N
N

N

HAL

open science

Recurrent Neural Networks for mobile phone cell planning
using topological information

Laurent Bougrain, Frédéric Alexandre

» To cite this version:

Laurent Bougrain, Frédéric Alexandre. Recurrent Neural Networks for mobile phone cell planning using
topological information. Fifth International Conference on Engineering Applications of Neural Networks -

EANN’99, 1999, Warsaw, Poland, pp.195-199. <inria-00107746)

HAL Id: inria-00107746
https://inria.hal.science/inria-00107746v1

Submitted on 19 Oct 2006

HAL is a multi-disciplinary open access archive
for the deposit and dissemination of scientific re-
search documents, whether they are published or not.
The documents may come from teaching and research
institutions in France or abroad, or from public or pri-
vate research centers.

L’archive ouverte pluridisciplinaire HAL, est des-
tinée au dépot et a la diffusion de documents scien-
tifiques de niveau recherche, publiés ou non, émanant
des établissements d’enseignement et de recherche
francais ou étrangers, des laboratoires publics ou
privés.

Au‘to':'lizition
HAL Authorization


https://inria.hal.science/inria-00107746v1
https://about.hal.science/hal-authorisation-v1/
https://about.hal.science/hal-authorisation-v1/
https://hal.archives-ouvertes.fr

Recurrent Neural Networks for mobile phone cell planning
using topological information*

Laurent Bougrain, Frédéric Alexandre

LORIA-INRIA Lorraine
Campus Scientifique - BP 239 54506 Vandoeuvre-lés-Nancy cedex
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Abstract : Real-world problems are often characterized by the large size of their
input space, the noise which is added to these data and by the complexity of the un-
derlying physical laws. These laws are often continuous and more information can be
brought to the understanding of the problem if contextual hints are added. This con-
textual information yields close behaviors. This topology is itself often linked to the
topology of the input space. This paper explores how recurrent models can improve
prediction in a radio communication problem with such contextual information.

keywords: recurrent neural networks, contextual data, radio communication.

I AN INDUSTRIAL PROBLEM

Cell net planning is a strategic stage for telecommunication operators. Choosing location and size
of the glazed zone of transmitting stations is a key point to optimize the development of a radio
mobile net. Cell planning depends on the attenuation of radio electrical waves. The attenuation is
predicted as a function of the landscape and the characteristics of the antenna. Such a prediction
can be carried out by classical artificial neural networks like multilayer perceptrons (MLP) (see
figure 1).

I1 PREVIOUS STUDIES

Previous studies [1-2] have shown that the forecasting of the attenuation is better if various pre-
diction models are specialized on each class obtained by clustering the data with unsupervised
algorithms (e.g. kohonen, growing neural gas, k-means) or using a contextual model such as an
orthogonal weight estimator [7] which uses a part of its attributes as context.

*This research was supported by the Centre National d’Etudes des Télécommunication through contract n°97
1B008.



IIT USING A CONTEXTUAL INFORMATION

The values of radio electric fields are continuous values. Close situations have close attenuation
values. So in this forecasting application, using contextual information by adding proximity infor-
mation to the current data allows to define contextual models. Useful information to describe the
context can be given by topological information or by the predictive values of the nearest neigh-
bors. The latter solution has been chosen for several reasons. First, less parameters are involved
in this solution; this yields a smaller size for the model. Second, this solution causes the predictive
model to be independent from the representation of the topological data.

IV PREPARING THE DATA

From a technical point of view, neighborhood information is considered valid up to one hundred
meters. 44,000 standardized patterns with 32 attributes were extracted from transmitting, receiv-
ing, and a national geographic database, describing terrain in France. 160 series, longer than 10
elements, gathering about 39000 patterns, are used as the learning set. 17 series, gathering about
5000 patterns, are used as the test set.

V RECURRENT NEURAL NETWORKS

Recurrent neural networks (RNNs) use information generated by the previous situations, seen as
the context, to act upon the current computation. The context is made up of a set of neurons with
a feedback connection to the same layer or to an earlier layer. In the Jordan’s model, the context
is a combination of the output units of the previous situation and the previous context [6]. In the
Elman’s model, the context is given by the hidden units of the previous situation [3].

Figure 2: PDV: architecture

Figure 1: Multilayer perceptron: architecture

V.1 INTEREST OF THE METHOD

To check our hypothesis that a contextual information generated by the neighborhood situation
improves the results, the desired value of the neighbor was presented as context (figure 2). Let us
call this model the previous desired value model (PDV).

The attenuation of radio electrical wave is predicted with a precision of 98.3% on the test set
compared to 96.5% with a MLP which does not take context into account (table 1). Of course,
this result does not represent an improvement in itself, considering that the desired value of the
neighbor will not be known during the application stage, but this result validates our hypothesis
and it represents the predictive limit of a Jordan’s model.
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Figure 3: Jordan’s network: architecture Figure 4: Elman’s network: architecture

V.2 JORDAN’S MODEL

In the Jordan’s model (figure 3), the context at time t, ¢(t), depends on the output unit at time
t-1, o(t-1), and on the previous context c(t-1) with the following rule : c(t) = o(t-1) + alpha*c(t-1)
[5]- The size of the context window depends on the alpha parameter. For this application, there
is just one value to forecast. The network architecture contains 32+1 units on the input layer,
10 units on the hidden layer and 1 unit on the output unit. The analysis of the results (table 1)
shows that the Jordan’s model takes the context into account with confidence because the results
are better than the ones obtained by a MLP with a similar architecture (32x10x1). The generated
context is pertinent. Changing the definition of the context by varying the alpha parameter does
not influence the results significantly.

V.3 ELMAN’S MODEL

With the Jordan’s model, the context represents a thirty third of the input data. That can be
too small to accurately affect the prediction. With the Elman’s model (figure 4), the context at
time t is the hidden layer at time t-1. To compare with the MLP performances, the architecture
of the chosen Elman’s model is (324+10)x10x1. So the context represents the quarter of the input
data. The results are similar than for the Jordan’s model (table 1). The added context seems more
relevant for larger learning corpus.

Results Learning Test epoch
U o 7 o
MLP | 4.248938 5.444293 | 4.589846 5.944992 | 1612
Jordan | 4.173493 5.353248 | 4.297221 5.549206 | 944
Elman | 4.014523 5.154875 | 4.310753 5.550944 | 3503
PDV | 2.540030 3.416124 | 2.247765 3.055724 | 1174

Table 1: results
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Figure 5: Performance evolution: learning corpus

VI TIME ANALYSIS: BEYOND THE GLOBAL MEAN SQUARE ERROR

Recurrent neural networks use values calculated at previous time. If these previous values are not
pertinent, the computing will not give pertinent values. So the prediction will be less and less
good. Figures 5 and 6 show the performance with time. The performance is the mean, plotted
to a scale of percentage, of all square errors at a specific date i.e. for a particular position in
series. Series contain from 10 to 1500 situations. Long series are rare. For on old date, the average
is based upon few values and goes less significant. So only the first 350 positions appear in the
figures. Confidence interval Iis + 0.20 db for the learning corpus and + 0.55 db for the test corpus
according to the formula :
X+ L+ 7,/ X020 | 7
I(a,N) = 72
1+ %

where N is the corpus size, X the performance, Z, = 1.96 with a = 95% [4].

A smoothing on a time window, 20 positions wide, was applied to reduce error fuzziness. The
performance is constant in time. There is no degradation.. No one among both RNNs has an
optimal period for performance.
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Figure 6: Performance evolution: test corpus

VII CONSISTENCY OF THE FORECASTING VALUES

Initially, these recurrent neural networks have been preferred to a simple MLP, because the use
of an additional information could increase the performance. But by choosing a contextual in-
formation linked to the neighborhood forecasting it is possible to obtain a better regularity in
forecasting values, according to the reality, stating that close geographical positions have close
attenuation values of the radio electrical waves.

To observe the influence of the neighbor attenuation on the continuity of the forecasting values,
the mean of forecasting gap between two adjacent positions, for all series, have been measured
(table 2). This mean was also calculated on the forecasting measured in reality.



Model Mean gap
learning |  test
Practice | 2.735251 | 2.290719
MLP 2.118404 | 1.805893
Jordan | 1.491032 | 1.32030
Elman 1.594415 | 1.283445
PDV 2.232227 | 1.982311

Table 2: Forecasting gap between two adjacent situations (dB)

Firstly, by comparing the two columns, and in particular the practical values, we observe that the
forecasting values of the test corpus are more consistent than the ones of the learning corpus. We
can imagine that the adjacent positions of the test corpus are closer. So the forecasting values
could be better than reality for the contextual neural networks when they are applied on the test
corpus. Secondly, PDV network seems able to track the discontinuity of the attenuation better
than MLP but lesser than in practice. Forecasting values from RNNs are more consistent than
MLP. So RNNs are a good choice if we want to have a smoothing of the outputs of close inputs in
this radio communication problem.

VIII CONCLUSION

We have shown the interest of adding a context to the input data and we have evaluated the limit
that can be reached. The Elman’s model is sometimes more efficient than the Jordan’s model
because its context representation is more influent than the Jordan’s one. The performance -of the
system was improved. There is no degradation of the performance in time. Beyond performance
and convergence aspects, the predictions obtained by a recurrent model are consistent the ones
with the others in relation to their proximity. Taking into account older contextual information, by
adding context at t-n, will smooth more the prediction but the error will not be reduced because
the predictions will not be able to follow the variability of the attenuation of radio electrical waves.
The influence of the information given by the neighborhood of the current position to estimate
makes a smoothing of the predictions. Using a spatiotemporal smoothness constraint, high value
errors can be avoided.
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