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Abstrac t -The paper presents the application of selected statistical methods to process the training and testing 
data sets and prepare them for the artificial intelligence-based method used in the diagnostics of analog systems. 
The size of the set (especially the number of processed attributes – stamps) determines the efficiency of the 
selected algorithm and minimizes the amount of information to be measured in the actual system. The 
preprocessing operations include elimination of constant or quasi-stationary stamps and selection of their most 
important set, allowing for the efficient fault detection or parameter identification. The paper presents two 
methods from the econometrics domain adjusted to the technical diagnostics applications. Their implementation 
is tested on the electronic analog filter. Also, efficiency of the artificial neural network (ANN) working with the 
original and preprocessed data is verified.  

I. Introduction 

The modern diagnostic methods often use Artificial Intelligence (AI) approaches. Their advantages are 
flexibility, high efficiency and autonomy. Because of the advancement in the computer technologies it is now 
possible to implement even sophisticated fault detection and identification methods in the microprocessor 
systems (such as microcontrollers or programmable logical controllers). As AI-based methods (such as ANN or 
support vector machines) rely on data sets, containing information about the System Under Test (SUT) 
behaviour, they must be properly prepared. This includes the following features: 

the set of learning examples should cover as many cases of the SUT states, as possible (including 
nominal and faulty situations). This allows for the generalization of the AI method; 
the number of examples should be small, but large enough to cover most faulty cases. The minimal size 
of the set helps avoiding overlearning by the diagnostic algorithm; 
the set of stamps (characteristic information measured in the SUT responses) should be also minimized. 
This is important for the AI method’s efficiency and for the economy of the SUT measurement, 
minimizing the number of nodes to be analysed.  

The preparation of the training data sets is the crucial part of the automated diagnostic method design. It usually 
requires a deep knowledge of the SUT work regime (to select the most representative examples). Selection of the 
analysis domain, excitation signals and set of stamps is a difficult and time-consuming process. Therefore the 
designer usually gathers all the available information, further relying on the AI algorithm. During the training, 
the most important stamps can be selected to ensure the maximum efficiency of the classification or regression 
task, used in the fault detection and identification or the parameter identification of the SUT. To minimize the 
knowledge structure stored by the AI method, it is reasonable to prepare data sets by eliminating redundant data 
and selecting the most important stamps to distinguish between various SUT states. 
There are multiple approaches to select the most important stamps in the data set. They were used in many 
applications of data analysis problems, such as econometrics or bioinformatics. The most widely used is the 
Principal Component Analysis (PCA) approach [1], which was applied to the analysis of transformers or gas 
turbines. The PCA transforms original stamps into the “virtual” ones. Although they are simpler to analyse, their 
physical interpretation is difficult. The rough sets approach [2] during the knowledge extraction from the data set 
creates reducts, i.e. minimal groups of attributes allowing for the complete distinguishing between all fault 
categories. They are calculated on the discretised data, therefore the proper discretization method must be 
applied. The disadvantage of reduction is its high computational complexity, making the exact approaches 
impractical. Instead, approximate solutions (using genetic or Johnson’s algorithms [3]) are found.  
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The alternative approaches are statistical methods used in econometrics for building models of the company [4]. 
They exploit the correlation matrix, which is already used to find stamps dependent on each other. Analysis of 
such a matrix allowed for optimizing the ANN operation in regression task [5]. This approach considers only the 
relation between the observed stamps, disregarding their relation with the diagnosed SUT parameters. 
The aim of the paper is to present the statistical data processing approaches to prepare the data sets for the AI-
based diagnostic algorithm. They are Hellwig method and multiple correlation coefficients [6], searching for the 
set of attributes containing the greatest amount of information about the actual SUT’s state. The minimization of 
the analysed stamps should decrease the number of stamps and simplify the AI method’s structure. 
The paper is organized as follows. First, the data set structure used in the experiments is presented. In section III 
the exemplary SUT, i.e. the fifth order filter is introduced. Section IV covers the implemented methods. In 
section V results of the data analysis are discussed. In section VI conclusions and future prospects are included.  

II. Data set description 

The content of the data set is crucial in training the AI-based diagnostic module. The aim of the intelligent 
algorithm is to find dependencies between the stamps (extracted from the SUT response signals) and the actual 
value of the SUT parameter, influencing its behaviour. Therefore examples and types of information they contain 
must be carefully selected. The presented approach uses the supervised learning methodology, where the actual 
SUT state is known to the designer and can be used to label each example. The data set D [2] contains n
examples, each with m stamps (1). The latter are extracted from the SUT’s model simulation and are the source 
of knowledge about its behaviour. The form of stamps depends on the analysis domain (time, frequency, DC, 
etc.) and the diagnosed system. For instance, in the time domain the stamp can be the maximal value of the 
response signal or the time instant of zero-crossing. Each example is supplemented with the information about 
the SUT’s state. Usually it is the number and the actual value of the faulty parameter. In the fault-free state 
(which must also be present to make the identification of the nominal SUT possible) this value is “0”. In the 
presented research the additional columns ck contain the number and the real value of the faulty parameter. Each 
example considers a single parametric fault (only one source of the incorrect SUT behaviour is assumed). 
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III. System UnderTest 

The fifth-order analog filter is a good example to implement the data processing methods. It is complex (because 
of the large number of nodes and SUT elements) and difficult to diagnose. Therefore multiple stamps are needed 
to allow for identification of all elements (resistances and capacitances). The circuit in Fig. 1 contains ten 
analysed elements of the following nominal values: R1=R2=R3=R4=R5=1kΩ, C1=16nF, C2=19nF, C3=13nF, 
C4=51nF and C5=49nF. The cutoff frequency of the filter for such values is 10kHz. The model of the filter was 
implemented in the Simulink environment. Simulations were performed to obtain examples of the SUT 
behaviour for different values of elements (up to 90 percent of the nominal value). The excitation signal 
provided at node No. 1 was a sinusoid with 9kHz frequency (i.e. close to the cutoff frequency). The filter was 
analysed in the time domain. The constructed data sets varied in the number of examples (from 70 to 180). The 
number of stamps was 54, including first three maximal and minimal values of the output sinusoids with their 
time instants and time instants of zero crossings, measured at nodes 2, 3, 5, 6, 8 and 9.  

Figure 1. Scheme of the 5th order lowpass filter 
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IV. Description of data processing methods 

The presented approaches are well known in the econometrics field. They are used to determine, which variables 
in the set of linear equations (describing the analysed object) are not important for explaining the output variable. 
Here they will be used to determine, which attributes in the set are the most important for describing the change 
of the faulty SUT parameter. The data processing is executed in two stages, presented below. 

A. Determining the quasi-stationary stamps 
The constant or almost-constant stamps have values in all examples close to each other. As the data set is 
prepared to cover multiple SUT states, they are not important to the fault identification and can be eliminated, 
decreasing the number of features to be covered by the AI method. To detect such stamps, their variation 
coefficient [4] is calculated (2). 
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Here ŝi is the arithmetic mean value of the i–th stamp in the set D and σsi is its standard deviation. Columns 
having the variation coefficient smaller than the predefined threshold θ (for instance, 0.12), are eliminated from 
the set as not important for describing the SUT state. The proper selection of the value of θ is the task for the 
designer and requires experience or multiple trials. 

B. Finding the most important sets of stamps 
After eliminating quasi-stationary stamps, the p remaining ones form the simplified data set D’, for which the 
optimal set of features, i.e. bearing the maximum information about the SUT state, is calculated. The selection is 
made from all possible combinations of stamps, which number is 2p-1. For instance, three stamps form seven 
combinations, such as {s3}, {s1, s2}, {s1, s2, s3}, etc. Two approaches were used here. The Hellwig’s method 
measures the information capacity for each combination of stamps from D’. The second approach uses the 
multiple correlation coefficient. It selects the combination of stamps correlated strongest with the faulty 
parameter. Both approaches identify only one variable, while the ck part in D and D’ considers various 
parameters for the identification. Therefore the sets must be divided into subsets depending on the identified 
SUT parameter. Each of them is then processed separately (so the correlation between stamps and the source of 
the fault is found exclusively for each parameter). Both methods use data structures (3) and (4). 
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where R0 is the vector of the linear correlation (Pearson) coefficients between each of p stamps and the value of 
the diagnosed parameter. The second structure is the correlation matrix between pairs of stamps: 
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The Hellwig method for the q-th stamp combination calculates the information capacity Hq (5): 
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where hsi is the partial information capacity of the i-th stamp from the q-th combination and N is the vector of 
stamps’ numbers. The combination with the greatest value of Hq is the one describing the faulty parameter best. 
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On the other hand, the multiple correlation coefficients Kq are calculated for the q-th combination of stamps: 
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where det(Rq) is the determinant of the correlation matrix (4) for the stamps existing in the q-th combination and 
det(Wq) is the determinant of the matrix constructed of the correlation vector (3) and the correlation matrix (4): 
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The combination with the greatest value of Kq is selected for training the AI diagnostic method. Both presented 
methods were implemented in the Matlab environment. 

V. Experimental results

This section presents the experimental results. First, results of data processing using both methods are discussed. 
Then, efficiency of the artificial neural networks learning from different data sets is compared.  

A. Reducing the number of stamps 
The data sets of the filter from section III were processed using both presented approaches. In the first stage the 
quasi-stationary stamps were identified. For θ=0.12 only nine stamps remained in the data set (from signals 
measured at all nodes except 2, which proves analysis here is not necessary). Note that the elimination of quasi-
stationary stamps is required, otherwise 2^54 combinations of stamps must be created, which is out of range of 
most computing toolboxes. For each SUT parameter both stamp selection methods were applied separately. In 
Table 1 exemplary results for the multiple correlation coefficient approach are present. Values “1” in the row 
describe stamps existing in the combination referring the particular parameter. For instance, the element R1 is 
best described by stamps number 20, 29, 33, 38, 42, 47 and 51.  

Table 1. Results of the stamp analysis using the multiple correlation coefficient 
Stamp No.

Parameter
11 15 20 29 33 38 42 47 51

R1 0 0 1 1 1 1 1 1 1
R2 1 0 0 1 1 1 1 1 1
R3 0 0 1 1 0 1 1 1 1
R4 0 1 0 1 1 1 1 1 1
R5 1 0 1 1 1 1 1 1 1
C1 0 0 0 1 1 1 1 1 1
C2 0 1 0 1 1 1 1 1 1
C3 0 1 1 1 0 1 1 1 1
C4 0 0 1 1 1 0 1 1 1
C5 1 0 1 1 1 1 1 1 1

All nine stamps are needed to correctly identify values of the parameters, although stamps 11 and 15 are used 
only in three cases. Therefore it is possible to eliminate them and make the set smaller (although this step 
decreases the accuracy of the AI method). The Hellwig method for the same set of stamps generated smaller 
optimal group, containing only five features: 11, 20, 38, 42 and 51. The rest of stamps did not bear the maximal 
information for any parameter, therefore they were disregarded. 

B. Testing the artificial neural network for the reduced data sets
Based on the reduced stamps the AI method was implemented for the classification task. The one-directional 
artificial neural network was selected for the task, being the popular method used for regression and 
classification tasks. The diagnostic procedure focused on determining the discrete information about the number 
of the faulty parameter and its intensity. These data were obtained from the original columns ck by discretising 
the actual value of the parameter. The discretization rule involved the nominal cnom and actual cact value of the 
faulty parameter in the example. If the relative difference is greater than ten per cent of the nominal value (which 
is the assumed tolerance margin for the element) in the positive direction, it is assigned the “large” fault code. If 
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this difference is greater than the per cent of the nominal value in the negative direction, it is assigned the 
“small” fault code. Otherwise, the “nominal” fault code is set (“0”) For instance, if the first parameter has the 
values cnom=1kΩ and cact=1.3kΩ, the fault code would be “11”. If cact=0.8kΩ, the code is “-11”. For each of ten 
parameters, three fault codes were assigned (two for faults and one common for the nominal state).  
Such a modified data sets were used to train and test the ANN-based diagnostic module. The task was to check 
the optimal structure of the network for each set, compare efficiency of modules and training duration. The 
standard one-directional classification network was used. Each fault code was assigned one configuration of 
output neurons. Although more complex coding of the category is possible, in this case the “1 of k” rule was 
used, where k is the number of outputs (here, 21). Considering results from section V.A, three module 
configurations were tested (Fig. 2), differing in the number of inputs and hidden layers. Among available 
training methods, Bayesian regulation combined with Levenberg-Marquardt optimization was selected. 
Although the most time-consuming, it ensures the highest fault identification outcomes. The ANN was simulated 
using the Matlab toolbox. 

Figure 2. Configurations of ANN diagnostic modules. 

Diagnostic outcomes for various configurations of the ANN are in Table 2. For each number of stamps three 
factors are presented: the optimal number of neurons in the network configuration (respectively, for one and two 
hidden layers), the percentage of correctly classified examples and the Mean Square Error (MSE). The second 
parameter measures the training accuracy, while the third one shows the generalization ability of the module. 
The number of neurons in both layers was changed up to 50. Simulating the module for each configuration was 
time consuming, causing the main problem during the experiments. The dependency between the obtained MSE 
and the number of neurons in the hidden layer is in Fig. 3. In most cases two hidden layers are better than one 
layer, although the exact number of neurons depends on the structure of the data set. Five stamps selected by the 
Hellwig method are not enough to maintain the original diagnostic quality. The multiple correlation coefficient-
based set of stamps is better processed by ANN, leading to the similar results as for the original set. The worse 
value of MSE for the testing than the training data set are caused by small number of examples to learn from 
about the SUT states (no more than three for each category except the nominal one) and the high complexity of 
the object. This also explains relatively low diagnostic efficiency of the applied ANN modules.  

Figure 3. Mean Square Error for ANN with one hidden layer, depending on the number of neurons. 
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Table 2. Quality of the tested ANN configurations 

Layers

5 stamps 9 stamps 54 stamps
ANN 
conf.

Quality
[%] MSE

ANN 
conf.

Quality
[%] MSE

ANN 
conf.

Quality
[%] MSE

1 [16] 48.5 2.61E-14 [40] 62.85 2.67E-14 [30] 68.5 6.6e-15
2 [15:22] 55.7 3.78E-14 [50:31] 71.42 1.97E-14 [60:44] 65.7 1.7E-14

The duration of computations depends on the complexity of the network (Fig. 4). Here results of simulating six 
network configurations are presented. Each simulation consisted in training and testing the network with the 
number of neurons in the layer (indicated as “x”) changed from 1 to 50. Reduction of the number of stamps 
greatly accelerates computations, although the diagnostic quality is still the most important factor.  

Figure 4. Comparison of simulation duration for ANN diagnostic modules 

VI. Conclusions

The presented methods can be used to optimize the content of the learning data sets for the intelligent diagnostic 
algorithms. Elimination of quasi-stationary stamps is the more important operation, influencing the subsequent 
stage. The difficulty in applying these methods is the need to properly select parameters such as the threshold θ.
Comparison between approaches selecting the optimal set of stamps shows that the Hellwig method leaves 
smaller number of stamps, which degrades the diagnostic efficiency, although decreases the simulation duration. 
Multiple correlation coefficients tend to use almost all available stamps, therefore requiring their greater number. 
Further research must be aimed at verifying the influence of the data set size to the diagnostic quality and testing 
other objects to find the optimal network configuration and threshold θ for the stamp reduction procedure. 
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