
means the robot will make one step toward this di- 
rection. The step size is a fixed quantity, s. The 
following equations give the relationships. 

qt+1 

Input 
Layer 

Hidden 
Layer 1 

Hidden 
Layer 2 

Figure 2: Use of GMDH technique to get the next 
direction from the present robot position 

are chosen, according to  a selection criterion to  con- 
struct the next layer. This process is continued until 
we get a single P E  in the final layer. Now, what each 
processing element does is that  it produces the value 
of the dependent variable in a polynomial represen- 
tation of its inputs. In our model, we use second 
degree of polynomials. Thus, each polynomial for 
each element has six coefficients associated with it. 

The network constructed from the GMDH algo- 
rithm is an adaptively synthesized supervised learn- 
ing model. At the final stage of the network we get 
a representation of the output as a polynomial func- 
tion of the inputs. A detailed description of this 
algorithm is found in [ 5 ,  61. 

where, A, B1, .... E are the coefficients of the polyno- 
mial, zt+l and yt+l are the next step heading 
direction, z and y coordinate respectively. 

Now, we pose the question, how to reach the 
goal point from any initial point in the environment. 
This point may lie in the training set or it may be 
a completely new location unknown to the trained 
network. At this stage, we approach the problem 
as an associative retrieval problem, where the coeffi- 
cients of the learned polynomials form the memory 
matrix. The bottom line here is to find the minimal 
cost polynomial, where the cost function is defined 
as the Euclidean distance measure in terms of posi- 
tion and orientation from the initial location to all 
the polynomials. 

In our earlier work [3] we proposed two ap- 
proaches to move the robot to this closest polyno- 
mial. Here we use the faster scheme, where we make 
a heuristic polynomial estimated from the starting 
location using the knowledge of heading direction 
and the goal location. The robot moves along the 
estimated polynomial until it intersects with the the 
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closest polynomial. In its course when it hits an 
obstacle, then it repeats this process until the goal 
location can then be reached. 

4 Simulation Results 

In order that the model does not become overspecial- 
ized, the input data set is subdivided into a training 
set and a checking set. The GMDH technique is 
very sensitive to  the splitting of data into training 
and testing set [5]. Random selection and the Du- 
plex are some of the available methods used for the 
data splitting. Here we have used some heuristic 
in addition to the Duplex method. This procedure 
greatly reduced the overfitting problem. The heuris- 
tic is used to remove some of the outliers from the 
data set. In the simulation we built 6 polynomials 
for the six obstacle free paths. The following table 
shows how closely the built polynomials represent 
the data set of the environment. 

Table 1 : Learned Polynomials 

I Polynomial 
I 1 

Variance 
.017 
.011 
.002 
.011 
.012 
.005 

Percent Error 
.429% 
3.12% 
.029% 
.082% 
1.222% 
.09% 

The percent error in the above table is with re- 
spect t o  the training data. 

Let us explain the network with a very simple 
example polynomial. It was found that polynomial 
1 was generated after only one GMDH layer. That 
means the next step heading direction depends only 
upon two input variables. For this case these are xt 
and et .  

Where, 
A = 0.8286E+00, B = -0.52803+01, 

C = 0.1653E+01, D = 0.2800E+017 
E = -0.6430E+007 F = 0.2392E+01. 

5 Conclusion 

Results show that the built polynomials are very ac- 
curate representative of the environment data. This 
resulted in a very precise obstacle avoidance scheme. 
The proposed scheme is equally applicable to both 
the known environment and the environment with 
some dynamic change. As mentioned earlier that no 
preprocessing of the range data is required in this 
approach. 

In future, real time obstacle avoidance using this 
simulator is to be implemented with our sonar sensor 
guided mobile robot. 
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