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Abstract. Experimental results on navigation of autonomous mobile robot in the homogeneous and 
heterogeneous environments with usage of twice-multilayered GMDH-type neural network are 
provided in the paper. This navigation problem has independent significance and it hasn’t been solved 
on basis of GMDH for mobile ground robot before. The experiments were conducted on basis of 
serial-produced mobile platform Festo Robotino v.1.6 on the authors’ testing ground. Results of the 
experiments showed that the models of robot navigation built with help of GMDH on basis of actual 
readings of the sensory system having no information about the nature (structure) of the environment, 
but also about the structure and functioning of the already existing low level control system providing 
this movement. 
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1 Introduction 
 
Author knows 7 papers on the usage of GMDH on application of this method for the autonomous 
mobile robot (AMR) control [1-7]. All these works were episodic, were carried out by separate 
research groups (USA, Japan, Korea, Greece) and were usually devoted to the solution of one 
particular problem of AMR control. 

In 1993, F. Ahmed and C.L. Philip Chen used GMDH to train mobile robot to follow the trajectory 
in a static environment with obstacles [1,2]. In 2002 A.F. Foka and P.E. Trahanias implemented a 
prediction of AMR collision with dynamic obstacles in the next step [3]. In 2005, Y. W. Kim et al. 
used GMDH to attitude control of the planar space robot [4]. In 2007 Kobayashi et al. published a 
paper where the method was used to identify the unknown parameters of an input-output linearization 
controller for attitude control of an autonomous underwater vehicle [5]. In 2007 and 2012 D. Kim and 
G.-T. Park used this method to establish empirical relationships between the humanoid walking robot 
and the ground [6,7]. 

In paper [8] authors considered to use this method to solve a set of different tasks of AMR control. 
During the period from 2006 to 2009 authors published 14 papers on this subject. Among them, the 
papers published in English language were devoted to the recognition of obstacles [8,9] and predicting 
the environment characteristics [10]. In current paper the problem of autonomous mobile robot motion 
control in a priori unknown heterogeneous environment is considered. This problem has independent 
significance and it hasn’t been solved on basis of GMDH for mobile ground robot before. 
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2 Autonomous navigation of mobile robot 
 
For the chassis used in the Festo Robotino platform (with three wheels mounted at an angle of 120° to 
each other) of the omnidirectional type, the kinematic model is known [11]. However, the following 
assumptions are usually introduced when deriving mathematical models of the robot kinematics and 
dynamics: the motion is made on an ideal flat surface, all the wheels are in point contact with the 
surface, there is no slippage of the wheels. In case of moving in heterogeneous environment the 
effects of slippage emerge. Also, due to the fact that the robot "immerses" in the environment at some 
of its parts, wheels lose point contact with parts of the surface and the movement is not done on an 
ideal flat surface. The similar effects could also arise in homogeneous environments. As long as 
deductive inference of mathematical models is difficult in this case, it is reasonable to use inductive 
method of self-organization of models, i.e. GMDH. 

Navigation is carried out on the testing ground (Figure 1) which consists of 28 sections-modules 
enabling the forming of various distributions of the objective function components [10]. The modules 
have been specifically designed and manufactured from carefully selected materials taking into 
account various difficulties to overcome them in terms of time and energy costs (12 different 
variants).  

 
b) Appearance of the homogeneous 

environment (Type2) 

 
a) Appearance of the testing ground 

 
c) Appearance of the homogeneous environment 

(Type3) 

Fig. 1. The testing ground 

 

Some modules are conditional obstacles, i.e. overcoming of these obstacles is possible only under 
certain values of internal robot’s parameters (for example, under certain mass and velocity of the 
robot) [9]. To achieve this effect the following materials were used to make a testing ground: a various 
carpeting, foam rubber, coatings such as "bristles" and others, as well as their combinations. 

Three surfaces having different characteristics in terms of viscosity were chosen as homogeneous 
environments: Type1 – hard surface of the table (point contact of the wheels, no “immersing”); 
Type2 – bristle-like surface (Figure 1b) with partial “immercing” and Type3 – foam surface (Figure 
1c) on which the robot maximally “immerses”, so the movement is most laborious in terms of power 
consumption. The difference in power consumption for different surfaces could be assessed by 
comparison of motors’ currents (mean values of the first motor current for every launch (i.e. for every 
combination of control velocities) are shown in Figure 2). 
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Fig. 2. Graph of mean current of the first motor for every 4 seconds launch of robot  

 

Twice-multilayered GMDH-type neural network with active neurons was chosen as the algorithm 
of construction of models [12]. Author uses the classical combinatorial GMDH algorithm (COMBI) 
[13] as the active neurons.  The two-input neurons (m=2) and a constraint of 2nd or 3rd order of 
complete polynomial depending on the experiment were used in the experiments. 

In addition, a modification of the algorithm known in literature as the modified polynomial neural 
network [14] is also used. The modification is that the generation of partial descriptions on each layer 
(starting from the 2nd) involves not only the output of neurons of the previous layer, but also the input 
variables. Thus, such modification gives a possibility to avoid losing important input variables on the 
first and subsequent layers of the network. Regularity criterion is used as an external criterion. During 
the calculation of network it is possible that increasing of layers number leads to insufficient 
decreasing of the criterion. To avoid this we stop the construction of the network according not to 
increase of criterion value, but also to its decrement from layer to layer: 

 ,1  LL CRCR   (1) 

where ε – given constant. 

This rule can be recommended for the case of an unknown level of noise in the data sample [15]. 
In every experiment given below ε = 0.001. Another stopping criterion is the maximal network 
capacity – maximal number of layers (Lmax) times number of neurons in a layer (k). 

For clearness and transparancy the results of experiments are given for two coordinates X, Y and 
angular orientation of the robot , that are obtained in different environments for the same set of 
combinations of velocities’ setpoints of the three motors (velocities (rpm) for every motor were 
chosen from the set [-300, -100, 100, 300]; so all 64 possible combinations were taken) and moving 
time of 4 seconds. 

Experiments showed that in case of movement in the homogeneous environment the values N1, N2, 
N3 of three incremental encoders and constraint on network capacity of 5 layers  20 neurons per 
layer, are sufficient to obtain acceptable quality for accuracy of a model (Figure 3). In Figure 3 the 
“N_Train”-line separates the training data sample (on the left of N_Train) from the testing data 
samples (on the right of N_Train). 
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a) Homogeneous environment (Type1) b) Homogeneous environment (Type2) 

  

  
c) Homogeneous environment (Type3) d) Heterogeneous environment (testing ground) 

 
 

 
 

Fig. 3. Actual and modeling (output of the Navigation system (GMDH)) robot position on the 
coordinate grid of the working scene (upper) and graphs presenting the angular orientation of robot 

(lower): output values from data sample and output of models for all robot’s launches 
 

We used three groups of parameters as input variables to train the models of navigation on the 
testing ground (Figure 3d): 
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1 2 3, ,      (rpm) – average values of the angular velocity of wheels rotation (information about the 
derivative of movement); 

1 2 3, ,N N N  – incremental encoders values (odometry information); 

1 2 3, ,I I I    (A)  – average values of the motors consumption currents (information about the 
difficulties of overcoming areas of the environment). 

The mean absolute value of deviation of model output from the actual robot coordinate for full 
data sample (training data sample + testing data sample) is 7 mm for both coordinates in case of the 
homogeneous environment and 15 mm for the testing ground. The errors increased more than two 
times as the navigation problem in the heterogeneous environment is much more difficult. The mean 
absolute value of deviation of angular orientation for homogeneous environment is 1.1, for 
heterogeneous environment – 6.4. 

The models obtained in the mode of self-organization using twice-multilayered GMDH neural 
networks cannot be attributed to the classical models of the kinematics and dynamics. They are non-
physical models which connect the kinematic ( 321 ,,  ) and dynamic ( 321 ,, III ) characteristics 
of the robot directly on basis of the data sample obtaining during the robot movement in the 
environment. However, the experimental results confirm the performance of these models in the 
heterogeneous environment. 

 

3 Conclusion 
 
The models of robot navigation in the heterogeneous environment were built with help of inductive 
method of self-organization of models on basis of actual readings of the sensory system having no 
information about the nature (structure) of the environment, but also about the structure and 
functioning of the already existing low level control system providing this movement.  

This conclusion is an evidence of reasonability of usage of inductive method of self-organization 
of models as basic method for solving particular problems of AMR control. 
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