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Abstract 
 

Single visual evoked potentials (VEP) are very weak and noisy signals. For this 
reason, powerful extraction tools are needed to improve their clinical use. In this 
paper, we present two methods for filtering VEP: a linear one, based on the 
adaptive noise canceller scheme where the input signals represent successive 
recorded VEP, and a new non-linear method which exploits the neural network 
property to give a universal approximation of any non-linear function as complex 
as the VEP signal. We test the effectiveness of these methods and compare their 
performance to conventional averaging traditionally used in hospitals. As  
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compared to adaptive linear filtering or conventional averaging techniques, no 
assumptions are required on the VEP responses such as the stationarity of the 
signal and the white Gaussian nature of the background. The results obtained 
show that non-linear filtering performs efficient VEP extraction based on just a 
few single responses. This is very significant in terms of saving time especially 
when recording data from elders and children. 
 
Keywords: Adaptive filtering, Averaging technique, Multilayer Perceptron, 
Visual Evoked Potentials 
 
 
1 Introduction 
 

The non-invasiveness and simplicity of VEP recordings have encouraged their 
application in the diagnosis of neurological diseases, including Alzheimer’s and 
Multiple Sclerosis, and in the prediction of Epilepsy. Like many neural signals, 
visual evoked potentials (VEP) measurements are very weak signals and strongly 
corrupted by background noise. In clinical practice, the traditional method of 
ensemble averaging is commonly used to extract the meaningful VEP signals 
from a noisy background. This technique is based on averaging most of the 
signals recorded during the test until a clean plot of the VEP is obtained. This 
often requires the acquisition of several unit brain responses [11] [3] [7] [10].   
 

Theoretically, this technique stipulates that the VEP signals are stationary, and 
assume that the noise that affects them is additive and uncorrelated from one 
response to another. However, a number of studies have demonstrated that these 
hypotheses cannot be justified in the case of VEP because it presents a 
non-stationary character while the noise in which it is drowned is of little known 
nature. The method of ensemble average therefore results in a considerable loss of 
information [7].  

 
For this reason, researchers tried to develop other algorithms to make VEP 

extraction and analysis simpler and more effective. Several authors propose 
adaptive filtering as an alternative to the ensemble averaging technique. These 
works showed that a decent improvement in the signal to noise ratio (SNR) is 
obtained from only a few recorded signals [7] [9] [2] [14]. Indeed, adaptive filters 
need two input signals: a primary signal which is the VEP and a secondary one 
which is a reference [15]. Based on the fact that a certain correlation exists 
between these two signals while assuming that the noise is additive, adaptive 
filtering methods give the best estimation to the part of the signal which is 
correlated with the reference signal [7] [14]. However, all of the adaptive methods 
essentially involve linear operations. Clearly, the assumption of linearity for the 
nervous system may not always be valid. 
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In this paper, we expose two methods for filtering VEP. The first method is 

based on the linear adaptive noise canceller technique. The primary signal and the 
reference signal of the used adaptive filter are chosen to be successively recorded 
VEP sweeps. The second method consists of a new non-linear technique that 
exploits the artificial neural network property and gives a universal approximation 
of any non-linear function as complex as the VEP signal. In our model, we use of 
a three layer perceptron of order 9 that was found to be more efficient that 
conventional averaging or adaptive filtering [1]. Results obtained from both 
normal and pathological study cases are illustrated. 
 
 

2 Extraction of the useful VEP 
 
2.1 Adaptive filtering method 
 
2.1.1 Formulation of the method 
 

The adaptive filtering method is based on the adaptive noise canceller 
discussed by Widrow and others [1]. The filter configuration utilizes two input 
signals x(n) and y(n) referred to as the primary signal and the reference signal 
respectively, as shown in figure 1. It is assumed that a correlation exists between 
y(n) and only a part of x(n). The adaptive filter provides the best estimate of that 
signal component which is correlated with y(n). Subtraction of the best estimate 
from the primary input will produce the error signal as the output of the canceller. 
The latter is used in a feedback to adjust optimality of the adaptive filter tap 
weights, in the mean square sense, until the correlation is completely removed at 
the output [1] [12] [6]. 

 
 

 
Fig.1: Adaptive noise canceller 
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Let's suppose that the primary signal and the signal of reference are 

constituted by the useful signal s(n) and two uncorrelated additive noise signals 
v1(n) and v2(n) as follows.  

1( ) ( ) ( )x n s n v n= +   (1) 
and  

2( ) ( ) ( )y n s n v n= +  (2) 
 

The error signal is the difference between the primary signal and the 
estimated one: 

ˆ( ) ( ) ( )e n x n x n= −  (3) 
 

The filter converges toward the optimum filter when the minimum of the 
mean square error (MSE) is reached. 
 

Let us define the tap weights vector and the reference vector at the nth 

sampling time by: 
[ ](0), (1),..., ( 1)T

n n n nh h h h N= −  (4) 
and  

[ ]( ), ( 1),..., ( 1)T
n n n ny y n y n y n N= − − +  (5) 

 
where N represents the filter order and T the vector transpose. The best estimated 
signal is expressed as the convolution of the vectors h and y by the following 
equation (6). 

1

0

ˆ ( ) ( ) ( )
N

n
i

x n h i y n i
−

=

= −∑
 (6) 

 
The filter coefficients are adjusted using the LMS adaptive algorithm 

introduced by Widrow and Hoff [7] [9] [15] [12].  The h vector components are 
initialized to zero and updated according to the recursive formula:  

 
1 ( ) ( )n nh h e n y nμ+ = +  (7) 

 
The adaptation factor μ acts on the weights' fluctuation about their true values 

as they converge to the Wiener optimum solution. In addition, this factor controls 
the convergence and the rate of convergence as well. A too small value for μ will 
guarantee the convergence, thereby slowing the convergence rate [7] [9].  
 
2.2.2 Application to the VEP extraction 
 

In this application, the primary and the reference signals represent VEP signals 
that are successively recorded. The VEP data set that we analyse consists of 100  
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recorded VEP.  
 

The signals undergo a pre-processing step that eliminates the continuous 
component. Then they are filtered using the adaptive filter of order N. Different 
values of the parameters N and μ are tested to examine the effectiveness of the 
adaptive filtering technique. On one hand, we represent, for a given value of μ, the 
variations of the mean square error according to the order N of the filter. The 
minimum of the obtained curve is reached when N = 20. On the other hand, the 
variations of the mean square error versus μ show a considerable increase of this 
quantity for μ ≥ 0.0008 (with N = 20). Based on these results, we have adopted the 
values N=20 and μ=0.0001 [7].   

 
Figure 2 below represents an example of the result of the VEP signal 

estimation using the adaptive filtering method associated to the average, applied 
to 20 single recorded VEP sweeps. 

 

 
 

Fig.2: Estimated VEP using the adaptive filtering technique of 20 recorded signals 
(N = 20, µ = 0.0001). 
 
2.2 Multilayer perceptron method 
 
2.2.1 Formulation of the method 
 

The nervous system is a non-linear system which is responsible for the VEP 
generation. So, it would make sense to model the VEP signals by a non-linear 
model as well. In fact, we succeeded in conceiving a non-linear model based on 
multilayer perceptron while exploiting its power to achieve the best 
approximation of any non-linear signal [1] [4] even as complex as the VEP.    
 

The non-linearity of the model proposed is assured first, by its architecture 
chosen based on three layers (Fig.3) and the use of a hidden layer with a  
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non-linear activation function. This structure will give us a non-linear filter that 
permits the best extraction of the VEP signals. 
 
 

 
 

Fig.3: The three layer perceptron used for VEP non linear filtering 
 
 

The number of neurons in the input (order of the filter) and the hidden layers 
are determined experimentally, whereas the output layer is composed of only one 
neuron representing the exit of the filter. We use the hyperbolic tangent function 
for the activation of the hidden layer neurons and the identity function for the 
output layer.  

 
The choice of these functions guarantees a non-linear input-output 

relationship [1] [4] [13] [5] which is expressed by the following equation:  
 

∑ ∑
= =

++−=
H

j
j

M

i
iejihjss bbinxWfWfnx

1 1
]])([[)(

 (8) 
 

where: 
- xe(n): the sample input vector:    xe(n)=[x(n -1), x(n - 2), ...x(n - M), 1];  
- Wji : weights of the connection between the ith neuron in the input layer 

and the jth neuron in the hidden layer,  
- Wj : weights of connection between the jth neuron in the hidden layer and 

the output one.  
- bi, bj: the activation thresholds of the two first layers.  
- M : the filter's order  
- H : the number of the hidden layer neurons.  
- fh ,fs : the activation functions of the hidden and output layers respectively. 
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Generally, to represent the activation thresholds of the two first layers, we 

add a neuron to the input and one to the hidden layer. These neurons' state of 
activation is always equal to 1. Therefore, the equation (1) becomes: 

 

]])([[)(
1

1

1

1
∑ ∑

+

=

+

=

−=
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j

M

i
ejihjss inxWfWfnx

  (9) 
 
where the Hth+1 and the Mth+1 weights represent the thresholds of the hidden 
layer and the output layer respectively. 
 

The conceived network uses the back propagation algorithm [1] [4] [13] for 
the connection weights adaptation. The basic back-propagation learning law is a 
gradient-descent algorithm based on the estimation of the gradient of the 
instantaneous mean squared error for each layer: 
 

))²]()([()( nxnxEne sd −=   (10) 
 
where xd(n) and xs(n) are the desired output and the real output respectively. 
 

The mean squared error can be minimized using the iterative process given 
by the following equation (4): 

 

W
eWW

∂
∂

+= η
 (11) 

η is the adaptation step.  
 

For the weights of the connection between the jth neuron in the hidden layer 
and the output neuron, the gradient is defined, based on the activation state Yj(n) 
of the jth hidden layer neuron, by the following relation (12): 
     

 1L ,1,j)( +…=−=
∂
∂ fornY
W

e
jk

kj

δ
 (12) 

where:  
- δk(n)= xd(n)-xs(n): the filter error; 
- Yj(n): the activation state given by :  

 

 1L ,1,j])([)(
1

1
+…=−= ∑

+

=

forinxWfnY
M

i
ejihj

 (13) 
 

The adaptation equation of the connection weights between the jth neuron in  
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the hidden layer and the output neuron becomes: 

 

jkkjkj YWW δη+=
  (14) 

 
By analogy to the above analysis, the computation of the gradient of the 

connection weights between the ith neuron in the input layer and the jth neuron in 
the hidden one is determined  by successive derivations of the following 
equation (15) [15]: 

kjkijj
ji

WXYY
W

e δ)1( −−=
∂
∂

  (15) 
 
And the connection weights adaptation process in this case becomes: 

 

kjkijjjiji WXYYWW δη )1( −+=
  (16) 

Substituting 

kjkjjj WYY δδ )1( −=
  (17) 

  
equation (16) becomes: 

ijjiji XWW δη+=
  (18) 

 
This last adaptation equation (18) has the same form as the one used in the 

LMS adaptive filtering algorithm. This results from the fact that we used an 
identity function for the activation of the output neuron [15] [1] [4]. 
 

There are several versions of the back propagation algorithm. In our 
application, we used the "Batch" version [1], [13] [5].  It updates the connection 
weights block by block after inputting all samples. The adaptation is controlled by 
the minimisation of the global least square error on the P available samples in one 
input signal. This adaptation is expressed by equation (19) below:  

  

∑
=

Δ+=
P

i
W

p
WW

1

η

  (19) 
where η is the adaptation step.  
 
2.2.2 Application in VEP extraction 
 

Our experiments achieved a neural network structure that gives the best 
estimation to the VEP [1] [4]. This structure consists of a three layer perceptron 
with ten neurons in the input layer (M = 10) and eight neurons in the hidden layer.  
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It gives the best estimation of the VEP signal when the adaptation step is η=10-6. 
A higher order model runs the risk of preventing the filter from detecting the 
abrupt transitions of the signal due to its non-stationary character [4].    
 

We have easily implemented the above multilayer perceptron using MATLAB 
environment [8]. Figure 4 below shows the results from filtering three single 
responses recorded in normal and pathological cases. 

 
  

 
 

(a) 

 
(b) 

 
 
Fig.4: Results of the VEP extraction. From top to bottom, on the left: the 1st, 5th 
and 10th single VEP and on the right: the corresponding VEP extracted. (a) 
Normal case. (b) Pathological case. 
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3 Discussion   
 
 

The following figures (Fig. 5 and 6) illustrate the filtering results obtained 
while applying the three methods: the averaging method, the adaptive noise 
canceller and the multilayer perceptron.  Figure 5 shows the obtained VEP for a 
normal case whereas Figure 6 represents those corresponding to a pathological 
case. 

 
 
In figure 5, the VEPs in (a1), (a2) and (a3) correspond to the filtering of one 

recorded VEP respectively by the three techniques. (b1), (b2) and (b3) illustrate 
the extraction of the VEP applied on 10 measurements and (c1), (c2) and (c3) the 
filtering results obtained with 20 recorded signals [1] [4].  

 
 
The result of filtering by the averaging technique is improved as we increase 

the number of averaged single brain responses. A clean VEP may appear after 
having recorded and averaged about 40 signals from a normal patient. In a 
pathological case, this number may be more than 50 and the VEP may still 
corrupted by noise, a fact that often incites neurologists to record more VEP 
signals or redo the tests subsequently [1] [4]. Another disadvantage of the 
averaging method resides in the fact that the obtained signal's shape presents some 
amplitude distortions as the number of the averaged recorded single VEP 
increases. The method of ensemble average results therefore in a considerable loss 
of information.  

 
 
The adaptive filtering method, based on the application of an adaptive noise 

canceller of order 20 and with a the adaptation step parameter chosen equal to 
0.0001, produces a good estimation of the VEP based only on 10 to 20 recorded 
signals, especially when we combine the adaptive filtering and the averaging 
techniques. 
 
 

Thus, the results of the VEP extraction obtained while applying the multilayer 
perceptron are distinctly better that those obtained using the two methods. Indeed, 
we can filter each one of the single brain responses alone and get very good 
estimation of the VEP without any a priori knowledge about the signal to be 
estimated. Also, about ten recorded brain responses filtered and then averaged can 
confirm the presence or absence of any pathology [1] [4]. 
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Fig.5: Results of the VEP extraction in a normal case. From left to right: the 
averaging method, the adaptive noise canceller and the multilayer perceptron. (a1), 
(a2) and (a3): results obtained with 1 recorded VEP. (b1), (b2) and (b3): results 
obtained with 10 recorded VEP. (c1), (c2) and (c3): results obtained with 20 
recorded VEP. 
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Fig.6: Results of the VEP extraction in a pathological case. From left to right: the 
averaging method, the adaptive noise canceller and the multilayer perceptron. (a1), 
(a2) and (a3): results obtained with 1 recorded VEP. (b1), (b2) and (b3): results 
obtained with 10 recorded VEP. (c1), (c2) and (c3): results obtained with 20 
recorded VEP. 
 
 
4 Conclusion 
 

In this paper we have verified that a three layers perceptron of order M = 9 
with 8 neurons in its hidden layer is the most non-linear filter scheme that is 
perfectly adapted to the extraction of the VEP. We proved that this non-linear 
filter produces the best results for VEP extraction from filtering single brain 
answers as compared with those obtained by the use of linear adaptive noise  
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canceller method and the traditional averaging method used in the clinical 
practice.  

 
We have shown that about 10 recorded, filtered and then averaged VEP signals 

can confirm the presence or absence of any pathology. This confirms its 
superiority in operating in a noisy environment such as the single VEP and 
considerably reduces the time of VEP recording test. Also, its implementation is 
easy and does not require any a priori knowledge on the signal or on the nature of 
the noise concealing it. 
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