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ABSTRACT: in this paper we show a Smart-Adaptive-System (SAS) for the real time short-term urban traffic forecast. 
The system combines evolutionary computation and neural networks by optimising on-line the weights of feed-forward 
neural networks when applied to short-term (24 and 60 minutes) urban traffic prediction. We compare the proposed on-
line approach with the classical off-line back-propagation algorithm. Results are very promising and show the 
effectiveness of the proposed SAS in order to get predictive neural models capable to dynamically adapt to 
environmental changes. 
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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 [11][12][19][31][33][8], incident detection 
[10][27][28], driver behaviour/vehicle control [17][18][25][26], traffic control [24][36][21] and traffic monitoring [35]. 
In nearly all of the applications reviewed the Back-Propagation (BP) 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 [22][29][30], traffic management [16], traffic signal operation [34]. Moreover 
evolutionary computation techniques have already been applied to solve optimisation problems in non-stationary 
environments showing interesting results [7][13][32]. Furthermore the training and design of ANN using evolutionary 
algorithms is not new and considerable research, since [15][20][23][9] up to [37][14] and [3], on this topic has already 
been carried out giving rise to a branch of ANN known as Evolutionary Neural Networks (ENN) [5].  
These ideas inspired this and the preliminary work proposed in [4] where ENN have been for the first time applied to 
the problem of short-term (20 minutes) urban traffic flow forecast in real time.  
The main contribution of this paper is the application of a Smart-Adaptive-System (SAS) based on ENN to the on-line 
traffic prediction. In fact the proposed system can be defined as ‘smart’ because it combines evolutionary computation 
and neural networks and ‘adaptive’ because it performs a real time adaptation to environmental changes (changes in the 
traffic conditions). In this work we applied such a system to 24 and 60 minutes predictions in order to carry out on-line 
adaptive forecast models. These kinds of models are very important in order to develop on-line traffic regulation 
systems and to perform an early detection of potential critical situations.  

DATA ANALISYS AND NEURAL SET-UP 

The input of the neural model was chosen by applying the non-linear dynamic analysis methodology to the traffic flow 
signal. The detailed explanation of such an approach is out of the scope of the present paper and the reader interested in 
the topic can refer to [1][2]. However the basic idea is to use n samples of the signal x(t), x(t-T),…,x(t-nT) where T is 
the characteristic time needed to preserve the required information about the dynamics. The choice of the optimal n and 
T depends on the signal itself.  



In this work the signal represents the traffic flow rate of the last hour with data sampled every 6 minutes. The analysis 
showed the optimal T to be in the range between 10-15 minutes and n to be in the range 6-10. We set T=12 (which is 
exactly two samples) and n=8. 
In this way the final neural architecture (Figure 1:) was chosen to have 8 input neurons, 3 hidden neurons and 1 output 
neuron.  
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Figure 1: Neural topology (n=8, T=12) 

THE SMART ADAPTIVE SYSTEM ENVIRONMENT 

In this paper we show how evolutionary algorithms can be applied to the on-line weights optimisation of feed-forward 
neural networks and we report results when applied to short term (24 and 60 minutes) urban traffic prediction. 
Moreover we compare these methods with the classical Back-Propagation (BP) algorithm used to train ANN. The on-
line optimisation acts as follows (Figure 2:). The basic concept consists in the realization of an artificial environment 
running in parallel with the process and that synchronously communicates with it. We suppose to always measure from 
the process the data which continuously update a data set, representing the objective of our optimisation, since in this 
situation performance is defined as the capability of each neural network of reconstructing the underlying dataset. The 
update strategy is a first-in-first-out (FIFO) policy since we want to make our prediction on a travelling window whose 
length depends on the problem. In this situation every time the data set changes then a new network is dynamically 
found, therefore we have an evolutionary neural model capable to adapt and to follow in real-time the process 
evolution. In this way the evolutionary environment continuously provides the best neural network, corresponding to 
the fittest individual, and the related traffic flow rate prediction. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 2: Layout of the on-line system 

In this context each individual of the evolutionary environment represents a feed forward neural network, in 
competition with the others by means of their fitness, having as genotype the synaptic weights. 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 
algorithm. This cost function has been chosen in order to directly compare the results with those obtained with BP 
methodology. 
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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 most performing neural network). The algorithm we used to develop ENN is Chaotic Populations 
(CP). 

THE ‘CHAOTIC POPULATIONS’ ALGORITHM 

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 stabilize 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, haploid and diploid reproduction, and competition. In this evolutionary 
algorithm the roulette wheel selection is replaced with the meeting concept. At each iteration we pick the ith 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 
(diploid reproduction or competition) will start, else haploid reproduction of the current individual might occur. Diploid 
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 the population size increases of two new 
elements. Haploid 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 diploid 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 [6]. 

EXPERIMENTAL RESULTS 

Experimentation concerned the 24 and 60 minutes prediction of traffic flow rates using ANN, off-line trained with the 
BP algorithm, and ENN on-line trained. The goal is to dynamically optimise the weights of a neural network structured 
with 8 input nodes, see paragraph 2, three hidden nodes and one output node (the traffic flow rate forecast). In all 
situations we used as transfer functions for all the nodes the classic sigmoid. 

y = 1/(1+e-x) (3)   

The data set consisted of one week observations, 1650 real data sampled every 6 minutes representing the traffic flow 
rate of the last hour, of four different significant points placed in the town of Terni, a small city about 100 km away 
from Rome with about 100000 citizens and with a network of sensors composed by 87 measurement points (Figure 3:). 
The first bunch of experiments concerned the off-line optimisation with the classical BP algorithm (ANN). In such an 
experimentation one million cycles were set. The second group of tests involved the on-line optimisation (Figure 2:). 
This stage was carried out using a one hour travelling window, representing the memory of the past, 50 evolutionary 
generations, corresponding to the time needed to adapt to the new situation, and a maximum population of 50 units. The 
CP evolutionary algorithm [6] doesn’t need any further setting. In order to compare the two approaches the data set was 
partitioned into two sets of respectively 1500 points (the training set) and 150 points (the testing set). In the off-line 
situation the neural network was fully trained with the training set and afterwards the resulting model was directly 
tested on the whole testing set. In the on-line situation the evolutionary algorithm iteratively adapts the neural model 
during the travelling window and then the prediction of the next point is made.  
 
 
 
 
 
 



   

Figure 3: Layout of the city of Terni with the locations of the sensors (circles and pentagons) 

The next two tables show the averaged results, according to (2), of the four considered sensors, while in tables III to X 
the results of each sensor are reported. Finally in Figure 4: a graph comparing the real forecast capability between ANN 
and ENN is shown. 
  

 Training Testing  
ANN (BP trained) 0.040 0.063 

ENN (on-line evolved) 0.033 0.054 

Table I:. Average RMSE (2) results of the 24 minutes prediction 

 Training Testing  
ANN (BP trained) 0.061 0.169 

ENN (on-line evolved) 0.036 0.068 

Table II:. Average RMSE (2) results of the 60 minutes prediction 

24 MINUTES PREDICTION 

 Training Testing  
ANN (BP trained) 0.04 0.06 

ENN (on-line evolved) 0.03 0.04 

Table III:. Sensor 1 RMSE (2) results of the 24 minutes prediction 

 Training Testing  
ANN (BP trained) 0.036 0.065 

ENN (on-line evolved) 0.030 0.058 

Table IV:. Sensor 2 RMSE (2) results of the 24 minutes prediction 

 Training Testing  
ANN (BP trained) 0.046 0.06 

ENN (on-line evolved) 0.038 0.06 

Table V:. Sensor 3 RMSE (2) results of the 24 minutes prediction 



 

 Training Testing  
ANN (BP trained) 0.037 0.065 

ENN (on-line evolved) 0.032 0.059 

Table VI:. Sensor 4 RMSE (2) results of the 24 minutes prediction 

60 MINUTES PREDICTION 

 Training Testing  
ANN (BP trained) 0.059 0.118 

ENN (on-line evolved) 0.035 0.064 

Table VII:. Sensor 1 RMSE (2) results of the 60 minutes prediction 

 Training Testing  
ANN (BP trained) 0.059 0.216 

ENN (on-line evolved) 0.035 0.066 

Table VIII:. Sensor 2 RMSE (2) results of the 60 minutes prediction 

 Training Testing  
ANN (BP trained) 0.071 0.180 

ENN (on-line evolved) 0.039 0.078 

Table IX:. Sensor 3 RMSE (2) results of the 60 minutes prediction 

 Training Testing  
ANN (BP trained) 0.054 0.163 

ENN (on-line evolved) 0.035 0.064 

Table X:. Sensor 4 RMSE (2) results of the 60 minutes prediction 

Figure 4: Comparison of testing results for sensor 2 (60 min. prediction) 
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These results show the effectiveness of the proposed approach to solve the problem of on-line traffic flow rate 
prediction. The 24 minutes forecast (Table I: and tables III to VI) shows the proposed methodology performs slightly 
better than ANN BP trained. The 60 minutes prediction (Table II: and tables VII to X) shows a remarkable 
improvement, with respect to traditional ANN, by cutting the average accuracy error of the real forecast capability from 
0.169 to 0.068.  
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CONCLUSION 

In this paper we showed a Smart-Adaptive-System (SAS) based on Evolutionary Neural Networks for the real time 
short-term urban traffic forecast. The proposed system can be defined to be a real SAS because it combines 
evolutionary computation and neural networks in order to optimise on-line the weights of feed-forward neural networks 
and because it performs a real time adaptation to changing conditions. In this work we applied such a system to 24 and 
60 minutes urban traffic flow rate predictions in order to carry out real time adaptive forecast models. 
We compared the proposed real-time approach with the classical one based on Artificial Neural Networks (ANN) off-
line trained with the Back-Propagation (BP) algorithm. Experimental results were very promising because the proposed 
methodology showed a significant improvement with respect to ANN. In particular the most remarkable result 
concerned the 1-hour prediction where the average root mean squared prediction error is cut off from 16.9% to 6.8%. 
These results show the success of the proposed SAS methodology in order to get predictive neural models capable to 
dynamically adapt to environmental changes (changes in the traffic conditions) overcoming the drawbacks imposed by 
traditional off-line gradient based methodologies (the BP algorithm). 
Future work will concern the experimentation on longer predictions (6, 12 and 24 hours) in order to understand the 
prediction horizon of the proposed system. 
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