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The paper presents the application of the combined group of regression algorithms for the parameter
identification of the analog circuit’s state. The fusion of regression machines is a new approach aimed
at obtaining the high accuracy in the diagnosis of parametric faults determined in the presence of noise.
The ensemble consists of multiple approaches, mainly based on variants of the linear regression tech-
niques. Because the methods are simple, it is easier to build the accurate module than for the typical
heuristic approach, such as Support Vector Machines (SVM). The methodology consists in preparing
the ensemble architecture, selecting computational methods, optimizing features extracted from the
diagnosed system and testing the module. It was tested on the 5th order lowpass filter and compared
with the single regression algorithm, treated as the reference method. Obtained results show the useful-
ness of the proposed framework for the accurate identification of analog system parameters.
� 2020 The Author. Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND license

(http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

Contemporary measurement and control systems, widely
spread in many technical domains (such as electrical machinery
[1], electronic circuits or robotic applications [2]), require accurate
algorithms for the identification of the systems’ state. This allows
for either automated control of the particular device, or identifica-
tion of problems in advance to prevent hardware damage. The on-
line diagnostics of such a system is required for its reliable and
autonomous application. Multiple approaches are aimed at deter-
mining if the System Under Test (SUT) is working correctly or
not (fault detection), or locating the problematic component in
the structure (fault location), preferably with the estimations of
the fault intensity (fault identification) [3]. These aims assume that
it is possible to measure (at partially accessible nodes) responses of
the SUT to the applied excitation signal and further extract from
them characteristic features (symptoms), like the amplitude or fre-
quency components. This way the classification (i.e. identifying the
discrete SUT category) or regression (determining actual values of
SUT parameters) task can be executed. The Parameter Identifica-
tion (PI) is more attractive (though challenging) as it requires keep-
ing track of multiple real-valued parameters of the system. The
main application of PI is related with the parametric faults, mani-
festing after longer time of the SUT’s operation [4]. Slow changes in
the system elements’ values (caused by unfriendly environmental
conditions, or wearing out the SUT components) lead to the drift
from the nominal operation to the faulty states. In complex,
expensive objects (such as industrial installations [5], but also
sophisticated audio circuits [6]) information about the incoming
problems is crucial.

The PI task is difficult, as there is no single (desired) nominal
SUT behavior, but multiple acceptable parameters’ configurations
(creating the ‘‘fuzzy” cloud around the theoretical, ideal state),
driven by their tolerances. It may be difficult to distinguish the
correctly working device from the faulty one. Other phenomena
include the noise present in the observed SUT responses, existence
of ambiguity groups [7] or limited testability caused by the unsat-
isfactory amount of information extracted from the output signals.
Also, in most systems there is the non-linear relation between the
parameters’ values and the observable symptoms. This suggests
searching not only for the optimal set of diagnostic features
(related with the domain analysis) but also finding the best PI
algorithm, characterized by the highest possible accuracy in the
current conditions.

Currently Artificial Intelligence (AI) is widely used in the
diagnostics, thanks to the versatility of multiple algorithms and
user-friendliness. Disregarding the particular diagnostic aim, the
AI-based approaches require data sets representing various SUT
states. Thanks to Machine Learning (ML) the classification or
regression module extracts knowledge about behavior of the
monitored device, which can be further used to diagnose the actual
system. This requires multiple simulations of the SUT model (for

http://crossmark.crossref.org/dialog/?doi=10.1016/j.measurement.2020.107829&domain=pdf
http://creativecommons.org/licenses/by-nc-nd/4.0/
https://doi.org/10.1016/j.measurement.2020.107829
http://creativecommons.org/licenses/by-nc-nd/4.0/
mailto:pbilski@ire.pw.edu.pl
https://doi.org/10.1016/j.measurement.2020.107829
http://www.sciencedirect.com/science/journal/02632241
http://www.elsevier.com/locate/measurement


Fig. 1. Architecture of the PI module.
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various types of faults). Besides advantages of this approach (such
as flexibility and high accuracy), the main disadvantage is the need
to optimize the module during time-consuming trials. Each prob-
lem requires the separate approach, which must be tailored for
the specific requirements. The alternative is the application of sim-
ple regression methods, which power lies not in the sophisticated
operation, but in the multiple approximators used in the PI
scheme.

The paper presents the fusion (a.k.a. ensemble) architecture of
regression machines determining the state of the electronic circuit.
It is the extended version of the work presented previously in [8].
Application of multiple algorithms estimating the SUT’s parame-
ters is confronted against the single, more sophisticated approach,
i.e. the SVM regressor. It was assumed that voting mechanism
allows many simple approaches to obtain greater accuracy than
one advanced method. The analog filter was selected for tests, as
it is a good example of the modern system with multiple parame-
ters to identify. They change over time and therefore influence its
work regime. Though integrated circuits are currently majority and
in the case of going beyond the nominal state, they can be easily
disposed of, in some applications (such as expensive audio ampli-
fiers) it is still justified to replace the damaged elements instead of
exchanging it with the new device.

The paper structure is as follows. In Section 2 the parameter
identification task is introduced. Section 3 covers the state of the
art in the PI domain. In Section 4 the proposed fusion architecture
with the characteristics of the usable algorithms is discussed. Sec-
tion 5 presents details of the prepared solution (such as voting
mechanism) are considered. Section 6 presents the SUT, while in
Section 7 conducted tests are presented. Section 8 contains conclu-
sions and future prospects.

2. AI-based multiple parameter identification problem

Every SUT, disregarding its technical nature (either electronic
circuit, electrical machine, automation elements, etc.), is expected
to operate according to the design principles, defining its nominal
state. This depends on the configuration of internal parameters
p={p1, . . ., pm} (such as capacitances’ or resistances’ values, amplifi-
cation coefficient, etc.), which determine the output (response)
signals y(t) generated as reaction to excitations x(t).

y tð Þ ¼ f x tð Þ;pð Þ ð1Þ
The task is to construct the function g(), mapping information

represented by SUT responses into the approximated set of param-
eters bp, which should be as close to the actual set pa as possible
(usually in the least squares sense [9]).

bp ¼ g y tð Þ; x tð Þð Þ ð2Þ
Unfortunately, the function f() (1) is not easily reversible, due to

multiple phenomena, such as the noise influencing the responses,
ambiguity groups (subsets of parameters causing identical SUT
behavior), or elements’ tolerances. Based on the observation of out-
put signals it is difficult to determine exact values of parameters,
even if excitation patterns x(t) are known. Therefore the actual PI
task requires finding the actual values of parameters pa. They are
nominal values pn affected by tolerances (usually represented by
the normal distribution with zero-mean and the standard devia-
tion defining the tolerance range) and the parametric drift Dp tð Þ
with time (related with the conditions, such as humidity or tem-
perature, changing the parameter value). Both effects influence
the voltages and currents measured at accessible nodes [10]. Mea-
surements are also affected by the noise n(t) (like thermal noise),
as in (3).

y tð Þ ¼ f x tð Þ þ n tð Þ;pað Þ;pa ¼ pn þ N 0;rð Þ þ Dpn tð Þ ð3Þ
The relation (3) is usually described by the parameterized com-
puter model. It is then possible to establish the approximations bp
heuristically, by generating many simulations for varying configu-
rations of SUT parameters in the presence of the above effects. This
allows for creating the diagnostic module, representing the func-
tion g() (2) to identify the state of the actual system.

Currently data-driven approaches are the most popular tool for
system modelling. Instead of creating the analytical sets of equa-
tions (difficult in the presented case!), they implement the PI task
based on the ML scheme [11]. The algorithm extracts knowledge
from available data sets, which is then used for the analysis of
the actual SUT. The sets are first created during the extensive sim-
ulations of different system states. Diagnostic symptoms are
extracted from (possibly numerous) responses y() to form the vec-
tors s, based on which knowledge K about the actual SUT state can
be induced. The AI-based identification implements the scheme in
Fig. 1, operating both in off-line and on-line modes. In the former,
Data Acquisition (DAQ) fetches response signals and extracts
symptoms from them. The ML module obtains knowledge K from
the learning set L by mapping observed symptoms to actual
parameters’ values (s ? p). It is next used by the Inference Engine
(IE), which (working in the on-line mode) processes symptoms s
extracted from the actual SUT and estimates values of parameters
bp (as close to their actual values as possible).

Contrary to the popular fault detection and location scheme,
where the system is classified as nominal or damaged (described
by the discrete category), in the PI task the expected outcome is
the predicted real-number value of the parameter pi. According
to Fig. 1, its aim is follows:

K Lð Þ; sf g ! Rm ð4Þ
This emphasizes the importance of data sets generated during

the simulation. They consist of symptoms’ vectors si (further called
examples) obtained for the specific configurations of parameters p
(individually defined for each example). This way it is possible to
perform supervised learning, discovering K from relation (4). The
scheme requires two data sets of the same form (5), used for train-
ing and testing (L and T, respectively) the selected approach. While
L being the training set, T is used to test generalization abilities of
the regression method. Both sets contain different, exclusive
examples.

L � T ¼
s1 p1

..

. ..
.

sn pn

2
664

3
775 ¼

s11 � � � s1l p11 � � � p1m

. .
. . .

.

sn1 � � � snl pn1 � � � pnm

2
664

3
775 ð5Þ



Fig. 2. Ensemble of regression machines.
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Quality of generated knowledge is evaluated using the determi-
nation score. Although the Mean Square Error (MSE) is the most
popular, in the presented research the modified measure (6) is
used (further referred to as regression score) [12]. Here pij is the
actual value of the i-th SUT parameter for the j-th example from

the set, bpij is its estimated value and p
�
ij is the average of the actual

pi values (over the whole set). The maximum possible score is
equal to 1 (when the predicted and actual parameters’ values are
identical) with the unlimited minimum going towards -1 (which
represents the unacceptable values of regression accuracy, as the
generated approximation function may be extremely far from the
desired outcome). The score is calculated for each parameter sep-
arately. This way it is possible to optimize the regression machines
regarding all parameters for the whole available set, by maximiz-
ing (6). In practice, only the range (0.5; 1) is useful (meaning PI is
close enough to the actual values).

acc pið Þ ¼ 1�
Pn

j¼1 pij � bpij

� �2
Pn

j¼1 pij � p
�
ij

� �2 ð6Þ

This score was used in the presented research to test the regres-
sion quality on L and T. Result for the first set is used to configure
the regression ensemble, while the second one verifies the perfor-
mance of the designed approach. Vectors of symptoms prepared
for both sets should cover the most typical SUT states: nominal
and the most probable deviations. It is assumed that the frame-
work detects single faults, i.e. only one parameter is beyond nom-
inal, while all other are within their tolerance margins. Though the
proposed scheme is able to identify values of all parameters inde-
pendently, its efficiency for multiple faults prediction should be
evaluated separately.

3. State of the art

The PI approaches are well established both in the diagnostic
and control domains. Multiple methods used to solve the pre-
sented problem originate from the linear regression problem.
Depending on the number of considered phenomena (defined in
Section 2), the approaches include either numerical or heuristic
methods. They consider non-linear relations between the parame-
ters’ values and observed symptoms, some are also able to deal
with parameters’ tolerances uncertainty in acquired measurement
data.

The former often use the Least Squares Method (LSM), either
simple [1] or recursive [9], alternatively the Kalman filters [13]
can be applied. Another variation is the LSM with the forgetting
factor [14]. These approaches are used in fault location and identi-
fication of electrical machinery. On the other hand, to monitor the
state of the electrical transmission lines, the identification equa-
tion in the Laplace domain was used [15]. In [16] the approach
based on the eigenvalues identification in the signal amplitude
matrix for the analysis of the Tow-Thomas bandpass filter state
was applied. The automotive or aerial systems are often processed
by the state observers [17].

The second group of methods covers mainly Artificial Neural
Networks (ANN) and their variants. In [13] Adaline and Hopfield
networks were used to analyze the state of robotic manipulators.
The RBF ANN (inherently preferred in the approximation tasks)
was used to diagnose power electronic circuits [18]. Here it was
optimized by the PSO algorithm. The SVM regressor (with various
kernels) was applied to model and predict performance of such cir-
cuits as operational amplifier or time comparator [19]. Experi-
ments with RBF, log or polynomial kernels showed that it is
possible to obtain the low MSE value for PI, but the price for that
is the long duration of computations. The ANN were also used for
monitoring the wind turbines and proved their efficiency while
working with incomplete data [20]. The alternative to these meth-
ods are the gradient boosting regression tree, which was used in
[21] to predict values of Sallen-Key and Tow-Thomas filters.

Although the ensemble of various methods is often used in
diagnostics, these mainly refer to the classification task (for
instance, [22]). Although there are multiple approaches for build-
ing regression machines [23], they are not widely used for the
diagnostic purposes. This justifies providing the methodology pre-
sented in Section 4.
4. The proposed fusion of regression algoritms

To solve the PI problem, the single regression method is usually
applied (as was stated in Section 3). If the AI-based approaches are
used, they must be tuned to obtain acceptable results (during the
often mundane and time-consuming optimization process). Alter-
natively, simpler, linear regression methods may be used here.
Usually not as effective as their sophisticated, non-linear counter-
parts, they can be exploited more accurately when combined into
the single regression machine. This section presents the generic
architecture and selected algorithms.
4.1. Architecture overview

The ensemble (Fig. 2) is a reasoning module, consisting of c
regression algorithms. According to [22], the ensemble may be
either homogenous (where only one algorithm is applied in multi-
ple copies which differ in learning data sets’ contents), or heteroge-
nous (with various algorithms learning from the same set). In the
proposed architecture, the latter case is considered. From the set
L (4) knowledge K is extracted separately for each approach. It is
then expected that regression results will be different for each
algorithm and the combined outcome can be better than for any
other approach working separately. The scheme in Fig. 2 is similar
to the classifier ensemble, used in the fault identification [24]. The
difference lies in the method of calculating the output value,
depending on the applied voting mechanism (investigated below).
The software architecture is aimed at training all approaches sub-
sequently in the off-line mode on the set L obtained from SUTmod-
el’s simulations. The PI is performed by all algorithms working in
parallel, which is supported by multithreading.

The linear regression implements the following relation
between the i-th SUT parameter and analyzed symptoms [25]:

pi ¼
Xl

j¼1

sj �wj þw0 þ e ð7Þ

where the weights vector w={w0, . . . , wl} are adjusted during the
training process and e is treated as the random variable. Each algo-
rithm introduces modifications to (7), leading to different PI results.
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4.2. Considered regression algorithms

Among multiple algorithms the ones presented below were
selected, based on their work regime and potential usefulness for
the task. The group considered in the paper belongs to the gener-
alized regression approaches, where the task is to fit the learning
data and minimize the least squares error (for each parameter
separately):

8i 2 1; � � � ;mf g : min
wi

kbpi � pik2 ð8Þ

The simpler approaches are preferred, but their applicability for
complex data processing must be evaluated:

� Least Squares (LS) regression, which directly implements the
equation (7) and provides the simple approximation of inde-
pendent features.

� Ridge (R) regression, which modifies (7) by adding penalty for
too large coefficients, imposing as simple approximation as
possible.

� Bayesian Ridge (BR) regression, including the regularization
coefficients to the approximation. The generated value of y(t)
is treated as the random variable with normal distribution.

� Orthogonal Matching Pursuit (OMP), being the implementation
of the linear regression by defining the specific number of non-
zero coefficients wi.

� Lasso Least Angle Regression with Information Criterion selec-
tion (LLIC), which is the combined approach of high-
dimensional data processing with sparse coefficients in (6)
and the model selection using the Akaike or Bayesian criterion.

� Automatic Relevance Determination (ARD), being the variant of
the Bayesian Ridge regression with the sparse coefficients wi.

� Theil-Sen (TS) estimation, which is the non-parametric method
insensitive to outliers, with the result curve calculated as the
median among data points.

Other possible algorithms, including Passive Aggressive estima-
tor or Elastic Net were initially tested but discarded due to their
low scores (6). In the presented case, the multivariate regression
is required (as there are many SUT parameters to determine).
Therefore every algorithm has multiple copies, each responsible
for its SUT parameter. The i-th PI machine in Fig. 2 consists of m
separate approximators, generating together the vector of values
bp, evaluated by (8). When needed, the fusion may be supple-
mented by additional algorithms.

The presented approach was confronted with the more sophis-
ticated approximation algorithm, i.e. SVM regressor. It is a well-
established approach, especially for processing uncertain data. Its
disadvantage is the time-consuming process of selecting optimal
parameters of the kernel. The aim of the experiment was to check
if the proposed ensemble can outperform the SVM-based approxi-
mator, as it is one of the strongest heuristic approaches (next to
RBF networks or regression trees).

5. Architecture details

During the ensemble construction, it is crucial to determine the
set of algorithms and their significance during the overall result
calculation. Initially, all available methods were tested on the pro-
vided learning data sets, then c best ones were selected for the
fusion, which was finally evaluated on the testing sets. The com-
parison was made for each parameter separately. It turned out that
there is the subset of regression methods being more applicable to
the PI task than others, but it is not possible to select only one
dominating all counterparts. This justifies using the ensemble
rather than the single method. In this section issues related to
the architecture assembly are presented. For each parameter the
ensemble was constructed only of the algorithms with the accept-
ably high score (6) on L.

5.1. Voting mechanism

To generate the single output out of the intermediate values
produced by different approximators, they must be combined in
a way reflecting significance of each algorithm. The proposed rela-
tion for the i-th parameter estimation bpi is as follows:

bpi ¼
1
c
�
Xc

j¼1

bpij � ai ð9Þ

where a={a1, . . ., ac} is the vector of weighting coefficients for sub-
sequent regression methods, calculated based on the performance
on L. This way the most accurate approaches influence the estima-
tion result the most. The weights are calculated as follows, where
accj(pi) is the score (6) of the j-th algorithm of the i-th estimated
SUT parameter:

aj ¼
1

1�accj pið ÞPc
i¼1

1
1�accj pið Þ

;
Xc

j¼1

aj ¼ 1 ð10Þ

All weights are scaled down to represent values between 0 and
1 and are proportional to the accuracy (6). To avoid influencing the
overall result by the regressor with the low score on the training
set, the weight is calculated only for accj(pi) greater than the
threshold h, which was set to 0.45. When the score is lower, the
algorithm does not take part in voting (its weight is zero).

5.2. Features significance

The estimation accuracy depends on the symptoms available to
the algorithm. Without the prior knowledge about the features’
importance, all of them should be used. Unfortunately, their large
number may significantly degrade the processing accuracy. There-
fore elimination of redundant or less important features is pro-
posed. Besides the correlation analysis (to find dependent
variables), the set of symptoms representing changes in the speci-
fic parameter is determined. This way it is easier to decompose PI
task for different parameters into independent routines, based on
different sets of symptoms. Due to existence ambiguity groups,
such a separation may not be always possible. The algorithm is
presented in Fig. 3.

For each SUT parameter the subset of features from L is identi-
fied, depending on whether their change determines the change of
the corresponding symptom’s value. The features’ values should be
beyond the 10% margin from their values in the nominal state
(the ‘() function). As result, the regression machine estimating
the selected parameter operates on the individual set of symptoms
(represented by L(pj)). The approximation scores for the original
and reduced sets were compared in Section 7 to isolate the ones
with better results.

6. Experimental test stand

The proposed architecture was tested on the 5th order lowpass
analog filter, presented in Fig. 4. This is the circuit similar to the
single Sallen-Key or Tow-Thomas sections, often used in diagnos-
tics [16]. The complexity of the system makes it a good candidate
for the analysis of the proposed approach efficiency. Its structure
includes three operational amplifiers, five capacitors and five resis-
tances. These two groups of elements were subject to the PI task,
based on the symptoms extracted from the SUT responses. The
output signals were collected after providing the sinusoidal excita-



Fig. 3. Features selection algorithm.

Fig. 4. Fifth order lowpass filter.

Fig. 6. Collection of symptoms from the output node of the filter.
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 tion (1 V amplitude and 9 kHz frequency (see Fig. 5), i.e. close to
the designed 10 kHz cut-off frequency of the circuit) to the circuit
input (node No. 1). The responses were recorded at nodes No. 2, 3,
5, 6, 8 and 9. From the output waveforms the first three maxima,
minima, zero crossings and their corresponding time instants were
extracted (see Fig. 6). This way each symptoms vector contained 54
features, which were further minimized.

The nominal values of identifiable elements are as follows: R1-
= R2 = R3 = R4 = R5 = 1kO, C1 = 16nF, C2 = 19nF, C3 = 13nF,

C4 = 51nF and C5 = 49nF. The model of the SUT was implemented
in the Simulink environment. Experiments consisted in setting
the selected parameter out of tolerance margins, while leaving
remaining ones in the nominal state (i.e. with ‘‘ideal” values
affected by the random variable representing tolerance dispersion
and the normal distribution noise). Faulty elements’ changes ran-
ged from 10% to 90% of the nominal value (in both directions, i.e.
above and below it). The tolerance regions were established at
±10% for resistors and capacitors (which is one of the possible val-
ues for real-world elements). This way the model simulates low to
medium quality filers with relatively wide tolerances, which are
difficult to diagnose (as nominal and faulty states may overlap,
Fig. 5. Filter’s frequency transfer function.
especially when the SUT is working in the noisy conditions). In
some applications (like sound processing) more sophisticated cir-
cuits are used with elements’ tolerances around 1%. In such a case
the proposed methodology is expected to give even better results,
as the spread of measurement points will be smaller there, which
leads to the simpler approximation function.

7. Experimental results

The experiments were divided into three stages, described in
the following subsections. Firstly, all algorithms were tested sepa-
rately to check their usefulness to estimate SUT parameters. Next,
methods selected to the ensemble were combined to form the PI
module and have been confronted against the SVM regression
approach. Finally, the features’ selection algorithm was imple-
mented to verify if the increase of the regression accuracy is possi-
ble this way.

Four pairs of data sets (i.e. L and T) were used for tests. The first
two (L1, T1 and L2, T2, respectively) included 70 and 180 examples,
with actual parameters’ values not affected by tolerances (the
nominal state was represented by the vector of parameters with
values exactly as designed). The remaining two pairs (L3, T3 and
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L4, T4) also contain 70 and 180 examples respectively, but represent
simulations affected by elements’ tolerances and noise. The smaller
sets covered 7 simulations for each diagnosed element, while the
more extensive tests included 18 changes of each parameter’s
value.

Each data set was constructed to contain feature vectors repre-
senting at least three states for each circuit element: ‘‘nominal”
(within the tolerance margin), ‘‘above nominal” (values too large)
and ‘‘below nominal” (values too small). The number of the faulty
states-representatives depends on the size of the particular set.
Each example was generated by the simulation of the SUT model
after randomizing the actual parameters’ values (all randomly dis-
turbed with the same variance to consider influence of the toler-
ance and noise). This way both sets in every pair (like L1 and T1)
contain exclusive examples, which allows for testing generaliza-
tion abilities of the approach. All parameters were changed in
the same way, using identical degrees of deviations from the nom-
inal values. Every parameters’ range (i.e. between 10 and 90% of
the nominal value) was sampled uniformly to represent its wide
influence on the circuit’s behavior. This way the construction of
the approximation function could be based on the evenly dis-
tributed random set of measurement points.

The PI results presented below are calculated using the regres-
sion score (6). Note that in some cases the calculated approxima-
tion accuracy is negative, which means the selected algorithm
produced function far from the desired output, not covering the
available measurement points. Such results lead to elimination of
the algorithm from the ensemble, as it is useless.
7.1. Accuracy of selected regression algorithms

Algorithms introduced in Section 4.2 were tested separately on
full vectors of symptoms. Results on the set L1 for each parameter
are in Table 1, while for the set T1 are in Table 2. The bold font indi-
cates the highest score, while italics show which algorithm’s accu-
racy allows for including it into the ensemble. The ‘‘0.00E+00”
values indicate that the approximator was unable to converge on
Table 1
Regression scores on the set L1.

Parameter LS R BR

R1 9.53E�01 4.12E�01 4.96E�01
R2 9.16E�01 1.82E�01 6.73E�01
R3 9.77E�01 1.00E�01 7.35E�01
R4 1.00E+00 2.63E�01 7.35E�01
R5 1.00E+00 8.12E�02 0.00E+00
C1 9.54E�01 4.15E�01 4.86E�01
C2 9.24E�01 4.07E�02 1.00E�01
C3 9.01E�01 5.27E�01 6.85E�01
C4 1.00E+00 7.16E�02 1.19E�01
C5 1.00E+00 2.47E�01 4.02E�01

Table 2
Regression scores on the set T1.

Parameter LS R BR

R1 �9.73E�02 4.16E�01 4.92E�01
R2 �1.21E+00 1.82E�01 6.83E�01
R3 �1.23E+00 1.00E�01 7.31E�01
R4 9.31E�01 2.58E�01 7.44E�01
R5 9.07E�01 8.00E�02 0.00E+00
C1 �1.00E�02 4.12E�01 4.70E�01
C2 �1.24E+00 4.09E�2 1.22E�01
C3 �1.16E+00 5.17E�01 6.47E�01
C4 9.20E�01 6.72E�02 1.04E�01
C5 9.20E�01 3.16E�01 4.43E�01
L, therefore it was excluded from the fusion. In most cases the LS
regression has the highest score on the learning set, but as Table 2
shows, knowledge extracted in this case is not well generalized,
because other algorithms perform better for selected SUT parame-
ters. Although after processing the set L1 two methods prevail, i.e.
LS and TSR, knowledge verification on T1 shows more algorithms
with acceptable accuracy: BR, LLIC have the highest scores for
selected parameters (especially resistances R1, R2 and R3, and
capacitors C1, C2 and C3). This justifies implementation of the fusion
instead of any standalone method. Table 2 also shows, which SUT
elements are difficult to identify: for C1 and C2 it is hard to get
scores high enough to obtain the successful PI.

Results for the first pair of sets have been confirmed on the
remaining data. The basic LS method still is the best on the learning
sets, supported either by TSR, or LLIC. Performance on the testing
set shows greater diversity, including other algorithms into the
game. Introduction of tolerances strengthens this effect, as almost
all algorithms take part in the accurate regression of the particular
parameter. The sets’ pairs {L3 , T3} and {L4, T4} also pose greater
challenge for the regression because of introducing tolerances to
parameters’ values. This results in lower regression scores for
them. Outcomes for the sets {L4, T4} are in Table 3 and Table 4 (with
the same interpretation of values as in Table 1 and Table 2). Addi-
tionally, the regression accuracy for capacitors is lower than for
resistors in all sets’ configurations. The SUT is less sensitive to their
changes, therefore it is more difficult to approximate their values
accurately. In most cases the obtained results fulfill the require-
ment of the minimum score (6) of 0.5 to make their decision usable
in practice (in the presented examples, except the capacitor C2 for
the set T1 and resistor R1 and capacitor C1 for the set T4).

Increasing the number of examples in the set leads to the
improvement of accuracy, though it differs for particular parame-
ters (see Tables 4 and 5). It is difficult to recommend a single algo-
rithm as optimal for the task. In some cases even smaller number
of examples representing the specific parameter is enough to con-
struct accurate approximation function, especially when no noise
is considered (leading to comparable results for R2, R4, C2 and C3
OMP LLIC ARD TSR

5.00E�01 5.00E�01 5.00E�01 9.07E�02
7.00E�01 8.0E�01 6.83E�01 9.85E�01
7.23E�01 7.55E�01 7.03E�01 8.92E�01
6.64E�01 7.12E�01 7.46E�01 9.96E�01
6.46E�01 6.54E�01 3.82E�01 9.73E�01
0.00E+00 0.00E+00 1.00E�01 �8.71E�01
0.00E+00 0.00E+00 0.00E+00 9.87E�01
0.00E+00 0.00E+00 1.00E�01 9.74E�01
5.55E�01 0.00E+00 0.00E+00 9.96E�01
5.34E�01 0.00E+00 0.00E+00 9.63E�01

OMP LLIC ARD TSR

5.00E�01 5.13E�01 5.00E�01 �2.20E+00
6.83E�01 8.22E�01 6.85E�01 4.29E�01
7.25E�01 7.43E�01 6.98E�01 2.96E�01
6.24E�01 7.18E�01 7.59E�01 9.46E�01
6.11E�01 6.62E�01 3.54E�01 8.37E�01
0.00E+00 0.00E+00 1.00E�02 �1.59E+00
0.00E+00 0.00E+00 0.00E+00 �2.04E�02
0.00E+00 0.00E+00 1.00E�02 4.47E�01
5.38E�01 0.00E+00 0.00E+00 9.36E�01
5.04E�01 0.00E+00 0.00E+00 7.73E�01



Table 3
Regression scores on the set L4.

Parameter LS R BR OMP LLIC ARD TSR

R1 6.32E�01 4.16E�01 4.25E�01 4.29E�01 6.32E�01 4.16E�01 3.35E�01
R2 8.86E�01 3.57E�01 6.92E�01 6.56E�01 8.86E�01 3.57E�01 5.76E�01
R3 8.27E�01 2.37E�01 5.94E�01 6.51E�01 8.27E�01 2.37E�01 6.66E�01
R4 8.84E�01 3.50E�01 6.38E�01 5.69E�01 8.84E�01 3.50E�01 8.03E�01
R5 8.88E�01 1.47E�01 6.94E�01 4.80E�01 8.88E�01 1.47E�01 7.82E�01
C1 7.02E�01 4.24E�01 4.39E�01 4.34E�01 7.02E�01 4.24E�01 5.17E�01
C2 8.84E�01 1.09E�01 2.80E�01 5.98E�01 8.84E�01 1.09E�01 5.70E�01
C3 8.93E�01 5.91E�01 6.29E�01 4.48E�01 8.93E�01 5.91E�01 8.11E�01
C4 9.10E�01 1.15E�01 1.82E�01 5.54E�01 9.10E�01 1.15E�01 8.74E�01
C5 8.82E�01 4.32E�01 5.30E�01 5.42E�01 8.82E�01 4.32E�01 6.19E�01

Table 4
Regression scores on the set T4.

Parameter LS R BR OMP LLIC ARD TSR

R1 �1.07E+00 4.30E�01 4.38E�01 4.40E�01 4.39E�01 4.40E�01 �1.58E+00
R2 �2.50E+00 3.53E�01 6.47E�01 5.97E�01 5.28E�01 6.45E�01 �4.93E+00
R3 �1.95E+00 2.25E�01 5.01E�01 5.83E�01 6.30E�01 5.65E�01 �2.96E+00
R4 4.55E�01 3.28E�01 6.35E�01 5.75E�01 6.33E�01 6.17E�01 �8.47E�01
R5 8.09E�01 1.29E�01 6.92E�01 4.74E�01 9.99E�02 6.95E�01 4.37E�01
C1 �1.26E�01 4.28E�01 4.39E�01 4.39E�01 �1.26E�05 1.12E�02 2.81E�01
C2 �3.18E+00 1.03E�01 2.38E�01 5.79E�01 �1.26E�05 5.81E�04 �3.17E+00
C3 �1.70E+00 5.77E�01 6.14E�01 4.30E�01 �1.26E�05 2.00E�02 �1.05E+00
C4 3.54E�01 8.26E�02 1.22E�01 5.63E�01 �1.26E�05 4.13E�03 7.17E�01
C5 1.27E�01 4.62E�01 5.33E�01 4.68E�01 �1.26E�05 1.56E�03 �1.39E+00

Table 5
Regression scores on the set T3, including ensemble and reference method.

Parameter LS BR LLIC ENS SVR

R1 6.30E�01 4.91E�01 5.02E�01 5.93E�01 3.47E�01
R2 8.10E�01 6.94E�01 6.67E�01 8.27E�01 2.76E�01
R3 7.75E�01 6.62E�01 7.15E�01 7.84E�01 6.53E�01
R4 3.54E�01 7.03E�01 7.44E�01 4.52E�01 3.87E�01
R5 5.62E�01 7.98E�01 6.95E�01 7.02E�01 �1.71E�01
C1 6.84E�01 5.03E�01 0.00E+00 5.57E�01 �0.02E+00
C2 8.25E�01 2.35E�01 0.00E+00 8.39E�01 6.34E�01
C3 7.75E�01 6.92E�01 0.00E+00 7.56E�01 4.83E�01
C4 8.13E�01 1.38E�01 0.00E+00 8.05E�01 2.34E�01
C5 3.73E�01 5.75E�01 0.00E+00 5.97E�01 �1.14E�01
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for sets’ pairs T1 and T2, and T3 and T4, respectively). This suggests
that in training sets there are enough examples to represent wide
range of the selected parameters’ variability. When tolerances and
noise are introduced, increasing the number of examples leads to
the higher regression scores (as more data points are relevant sta-
tistically for the algorithm). Score on the testing set is always lower
than on the learning one, which demonstrates the loss of knowl-
edge generalization during the training. The conclusion from all
presented cases is that the application of ensemble may signifi-
cantly improve the PI accuracy, especially for uncertain data. This
assumption is discussed in the next subsection.

7.2. Efficiency of the ensemble

Based on the information from algorithms used individually,
the ensemble was constructed with the voting mechanism defined
by (9) and (10). In Table 5 results for the set T3 (i.e. smaller set with
simulations affected by tolerances) are presented. In the subse-
quent columns, scores of the algorithms (with least one the most
accurate estimation) treated separately, ensemble (ENS) and the
SVM regressor (SVR) outcomes are shown. The latter was designed
to use the RBF kernel with the optimal width r = 0.001. Again, bold
font indicates the best estimation. In all cases the fusion is more
accurate than SVR, which requires complex and time-consuming
tuning (covering optimization of the regularization coefficient
and selection of the most suitable kernel and adjusting its param-
eters). The overall performance shows that although not the best
for all parameters, the fusion of regressors is the most reliable
approach, maintaining high score for all parameters. It produces
the highest accuracy for 4 parameters and is close to leading algo-
rithm in 3 cases (for R5, C3 and C4).

Analysis of the ensemble performance has also shown that in
some cases eliminating the LS from the fusion leads to increasing
the score, as this method fails to properly generalize knowledge
about values of R1, C1 and C2.

In Table 6 there are overall regression results of the ensemble
for all four testing sets. The approximation accuracy in most cases
is acceptable. Usually scores for capacitances are lower than for
resistances, similarly to the approaches used individually. The
ensemble performance does not increase with the amount of avail-
able data. Although the single algorithms are sometimes superior
than the proposed fusion, the ensemble is more stable. Note that
for each parameter a different fusion is used, depending on the
analysis of individual candidates’ performance on the training set
(as discussed in Section 7.1).

Example of the actual regression accuracy is presented in Fig. 7.
Here variability of the selected parameter, i.e. R5 for the set T4 (180
examples with tolerances and noise) with its estimated values



Table 6
Regression scores on the set T3, including ensemble and reference method.

Parameter ENS(T1) ENS(T2) ENS(T3) ENS(T4)

R1 3.32E�01 5.88E�01 5.93E�01 4.39E�01
R2 9.38E�01 8.05E�01 8.27E�01 2.56E�02
R3 9.48E�01 7.85E�01 7.84E�01 1.06E�01
R4 9.32E�01 4.47E�01 4.52E�01 5.94E�01
R5 9.05E�01 6.97E�01 7.02E�01 7.91E�01
C1 2.54E�01 5.54E�01 5.57E�01 2.71E�01
C2 3.79E�01 8.29E�01 8.39E�01 3.45E�01
C3 2.47E�01 7.47E�01 7.56E�01 7.29E�01
C4 9.25E�01 8.03E�01 8.05E�01 6.33E�01
C5 9.20E�01 5.86E�01 5.97E�01 5.28E�01

Fig. 7. Comparison between the regression accuracy of the Least Squares and
ensemble regression.
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obtained by the LS regression and fusion of all methods from Sec-
tion 4.2 are shown. Both outcomes are close to the actual values,
especially around the nominal range, eliminating the threat of
the false alarm. This example also shows that the score for the
specific parameter (acc(R5) = 7,91E�01) practically allows for the
accurate regression, proving that the selected threshold for the PI
usability (at acc(pi) = 0.5) is correct.

7.3. Influence of the feature selection algorithm

Experiments presented so far were conducted on the full data
sets, containing all 54 symptoms, extracted from the SUT
responses at accessible nodes. Introduction of the algorithm from
Section 4.2 was aimed at decreasing the amount of data processed
by the algorithms, and hopefully maximizing regression scores. For
each SUT element a different subset of symptoms was returned,
causing different conditions for training the approximator. In
Table 7
Regression scores on the set T1 for the reduced sets of symptoms.

Parameter LS R BR

R1 �4.24E�02 1.94E�01 2.86E�01
R2 4.16E�01 1.22E�01 4.17E�01
R3 6.81E�01 0.00E+00 0.00E+00
R4 3.36E�01 1.14E�01 3.01E�01
R5 1.56E�01 5.00E�02 1.00E�01
C1 7.58E�01 3.96E�01 4.99E�01
C2 7.04E�01 2.48E�02 1.00E�01
C3 8.59E�01 3.27E�01 4.54E�01
C4 9.23E�01 6.48E�02 1.00E�01
C5 9.23E�01 3.14E�01 4.46E�01
Table 7 results after processing the set T1 by all algorithms are pre-
sented, including their ensemble. Outcomes for the symptoms’
reduction method are inconclusive, as in some cases (C2, C3, C4)
the performance of both individual algorithms and ensemble has
increased, but in others the accuracy dropped (especially for R5,
which is caused by the elimination of too many symptoms).
8. Conclusions

The proposed ensemble of regression machines has proven its
usefulness during the estimation of parameters’ values in the elec-
tronic analog circuit. Although it is a complex systemwith multiple
parameters to identify simultaneously, they can be evaluated with
the acceptable accuracy despite the noisy conditions and influence
of elements’ tolerances. In most cases dependencies between the
measured symptoms and actual SUT parameters’ values could be
discovered even by simpler, linear regression algorithms. The addi-
tional advantage of the approach is that the selection of methods to
the ensemble is fully automated and does not require their exten-
sive tuning (which is usually the problem for methods such as
SVR).

The ensemble of regressors is useful for the PI, as the combined
operation of multiple algorithms gives in the global term better
accuracy than any method used individually. The criterion of
selecting the approach to the fusion based on its performance on
the learning set is effective, but in some cases knowledge is not
well generalized, which can be supprressed by other approaches.
Also, the experiments show that due to the threat of overfitting,
the evaluation of the machine’s regression accuracy on the training
set should not be the decisive factor determining its usefulness.

The future work on the PI in analog systems should cover incor-
porating additional heuristic regression machines (such as CART
[26] or the RBF ANN [27]). The homogenous and heterogenous
ensemble architectures should be tested and compared. Also, other
SUTs belonging to different technical domains (such as electrical
machinery or automation modules) should be evaluated.
OMP LLIC TSR ENS

4.92E�01 4.87E�01 0.00E+00 3.25E�01
2.73E�01 4.18E�01 0.00E+00 3.88E�01
4.57E�01 5.63E�01 0.00E+00 6.49E�01
3.01E�01 3.25E�01 0.00E+00 2.84E�01
1.69E�01 1.55E�01 0.00E+00 1.27E�01
0.00E+00 0.00E+00 �3.12E+01 4.71E�01
0.00E+00 0.00E+00 1.32E�01 3.66E�01
0.00E+00 0.00E+00 3.34E�01 5.73E�01
5.37E�01 0.00E+00 9.11E�01 9.38E�01
5.00E�01 0.00E+00 8.56E�01 9.38E�01
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