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SOMMARIO
Si presenta il sotto sistema di visione di un veicolo autonomo. Esso è basato su di una architettura di
rete neurale e, più precisamente, un percettrone multistrato che usa le immagini riprese da una
telecamera per stimare la posizione del veicolo stesso. Si presentano altresì uno studio comparativo
degli effetti della rappresentazione utilizzata per i dati di uscita e del pre trattamento dei dati in
ingresso.

SUMMARY
The vision subsystem of an autonomous vehicle is studied. It is based on a multi layer perceptron
that uses TV images to estimate the position of the vehicle. A comparative study of the effects of
output data representation and input data pre processing is presented and discussed.





Training data representation in a neural based
robot position estimation system

S. Taraglio, F. Di Fonzo, P. Burrascano

Introduction and background

The problem of defining the position of a robotised vehicle in an indoor, not structured environment
is currently being studied as a part of the ROBERT project (ROBot with Environment Recognising
Tools) developed at ENEA. This project is aimed to the construction of a vehicle able to
autonomously navigate in a non structured environment. The key to autonomous navigation is the
knowledge of the position of the vehicle, and this can be accomplished by using several different
techniques [1]. The autonomous vehicle ROBERT is thus intended to be a testbed for different
environment sensing techniques for navigation purposes [2].

In an early step of project's development, the definition of robot position was performed by means
of triangulations based on known and recognised markers distributed in the environment with this
purpose [3]. Presently we are focusing on a not structured approach to the problem: in other words
we would like to guide our vehicle, on the ground of TV images, by discovering the architectural
lines of the building itself.

Among the different techniques which can be followed in order to perform this task, the one based
on the use of feed forward neural networks has been successfully used in [4], and it resulted in the
advantage of allowing a very good performance obtained with a very low computational cost.

Consequently we tested this technique as one of the possible candidates.

An open problem in the field of neural networks concerns the relevance of the way in which the
information available for training purposes is encoded to be presented to the network. In the specific
case of the procedure proposed in [4], it is relevant to verify the effect of pre processing the image
data and of changing the way the target data are encoded in the overall procedure.

In the present work we report the results of comparative experiments performed in order to clarify
the relevance of the above aspects on the performance of the network trained to estimate the
position of the vehicle. In this phase of our project we restrict our attention to the problem of
defining the position by means of a single parameter, namely the distance from the lateral walls for
a robot navigating in a corridor.

This work has been presented at the Neurofuzzy Workshop on Computational Intelligence and published in the
proceedings.



Tests definition and experimental results

If a non straightforward implementation of the technique described in [4] is envisaged, it emerges
that several choices are implied about the way the network is trained; we decided to investigate the
effect of modifying the implementation of the training procedure in two major aspects, namely:

• changing the representation of the target data information;
• performing a preliminary processing of the image data.

The results we present in the following, refer to a neural network implementation of a vision system
intended to determine the position of the vehicle with respect to the walls of a corridor, by means of
the image incoming from an on board TV camera. The vision subsystem currently implemented on
board the robot consists of a single TV camera acquiring black and white images with a field of
view of about 60 by 40 degrees, represented in an image whose resolution can be modified as
needed. For our purpose we have chosen a 32 x 20 pixel image, with depth of 8 bit/pixel (Figure 1):
this choice derives from a trade off between a sufficient representation of the environment and a
reduction of the input data dimensionality.

Figure 1. Input images to the network: top left the real image, top right the 32x20 input
image. Lower left the synthetic "full" image (32x20), lower right the "wire" image,
resulting from a pre processing of the lower left image.

In order to avoid the uncertainties and errors inherently present in the data acquisition system and to
fully control the parameters of the model, i.e. position and tilt of the camera with respect to the
walls, the most of the following results regard synthetic image data representing the corridor,
generated by means of a CAD modeller (Figure 1).

A first point to define is the indetermination we associate to position estimate. A second point to be
defined is the way the target data information (with the associated indetermination) is represented.
As far as the first point is concerned, we note that there are several ways in which a position in the
corridor (vehicle's position) can be associated to the image at the input of the network to be trained:
we decided to divide the distance between the two parallel walls of the corridor into a number of
intervals related to the resolution of the image taken from the camera. The number of intervals
(spatial sampling interval) was derived by correlating the geometrical description of the corridor,



with the resolution adopted to represent the acquired image: the corridor where the experiments
were performed is 5 meters large and 17 meters long: the farthest section of the corridor is thus seen
under an angle of about 16.8 degrees, and its width is represented with (16.8/60) 32 = 9 pixels. We
divided the width of the corridor into a number of intervals such that each one is slightly smaller
than the measure associated to each pixel: a number of 12 intervals was derived by following this
approach.

As far as the second aspect is concerned, we associated a neuron in the output layer of the network
to each one of the intervals. The resulting topology is consistent with the one adopted in [4]. The
position relative to each training image can be represented in several ways on an array of size 12:
we describe in the following the three possible ways to code this position of the camera we used in
our experiments. The "real" position of the camera (value to be estimated) is assumed to be in a
point of abscissa xo which falls within the n-th interval and is different, in the general case, from the
centre of the interval itself:

1) the n-th component is "high" while the other 11 components are "low" (one-out-of-n);
2) the target values are defined as the samples of an unimodal function whose maximum coincides
with the centre of n-th interval (gaussian centered);
3) the target values are defined as the samples of an unimodal function whose maximum coincides
with xo, real location of the camera within the n-th interval (gaussian continuous).

In [4] the target data were coded according to the latter option reported above.

Figure 2. In the assumption of small angles and low resolution images we may consider
the image as taken from a given point xo with a tilt angle of a as equivalent to the one
parallel taken from point xl shifted by otL.

The results we present are relative to all the three approaches mentioned above: the training set we
used is composed of 48 images taken with the camera optical axis parallel to the corridor walls (an



average of 4 images per interval taken from positions, along the x direction, randomly extracted
from an uniform distribution). The testing set is composed of tilted images of the corridor, i.e.
images taken from the same positions along the x direction as the training set, but with the optical
axis of the camera tilted, with respect to the corridor axis, of angles ranging up to ±16.8 degrees.
For each tilting angle a we produced a set of 48 patterns as taken at +a and 48 relative to -a. The
choice of 16.8 degrees as the maximum tilting angle, derives from the following (approximate)
consideration: if we remind that each pixel in our images is seen under an angle of about 1.9
degrees, a tilting of 16.8 degrees is equivalent to a lateral move, measured in intervals, of about
16.8/1.4 = 12 intervals, i.e. the full corridor width (Figure 2). Clearly, the above approximation only
holds for small angles and low resolution images.
Figure 3a reports the average errors made with the three different representations used for the output
values, and figure 3b the corresponding three standard deviation vs the maximum tilt angle of the
test set images. It clearly results from the figure that, although the average error curves have
comparable behaviours, the standard deviation associated to the unimodal continuos representation
is smaller than the other two.

This means that the network trained by following this representation of the target data allows
position estimates which are less "spread about" the average compared with the estimates allowed
by the one-out-of-n representation. It is important to stress that, moreover, the use of target values
associated to an unimodal distribution allows a faster training of the network.

In addition, if we look the output values associated with this representation, we can see that they are
less noisy and behave in a smoother way while changing the tilting angle, as confronted with the
ones deriving from the other data representations.

To experimentally explore the second of the aspects evidenced above (the effect of performing a
preliminary processing of the image data), starting from each one of the parallel synthetic data
images, the corresponding "wire" image was generated, i.e. the image obtained after a pre
processing algorithm performed to extract the architectural lines, e.g. a Laplace operator [5] (see
Figure 1). Comparative results are presented in both cases of synthetic and real data. Table 1
compares the errors made by the network on both wire and fully represented images: it clearly
results that the performances are almost indistinguishable. The training set in this case was
composed of 49 images taken with the optical axis parallel to the corridor and 102 images for the
test set. The percentage errors in Table 1 account for a position estimation error of about 5
centimeters, both for the full and for the wire images.

Similar results were obtained also on real corridor images, see Table 1. The real images directly fed
as input to the network without any pre processing, yield an extremely good position estimate. Here
the training set was composed of 26 parallel images and the test set of 25 ones. In this case the
percentage error accounts for a position estimation error of about 8 centimeters, being the real
corridor narrower than the synthetic one. While using real images, one must also bear in mind that
the position of the TV camera is known with some uncertainty totally absent while coping with
synthetic images, in this sense part of the position error of the system reflects this uncertainty.
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Figure 3. Top graph (a): the average error made by the network in classifying the tilted
images expressed in terms of interval width. The three approaches perform in the same
way. Bottom graph (b): the associated standard deviation, the gaussian continuous
approach performs slightly better.

Image
CAD full
CAD wire
real (train)
real (test)

Position error (%)
0.88
0.80
0.61
2.97

Table 1. Percentage error in the position estimate on different kinds of input images.
For the CAD generated images the width of the corridor is 5 meters, for the real ones is
about 2.5 meters.



Conclusions

In the present paper we reported the results of comparative experiments performed in order to verify
the effect of the representation of both the input and output data in a problem of direct extraction of
position estimate from image data: it has been tested both the effect of modifying the way to code
the position associated to the input image and of pre-processing the image data with an operator
able to extract the architectural lines of the image, e.g. a laplace operator. The experiments we
performed show that the estimate is not affected by the pre processing procedure we considered,
that may be hence skipped saving great computing time. At the same time the different ways in
which the target information is represented have a limited effect on the estimate.

These results confirm the robustness of the neural estimation techniques, which consequently results
to be a very interesting candidate among the different environment sensing techniques for
navigation purposes.
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