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Abstract. In this paper we show different evolutionary algorithms in order to optimise on-line 
weights of feed-forward neural networks when applied to short term (20 min.) urban traffic 
prediction. We compare the evolutionary methods with the classical back-propagation 
algorithm and we show results when weights are off-line and on-line evolved. Preliminary 
results are very promising and show the effectiveness of the proposed approach in order to get 
neural models capable to dynamically adapt to environmental changes.  
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1 INTRODUCTION 
Neural computing is now considered a mature technology and indeed its uptake, 

particularly in exploratory work. Yet the most popular technique described above has only 
been available for more than 10 years. Set against this background, the use of neural 
computing for transportation applications began much more recently and work has largely 
been of an exploratory nature. Applications which have been addressed using artificial neural 
networks (ANN) include forecasting/classification of traffic flow parameters/traffic states 
i,ii,iii,iv,v, incident detection vi,vii,viii, driver behaviour/vehicle control ix,x,xi,xii, traffic control xiii,xiv 
and traffic monitoring xv. In nearly all of the applications reviewed the back-propagation 
learning algorithm was used. Despite some encouraging results its main drawback is the lack 
of on-line adaptation to changing conditions. For artificial neural networks to be viable for on-
line applications in transportation they will need to be able to function in real time. Recently 
another interesting area is the one concerning the application of evolutionary computation 
based methodologies applied to traffic control xvi,xvii,xviii , traffic management xix, traffic signal 
operation xx. What we propose is an innovative approach for traffic prediction which 
combines these two methodologies in order to carry out evolutionary neural models capable to 
on-line and dynamically adapt to changing conditions. In fact some recent investigations in 
combining evolutionary algorithms and ANN have shown very promising results xxi giving 
rise to a new class of ANN called evolutionary neural networks (ENN) xxii,xxiii. In this paper 
we show two different evolutionary algorithms applied to the off-line and on-line weights 
optimisation of feed-forward neural networks and we report results when applied to short term 
(20 min.) urban traffic prediction. Moreover we compare these methods with the classical 
back-propagation algorithm. 

2 DATA PROCESSING 
Several tests have been carried out in order to decide the inputs of the neural network.  

The basic idea has been derived by the non linear dynamic analysis of the traffic flow signal. 
In figure 1 an attractor reconstruction in the 2D pseudo-embedded space is reported taking 
into account several days of the week. This plot is built using two time shifted samples in the 
traffic flow signals: x(t) and x(t+T), where T is the characteristic delay which allows the 
unfolding of the attractor. In order to compute the real attractor we should compute the exact 
number of dimensions we need for the description of the problem. In this case we use this 
figure only to explain the approach xxiv,xxv . Using delay times ranging from 5 to 15 minutes in 
the attractor reconstruction, we obtain a good unfolding. This means that a set of variables 
built in this way should be able to give a correct minimal description of the signal dynamics. 
On this base we choose a T delay time of 10 minutes. The original data are supplied in 
measurements of the traffic flow every 1 minute. Considering a delay time of 10 samples it is 
possible to proceed to an under-sampling in order to reduce the computation time and the 
noise connected with the statistical bias. For this reason we apply a 5 minutes linear moving 
average filter and we re-sample the signal with a period of five minutes. Finally we use as 
inputs for the network a series of samples taken every 10 minutes as the T delay time. We 
carried out several tests to decide a reference neural architecture. The result was a feed 
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forward with 8 input neurons, one single hidden layer of 3 neurons and one output neuron. In 
this way the 8 inputs correspond to the last 80 minutes of traffic flow. 

Figure 1 : pseudo attractor of traffic flow signal on Monday (left), Monday to Friday (center) and from Saturday 
to Sunday (left) 

3 THE EVOLUTIONARY ALGORITHMS 
We conducted tests with two different types of evolutionary algorithms we carried out. 

Their basic principle consists in leaving the system a certain degree of freedom in order to 
develop an emergent behaviour by combining genetics with other peculiar aspects of life 
(interaction, competition, co-operation, food quest, etc.). In the proposed algorithms each 
individual represents a feed forward neural network in competition with the others by means 
of the proper fitness, which depends on the capability of reconstructing the training database 
having as genotype the synaptic weights. In both the algorithms the only parameters to be set 
are the number of generations and the max population size. All the other parameters, like 
crossover and mutation rates, depend on the internal dynamics. Fitness is measured referring 
to the global error in modelling the training database with the following formula: 

Fitness = 1 – RMSE (1) 

Where RMSE is the classical Root Mean Squared Error normalised in the lattice [0,1] used 
by the back-propagation (BP) algorithm. This cost function has been chosen in order to 
directly compare the results with those obtained with BP methodology.  

RMSE = ∑ ∑ −
n m

tyy
n 1 1

2 ))(*5.0(1  
(2) 

Where n is the dimension of the training data set, m is the number of output neurons (in this 
situation m=1), y is the estimated output and yt is the corresponding target (real value). All the 
inputs and outputs of the networks are normalized between 0 and 1. As measure of the 
reached level in the training we take the fitness of the best individual (corresponding to the 
best performing neural network). The algorithms we applied, which are going to be outlined 
in the next paragraphs, are Partial Emulation (PE) xxii, and Chaotic Populations (CP) xxvi.   
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3.1 Chaotic Populations 
This algorithm is inspired by the fact that it is known that in natural environments 

population sizes, reproduction and competition rates, change and tend to stabilise around 
appropriate values according to some environmental factors. In this way it has been carried 
out a technique for setting the genetic parameters during the course of a run by adapting the 
population size and the operators rates on the basis of the environmental constrain of 
maximum population size. The main features of the algorithm are : meeting, mono-sexual and 
bi-sexual reproduction, and competition. In this evolutionary algorithm the roulette wheel 
selection is replaced with the meeting concept. At each iteration we pick the i-th individual of 
the population, for i from 1 to the current population size, up and then we randomly look for a 
second individual. Therefore the meeting probability is defined as the population density. In 
this stage if someone is met then interaction (bi-sexual reproduction or competition) will start, 
else mono-sexual reproduction of the current individual might occur. Bi-sexual reproduction 
is performed according to an adaptive rate and if it occurred then the resulting sons would not 
replace their parents, they would simply be added to the population. In this situation 
population increases of two new elements. Mono-sexual reproduction is performed according 
to an adaptive reproduction rate and when it occurs an individual first clones itself and then 
mutates. The mutated individual doesn’t replace the original one, it is simply added to the 
population and the population size increases of one unit.  Competition starts according to an 
adaptive rate and it means that when two individuals meet and they do not mate through bi-
sexual reproduction then they’ll fight for survival, the stronger will kill the weaker and this 
one will be kicked from the population off. The resulting population dynamics are chaotic 
since the algorithm is a particular instance of a chaotic map similar to the well known logistic 
map. The reader interested in further details can refer to xxvi.  

3.2 Partial Emulation  
In this algorithm, many individuals or agents move in a two-dimensional space. An 

individual is a point moving over the 2D lattice. The space is divided in cells and one cell can 
be occupied by only one individual. When an agent tries to enter into an occupied cell an 
interaction occurs. All the parameters for the dynamics, reproduction, life, interaction are 
recorded in a genetic map that is defined at the birth of an individual and remain unchanged 
throughout the individual’s life. At every life cycle all the individuals are moved into one of 
the surrounding cells. The dynamics of the individuals and the probability of interaction  
depends on several variables like number of agents, modalities of interaction, size of the 
discretization of the space. This algorithm is inspired by a cooperative-competitive society 
where optimisation is obtained  through a communication-emulation mechanism. The 
metaphors of evolution and genetics are not included because population is fixed and the 
agents cannot neither die nor reproduce. The optimisation consists in a sort of development of 
the best adaptive behaviour. At the beginning, a fixed number of individuals are placed in the 
space, they start moving around the space and every individual is initialised with a bonus of 
initial energy. At every life cycle a consumption of energy is paid by each agent. Upon the 
meeting of two individuals, a mechanism of competition is activated. Competition is based on 
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the value of fitness of the two individuals: the individual with lower fitness transfers a 
quantum of its energy to the other individual. At the same time a cooperative mechanism is 
applied: the losing individual applies a partial emulation of the winner one. The partial 
emulation consists in the modification of its network’s weights as in the following formula: 

Wli = a * Wwi  + (1-a) * Wli (3) 

where Wwi is the generic weight (or threshold) of the agent with lower fitness, Wli is the 
generic weight of the agent with higher energy and a is the emulation factor (0.05). When an 
agent loses energy up to a minimal zero level, its neural network is completely reinitialised 
and a new bonus of initialisation energy is assigned to it. The complete re-initialisation is 
important in order to have a basin of completely new solutions continuously improving the 
biodiversity of the environment. The initial bonus of energy is important to give the re-
initialised agents enough time to evolve through the self mutation and the partial emulation 
mechanism. During this time agents lose energy because of the interaction with well evolved 
agents. Most of the re-initialised agents come back at zero energy, but a few number of them 
(emergent agents) reach a good fitness level and are able to pass to the class of well evolved 
agents. When an individual gains a high fitness, it increases its incoming of energy competing 
with the other agents. The other individuals try to emulate and learn from him. When the 
others reach its level and someone becomes better, the first individual starts having an 
attenuation of the incoming energy and then a drastic energy reduction up to finish its energy. 
At this point it is forced to change its behaviour to come back to a positive energy incoming. 
This form of learning is conceptually very different from the other case because of its feature 
of collective learning and volatility. Knowledge is a product of the whole society and it is 
moved dynamically between the various individuals and it is generated during the life of the 
individuals, it  can be transmitted through the generations. To conclude, the most interesting 
feature of this algorithm is the mechanism of the balance between the competitive and the 
cooperative behaviour. This mechanism enhances the social component of the learning and 
the formation of niches of evolution. Also a good mechanism to promote new solution and 
protect emergent solution in included. The general drawback is the need of  a wide number of 
generations to reach the maximum level. 

4 EXPERIMENTAL RESULTS 
Experimentation concerned the 20 minutes prediction of traffic flow rates using neural 

networks. The goal is to optimise the weights of a neural network structured with 8 input 
nodes, described in paragraph 2, three hidden nodes and one output node (the traffic flow rate 
forecast) using the standard Back-Propagation algorithm (BP) and the above mentioned 
evolutionary algorithms in order to compare off-line and on-line approaches. In both 
situations the we used as transfer functions for all the nodes the classic sigmoid (4).  

y = 1/(1+e-x) (4) 

The data set consists of one week observations, 1980 data as result of a 5 minutes moving 
average filter, of the vehicles flow rate of the Genoa’s urban freeway downloaded from “The 
EUNITE SAS data repository”. Training and testing sets are exactly the same for all 
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experimentations and the whole data set has been partitioned into 1800 training data and 180 
testing data. In the first bunch of experiments a direct comparison with the BP algorithm can 
be done, in the second one the network is optimised on a travelling window of the last ten 
data (50 min.). In this situation every time the data set changes different weights are 
dynamically found, in this way the neural model is capable to adapt in real-time to changes. 
Table 1 and 2 show a comparison of the main experimental training and testing results. 
Results are calculated according to the RMSE formula (2). In tables 3 and 4 the main 
experimental settings for off-line and on-line optimisation are shown.  

 
 BP CP PE 

Off-line 0.1 0.043 0.038 
On-line  0.013 0.005 

Table 1 :  training results 

 BP CP PE 
Off-line 0.11 0.042 0.035 
On-line  0.031 0.033 

Table 2 : testing results 

 Generations/Cycles Max population size 
BP 3000000  
CP 500 100 
PE 2000 256 

Table 3 : Experimental settings used for off-line training  

 Generations Max population size 
CP 50 100 
PE 100 256 

Table 4 : Experimental settings used for on-line training 

Tables 1 and 2 show very encouraging results. In the off-line situation evolutionary 
methods show a remarkable increase of accuracy performance compared to the BP algorithm. 
The on-line experimentation shows a significant improvement with respect to the previous 
case as well. The reason for this is pretty simple because in the off-line situation a difficult 
overall global model is built up while in the on-line case several easy local models are 
dynamically made. These results clearly show the effectiveness of using evolutionary 
methodologies to build up adaptive neural models overcoming the off-line drawbacks 
imposed by the BP based methodologies. 
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5 CONCLUSION 
In this paper we showed the effectiveness of evolutionary neural networks when applied 

to short time urban traffic prediction in order to develop real time adaptive models. In this 
work we compared the evolutionary methods with the classical back-propagation algorithm 
and we showed results when weights are off-line and on-line optimised. Experimental results 
are very promising. In the off-line situation evolutionary methods showed a remarkable 
increase of accuracy performance compared to the traditional BP algorithm. The on-line 
experimentation showed a significant improvement with respect to the previous case as well. 
The reason for this is pretty simple because in the off-line situation a difficult overall global 
model is built up while in the on-line case several easy local models are dynamically made. 
These results showed the effectiveness of using evolutionary methodologies to build up neural 
models able to on-line adapt to environmental changes, in the this application the changes of 
the vehicle flow rate, overcoming the off-line drawbacks imposed by BP based 
methodologies.     
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