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   Abstract—In this paper, we propose a multi-layer and 
recurrent neural network using back propagation through 
time algorithm for training. This neural network is intended 
for multi-step prediction of time-series. In particular, it 
estimates the trajectory of an Ad Hoc mobile node, in order to 
improve routing performance in Ad Hoc wireless networks. 
We demonstrate the effectiveness of the proposed predictor by 
testing it on two time-series prediction problems. The selection 
of the number of inputs and the number of neurons in the 
hidden layer, witch we call the neural network structure, is 
treated in detail. 
Key-words—recurrent neural networks, multi-step time series 
prediction, trajectory prediction.  

I. INTRODUCTION 

   Time series prediction is an important research and 
application area. The ability to perform a reliable prediction 
is important in a wide range of disciplines in the physical 
sciences, engineering, medical research and economic 
studies [1-7]. 
   Time series prediction techniques can be classified in two 
categories: statistical techniques and techniques based on 
advanced tools as neural networks and fuzzy systems.  
   Among the statistical prediction techniques, we find 
Autoregressive (AR), Moving Average (MA) and combined 
AR and MA (ARIMA) [8]. These techniques showed 
several limitations, such as their inefficiency for real world 
problems which are often complex and nonlinear. This is 
due to the fact that these techniques assume that a time 
series is generated by a linear process. Thus, they are called 
linear statistical predictors. The nonlinear statistical 
predictors such as threshold predictor, exponential 
predictor, polynomial predictor and bilinear predictor were 
proposed to add more precision to prediction [8]. However, 
the selection of the suitable nonlinear model, as well as the 
computation of its parameters is a difficult task for a 
practical problem without a priori knowledge about the 
time series under consideration. Moreover, it has been 
shown that the capability of the nonlinear model is limited 
because it is unable to provide a long-term prediction. 
   In recent years, artificial intelligence tools (e.g. neural 
networks, fuzzy systems, neuro-fuzzy systems, etc) have 
been extensively used also exploited for time series 
prediction [9-11]. In particular, artificial neural networks 
are frequently exploited for time series prediction problems. 

In [9], the authors tested three solutions to predict a 
financial time series. The time series is divided into fixed 
size parts. In the first solution, they used a multi-layer 
neural network. Neural network training has been 
accomplished using each part of the time series, one after 
the other, using backpropagation algorithm. The aim of this 
strategy is to have a general picture on the entire time 
series, and then make prediction. Feedback connections 
have been added to the multi-layer neural network to 
constitute a recurrent neural network (feedback predictor), 
which has been used as second solution. These feedback 
connections added memory between the different parts of 
series, in training phase. The training is carried out with 
Real-Time Recurrent Learning (RTRL) algorithm [31]. In 
the third solution, a mixture of expert structures has been 
used. In this solution a number of statistics on the time 
series have been established, such as mean and variance, in 
order to calculate conditional probability values of each 
series part. These values will be used for prediction. The 
authors of [10] proposed a flexible neural tree (FNT) model 
for time series prediction. FNT model is generated initially 
as a flexible multi-layer feed-forward neural network 
trained by the backpropagation algorithm. Then, it evolves 
using a evolutionary procedure to form the most suitable 
model for prediction, in terms of structure (over-layer 
connections and different activation functions for different 
nodes) and corresponding parameters. We note also the 
work of [11] that introduces a self-organised neuro-fuzzy 
network witch can be applied for time series prediction. 
This network uses a multi-layer neural network that 
integrates fuzzy rules like (IF-THEN), to describe the 
relation between input and output of the network. 
   The development of artificial neural networks (called also 
neural networks) was originally inspired by the study of 
biological neural systems, in particular, by the research on 
the human brain. The advantage of neural networks 
compared to other artificial intelligence tools is their ability 
to learn and then to generalize from their knowledge. A 
neural network is an information processing system that is 
capable of treating complex problems of pattern 
recognition, or of dynamic and nonlinear processes. In 
particular, it can be an efficient tool for prediction 
applications. In fact, a number of prior works applied neural 
network for prediction. However, it should be noted that the 



majority of the published results focus on using neural 
network to perform short-term prediction (one-step 
prediction). In this study, we present a time series 
prediction technique based on recurrent neural network and 
providing long-term prediction (multi-step prediction). This 
technique can be applied to any time series, in particular 
location time series.  

III. RECURRENT NEURAL NETWORK BASED 
PREDICTION 

   Time series prediction requires neural network taking into 
account temporal dimension. This taking into account is 
only possible by dynamic neural network architectures.   
Static neural networks are unable to do this kind of 
treatment. In a dynamic neural network, time can be 
represented either as an external mechanism, or as an 
internal mechanism. When time is represented as an 
external mechanism, prediction window (number of steps 
or predicted observations) can not exceed one: one step 
prediction. Whereas, dynamic neural network, when time is 
represented as an internal mechanism can be used, in order 
to exploit long-term prediction: multi-step prediction 
(prediction window is more than one). Among this kind of 
neural network, we find recurrent neural network, witch are 
the most suitable for the multi-step prediction [9], [6], [21]. 
Indeed, recurrent neural networks include internal dynamic 
memory, created from its structure containing cycles. This 
feature grants a dynamic mapping relating input to output 
sequences. Recurrent neural networks propose several 
architectures and training algorithms. The efficiency of the 
neuronal prediction technique depends on the choice of the 
architecture and the training algorithm. 

   Location prediction called also mobility prediction is used 
in many fields like robotics and telecommunication 
systems. In this last, and particularly in wireless networks, 
location prediction is the determining of a mobile terminal's 
future location. The definition of 'location' depends on the 
nature of the wireless network: 

- In infrastructure networks, location means the access 
point to witch the mobile terminal is connected. Many 
location prediction methods are proposed: [12-18]. The 
main advantage of location prediction is to allocate, in 
advance, the convenient next access points before the 
mobile terminal leaves its current one, in order to 
reduce the time of interruption in communication 
between terminal mobiles.  

- In no infrastructure networks called also Ad Hoc 
network, mobile's location means its geographic 
coordinates. Location prediction in Ad Hoc networks is 
a new topic. Its main advantage is to estimate link 
expiration time [19-20] in order to improve routing 
performances. A.  Recurrent neural Network architecture 

   The paper is organized as follows: Section 2 introduces 
the location prediction as a particular problem of time series 
prediction. A recurrent neural network for multi-step time 
series prediction is proposed in Section 3. The choice of the 
network architecture as well as the training algorithm will 
be discussed in detail. Section 4 illustrates the effectiveness 
of the proposed predictor by testing it on two time-series 
prediction problems. The selection of the number of inputs 
and the number of neurons in the hidden layer is also 
treated. Finally, some concluding remarks are presented in 
Section 5.  

   A neural network’s performance is highly dependent on 
its architecture. A neural network architecture is not unique 
for a given problem. Depending on the problem, it may be 
appropriate to have more than one hidden layer, 
feedforward or feedback connections, or in some cases, 
direct connections between input and output layer [10]. 
Neural architecture considered in this investigation is a 
recurrent and multi-layer neural network (see Fig2). This 
architecture is composed of three layers arranged in a 
feedforward fashion: The first layer is the input layer which 
represents the dynamic memory of network. This memory 
is originated by a feedback between the output layer neuron 
and the input layer neuron; as well as feedbacks between 
neurons themselves from input layer. The network input 
layer can contain external inputs coming from time series 
observations, as well as estimated input coming from 
previous network output. In fact, this architecture is used N 
times (N-step prediction) to estimate N observations of time 
series. In each prediction step k (k N), network output 

(t + k) is stored in the input layer to be able to estimate 
the following value  (t + (k + 1)), that corresponds to 
prediction step (k+1). This storage is due to the feedback 
connection between the output neuron and a neuron in the 
input layer. The second layer is called hidden layer. The 
role of this layer is to store the characteristics of the learned 
patterns, to increase the freedom degree in the problem 
resolution and to improve generalization ability of the 
network, just like the traditional multi-layer networks. The 
third layer, called the output one, constitutes the output of 
the network. This output, i.e. (t+k), corresponds to the  

II. TIME SERIES PREDICTION AND LOCATION 
PREDICTION 

   Time series is a set of observations from past until 
present, denoted by s(t-i) { i= 0.. P }, where P is the number of 
observations (patterns). Time series prediction is to 
estimate future observations, let's s (t+i) {i= 1.. N}, where N is 
the size of prediction window. Location prediction is a 
particular case of time series prediction. Indeed, let's 
consider a mobile node, which moves according to a 
trajectory. This trajectory is defined by mobile locations 
(x(t-i), y(t-i), z(t-i))

≠
ŝ

ŝ

 { i= 0.. P }, witch represent three time 
series: x(t-i) , y(t-i)  and z(t-i) { i= 0.. P }  { i= 0.. P }  { i= 0.. P } (see 
Fig1). So, location prediction problem can be resolved by 
the prediction of these three time series i.e.  x(t+i) { i= 0.. N }, 
y(t+i) .        { i= 0.. N } and  y(t+i) { i= 0.. N }
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Fig.1. Location Prediction of a mobile node 
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Fig.2. Neural architecture for the prediction 

 

predicted value of y according to the step k of prediction, at 
the moment t + k. 

B. Notation 

   To cope with the structural complexity of neural 
networks, the following notational convention is employed. 
The input, hidden and output layers contain Ne, Nc and one 
neurons, respectively. 
Let ecω denotes the weight of the link connecting neuron e 
in the input layer and neuron c in the hidden layer and 

csω denotes the weight of the link connecting neuron c in 
the hidden layer and neuron s in the output layer,                 
e ={1..Ne}, c ={1..Nc} and     s =1. Bias terms are included, 
by adding a bias neuron in both input and hidden layers, 
whose input have constant value equal to one (see Fig.2).  
Let v denotes a neuron belonging to one of treatment layer 
(hidden and output i.e. v = c or s). Each neuron v computes 
a weighted sum of the inputs denoted by . The 
quantity  computed at each neuron becomes then 
argument of a sigmoid activation function, which resides in 
the neuron itself. Hence, the value returned by the 
activation function of neuron v is  (see Fig.3 and Eqs 1). 
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Fig.3. Notation of the neuron's input/output 
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C. Learning algorithm 
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   In prediction step k, r
as ŝ (t+k), that correspond to the network output. The 
quantity J k , represents the square error function in 
predictio tep k: 
 

J k [ ])()(ˆ2
1 2 

ktrkts +−+                          (2) 

The total error function in prediction step
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the error functions J k  that corresponds to prediction step 
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ig.4 illustrates an example on the error function 
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calculation, for Ne = 3 and Nc = 3. 
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The network is trained using BPTT (Back Propagation 
Through Time) [22] algorithm by minimizing the error 
function J. The weights can be adapted according to two 
methods. In the first method, the weights are adapted at 
every time      (t+ k), that correspond to kth prediction step 
and using the error function Jk (4). 
In the second method, the weights are adapted only at the 
time (t + N) using the sum of errors according to times 
{(t+1),..,(t+k),..,(t+N)} i.e. the function error J that 
correspond to N th prediction step (5).  
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We adopted the second approach. The weight adjustment is 
accomplished according to following equations: 
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n denotes the number of forecasted inputs,              
(because the network output is reinjected in the input layer). 
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The weight  ωec  denotes the weight of the link connecting 
the neuron e in the input layer, whose input is equal to 
s(t+k-j) and a neuron c in the hidden layer. 
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  Two cases must be considered: 
First case: uvω  = ecω  (i.e. u belongs to input layer and v 
belongs to hidden layer) 
 

ωec

kts
∂
+∂ )(ˆ

= 
I

kts
c∂
+∂ )(ˆ

.
ec

c

d
I
ω
∂

   

                   =
I

kts
s∂
+∂ )(ˆ

.
I
O

O
I

c

c

c

s

∂
∂

∂

∂ . .
ec

c

d
I
ω
∂

 

   = f ’( )I s ωcs .f ’( ).                           (9)  I c Oe

Second case: uvω  = csω (i.e. u belongs to hidden layer and v 
belongs to output layer) 
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From equations (5) - (10), equation (6) is given by: 
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Where: 
- = f gk
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   The following section deals with two case studies where 
we put the accent in some particular deign problems witch 
are the input and hidden layers selection. 
 

IV. CASE STUDIES  

   In this section, two case studies are performed in order to 
test the developed recursive predictor. The first test case is 
the « Mackey-Glass » time series. The second one is time 
series describing locations of an Ad hoc mobile node.  

A. Mackey-Glass time series 

   The Mackey-Glass chaotic time series [23] is frequently 
used to test a time series predictor [24], [25], [10], [26]. 
This series (see Fig.5) is defined by the following nonlinear 
differential equation in time: 
 

10)(1
)(2.0)(1.0)(

Δ−+
Δ−

+−=
tx
txtx

dt
tdx               (13)    

The technique of Runge-Kutta of 4th order is used to resolve 
the system. Two values of the parameter , lead to a quasi-
periodical chaotic behavior: 

Δ
Δ = 17 and = 30. The data 

base which we will use in this part is obtained with the 
following conditions: Δ =17, x(0)=1.2 and    x(t-

Δ

Δ )=0 
when 0≤ t≤ , with a sampling time equals to one second 
. Thus, the data base contains 1200 observations of 

Mackey-Glass time series: the first 500 observations 
starting from the 118th observation are used as training set, 
the rest of observations (starting from the 618th 
observation) are used as testing set. The training as well as 
the test of the multi-step neural predictor will be done on a 
horizon of six steps. 
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Fig.5. Mackey-Glass time series   

 

A.1. Selection of the recurrent neural network structure    
   The number of inputs Ne, as well as the number of 
neurons in the hidden layer Nc, are both important 
parameters which need to be appropriately selected. In fact, 
their values have significant impact on prediction accuracy. 
An inappropriate choice of Ne and Nc can leads to an 
underlearning or overfitting of the training data. For 
example for Ne=8 and Nc=3 prediction results, as shown by 
Fig.6, are not accurate. 
 géneralisation Test 
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Fig.6. Prediction of Mackey-Glass series withNe=8, Nc=3 
 

   To determine the values of Ne and Nc which carry out 
towards the best prediction, we realized two procedures: 
   The number Nc depends on the length of subpatterns 
provided for training, i.e.Ne, and the number Ne depends 
only on the training data [27] [28]. So, in the first procedure 
witch is a heuristic method, we fix Nc= 3 and vary Ne , in 
order to find the value of  Ne that  provides the least 

Time 

       Desired output   
          Predicted output 



generalization error (i.e. best generalization capability). 
This error is defined by the following formula. 
 

  

 

 
 

 

 

 

 
 
 

 
 
 
 
 
Fig.7 illustrates the evolution of the generalization error and 
the training errors according to the number Ne. This figure 
shows that the least generalization error is obtained when  
Ne=20.  When Ne is higher than 20, the generalization error 
increases. This is due to an overfitting because the training 
error also increases.  
 

 

 

 

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 

Fig.8. Diagram of the modified training algorithm  
 

NbIter : Current number of iterations  
NbIter_max : Maximum number of iterations 
Eap : Training error 
Egoal : Training error goal  
 
The second procedure consists in determining the number 
Nc (Ne is fixed to 20). With this intention, we applied the 
algorithm presented by [29]. In this paper, an incremental 

training for multi-layer networks has been proposed. The 
aim of this algorithm is to force training procedure to 
converge towards a prefixed error that we note Egoal, with 
the minimum number of hidden neurons. The diagram of 
Fig.8 explains the resulting training algorithm. 
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After applying this training algorithm for a recurrent neural 
network having 20 input neurons,  we obtained the 
following results: The minimal number Nc to reach a 
training error equal to 0.15 is 6 (Nc=6). The disadvantage 
of this algorithm is that it is very slow in its execution.  
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A..2. Testing the selected predictor architecture 
   After selecting Ne =20 and Nc=6, another training phase 
has been considered again. Predictions of the Mackey-Glass 
series are shown by Fig.9. 
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Fig.9. Prediction of Mackey-Glass series with Ne =20 and Nc=6 

B. Location time series 

   The movement of an Ad hoc mobile node can be 
described by three location time series:    x(t-i){ i= 0.. P }, y(t-
i){ i= 0.. P } and  z(t-i) { i= 0.. P }. The particularity of such a 
series is that it follows a specific mobility model. In fact, to 
simulate the movement of an Ad hoc mobile node, the 
literature offers a set of mobility models [30]: RWM 
(Random Walk Mobility), RWM (Random Waypoint 
Mobility), ABSAM (A Boundless Simulation Area 
Mobility), GM (Gauss-Markov ), CSM (City Section 
Mobility). The majority of the searchers use RWM model 
(Random Waypoint Mobility) in their Ad hoc networks 
simulations because it is flexible and simulates in a realistic 
way the movement of people [30].  

We chosen RWM model to construct location time series. 
In this model [31], a mobile node starts from its current 
position and chooses randomly a destination position in its 
mobility territory. Then, it moves straight towards this 
destination with a constant speed, chosen randomly in an 
interval of speeds. When it reaches the destination, it 
remains immobile during a certain period of time then 
restarts the same movement process (see Fig.10). 

algorithm (original version), 
weights are in the cache 

- Store 
weights

NbIter< NbIter_max

False 



 
 
 
 
 
 
 
 
 
 

 
 

 

B.2. Testing the selected predictor architecture 
   Let us consider an Ad hoc mobile node which moves 
according to RWM mobility model with a speed varying in 
[0..20]. Its coordinated are recorded each 10s, starting from 
0s (initial time), until 4000s. So we obtain two location 
time series x(t-i)  and y(t-i) {i= 0. 400} {i= 0. 400}. Now, we will 
test the predictor on his two location time series in order to 
forecast the mobile node movement (trajectory). The first 
200 co-ordinates are used for training and the rest for 
generalization. Training as well as generalization (test) was 
done on a horizon of three steps. The parameters Ne and Nc 
are fixed respectively at 8 and 5. Fig.11 illustrates the test 
of the neuronal predictor on the two series x and y. The 
forecasted trajectory of the mobile is deduced from 
predicting x and y (Fig.12). Fig.10. Example of movement of a mobile according to the RWM model 

   
 

B.1. Selection the recurrent neural network structure   
The selection of the number of input neurons (Ne) and 

of the number of neurons in the hidden layer (Nc), can be 
done by heuristic methods. The method that we adopted is 
as follows: We consider thirty location time series based on 
RWM model, containing 400 patterns each one: the first 
200 patterns are used for training, the rest of patterns for the 
test (generalization). Each series is applied to the network 
while varying Ne and Nc in the interval [1..30].  For each 
combination of the couple (Ne, Nc), we calculate the 
training error and the generalization error (formula 15). The 
following observations were then retained:  
- Not like Ne, a small variation of Nc can affect the 
prediction accuracy.  
- A great value of Ne can lead to an underlearning and a 
very small value of Ne can lead to an overfitting. 
- A very good training, i.e. training with a very small error 
can affect the generalization ability of the neural network, 
this is why, we chose the generalization error as criterion in 
the selection of the Ne and Nc parameters and not the 
training error.  
- The number Nc depends on the length of subpatterns 
provided for training, i.e.Ne, and the number Ne depends 
only on the training data [27] [28]. So we fixed Nc to 
determine optimal value of Ne , i.e. that provides the 
smallest generalization error. We found that 70% of 
location time series have optimal Ne between 5 and 10. For 
the rest of series (30 %), we note that the generalization 
error obtained by theirs optimal Ne is not far (about 0.01) 
from that of the firsts series. Thus, we chose Ne equal to 8, 
being sure that we will not penalize some particular series. 
- The variation of Nc don't affect greatly the prediction 
accuracy, starting from Nc equal to 5. The choice of an 
elevated value of Nc will increase the number of parameters 
to be estimated and training delay, without improving 
considerably the generalization ability. This is why, we 
chose Nc equal to 5. 
 
Etrain/gener=                                                                         (15) 
  
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 

Fig.11.a. Test of time series x 
  
 
 
 
 
 
 
 
 
 
 
 
 

Fig.11.b. Test of time series y 
Fig11. Prediction of tow location time series 

 
 
 
    
 
 
 
 
 
 
 
                                                     

 
 

Fig.12. Prediction of the mobile trajectory 
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V. CONCLUSION 

   In this study, a recurrent neural network for multi-step 
prediction has been proposed. The architecture of this 
neural predictor is a three-layer network with feedback 
connections. Back propagation through Time algorithm has 
been used to train the recurrent neural network. We have 
demonstrated the effectiveness of the proposed predictor by 
testing it on two time-series prediction problems. The 
choice of the recurrent neural network structure has been 
discussed in detail.  
      In this study, we have shown also that our neural 
predictor can estimate an Ad Hoc mobile node trajectory 
(mobility) by predicting three location time-series, 
representing its geographic coordinates. In fact mobility 
prediction is a very important matter insofar as it can 
improve significantly routing performance in wireless Ad 
Hoc networks [31], [19], [17].  
   In a future work, we plan to develop a routing protocol 
for Ad Hoc network that use mobility prediction to estimate 
the link expiration time between tow neighbored nodes.   
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