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The article proposes a method for improving the selectivity of determining gas concentrations in gas
mixtures using multisensor systems based on porous silicon with the application of a multiagent information
processing system. A general formal description of the multi-agent system is provided, which is improved by
the introduction of a set of fuzzy cognitive maps designed to recognize situations, forming a spectrum of
representations, focusing attention, and evaluating the success of agents' actions, which allows for the con-
struction of various multi-agent systems using a single methodology, in particular those used to improve the
selectivity of sensors. The task description includes a set of classes to be recognized, a set of features, a
measurement procedure, a set of associative models for transforming a set of features into a set of classes,
which is a set of fuzzy cognitive maps, as well as procedures for automatic adjustment and correction of gas
concentration measurement results. The proposed method is based on determining the composition of a gas
mixture obtained by a matrix of gas sensor agents based on porous silicon with different porosity and at
different temperatures. Using a multi-agent system, an extended feature space is formed, and the distances
between measurement points in this space are calculated. The set of distances is converted into a distribution
of gas concentrations, which simplifies the concentration measurement algorithm while maintaining the
required measurement accuracy for determining the composition of the gas mixture and the concentration
of its individual elements. The experiments performed and the analysis of the results show that the proposed
system is capable of determining the composition of gas mixtures with sufficient accuracy.
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1. INTRODUCTION

Recently, much attention in gas sensor technology
has been paid to the use of nanostructures, which are
characterized by a large surface area, high porosity, and
effective depletion [1]. However, despite progress in the
development of such sensors, some issues remain insuf-
ficiently studied.

The general principles of interaction between gas
molecules and solid surfaces are fairly well known, but
the mechanisms of kinetics and thermodynamics of ad-
sorption for different types of gases remain insufficiently
studied. This is especially true for the influence of po-
rous surface parameters, such as pore size and morphol-
ogy, which affect the selectivity and sensitivity of gas
Sensors.

As is known, gas sensors on porous silicon have high
sensitivity due to their large surface area and adjustable
morphology [2,3]. However, their selectivity to gases, es-
pecially in gas mixtures, remains a significant limitation
that hinders their wider practical application.

Increasing selectivity through surface functionaliza-
tion methods or the use of modern information technol-
ogies such as multi-agent systems is a relevant area of
scientific research.

The problems of gas sensor selectivity are caused by
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both a wide range of physical phenomena that occur in
real sensor operating conditions and significant possible
variations in operating conditions. In addition, experi-
mental studies of sensors based on different materials
and/or different architectures are not usually system-
atic, focusing on the analysis of results obtained for spe-
cific designs.

On the other hand, insufficient attention is paid to
the opportunities offered by modern information tech-
nologies, in particular the paradigm of multi-agent sys-
tems, in which a multitude of individual agents perform
either different tasks or solve the same task, giving their
“own view” on the solution.

The issue of gas sensor selectivity is discussed in de-
tail in [4]. The authors indicate that selectivity can be
achieved by attaching functional organic groups to porous
silicon. If the target molecules do not interact with the at-
tached functional groups, the sensor response changes
linearly in proportion to the concentration. However, in
the case of strong hydrogen bonding, a much greater re-
sponse is recorded at low concentrations than expected.
The hydrogen bond either causes an increase in solvent
penetration into the porous matrix or reduces the poten-
tial drop at the solvent/porous silicon interface, i.e., re-
duces the volume capacity in silicon nanorods.
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The paper [5] analyzes progress in the development
of resistive gas sensors. In particular, it describes new
nanoarchitectures that significantly improve the perfor-
mance of sensors. As shown, high sensitivity, fast re-
sponse, short recovery time, a significant number of de-
tectable gases, low detection limit, reliability, compact-
ness, relative ease of manufacture, and low cost can be
achieved through the use of nanostructured resistive gas
sensors. The improvement in the characteristics of such
sensors, in particular their sensitivity, is due to a signif-
icant reduction in interparticle barriers in nanopowders
or other nanostructures.

In [6], approaches are developed for creating compo-
site materials with a fractal-percolation structure based
on intercalated porous matrices to increase the sensitiv-
ity of adsorption gas sensors. Porous silicon, nickel-con-
taining porous silicon, and zinc oxide are synthesized as
materials for such structures. Using impedance spec-
troscopy, it was shown that the obtained materials
demonstrate high sensitivity to organic solvent vapors
and can be used in gas sensors. A model has been pro-
posed that explains the high sensitivity and inductive
nature of impedance at low frequencies, taking into ac-
count the structural features and fractal-percolation
properties of the obtained oxide materials.

Work [7] is devoted to the technology of improving the
properties of silicon sensors by improving etching technol-
ogies. Coating with a thin layer of metal facilitates the etch-
ing of p-type silicon in an HF solution containing KBrOs,
KIOs or K2S20s as an oxidizing agent. Chemical etching of
p-Si with Ag enhancement in 22M HF containing 0, M
KBrOs or KIOs, resulted in the formation of micropores,
while etching silicon in 22M HF/0.1M K2S20s after Ag dep-
osition resulted in a large area of silicon nanowires on the
Si surface. The corresponding electrical equivalent circuit
was used to reconcile the experimental impedance results
of the metal-modified silicon surface in an HF/oxidant
aqueous solution.

Researchers are paying a lot of attention to figuring
out gas concentrations using spectral analysis, espe-
cially with porous silicon [8]. This method has a number
of advantages, such as high sensitivity due to a large
specific surface area and the ability to create photonic
structures, optical flexibility, the possibility of multi-pa-
rameter analysis, and the ability to adjust selectivity to
specific gases by modifying the surface structure. At the
same time, the application of the method requires solv-
ing additional problems, one of which is multi-analytical
selectivity, which involves the development of algo-
rithms for separating overlapping components to recog-
nize several gases simultaneously.

Such tasks can be solved by applying information
technologies. For example, in [9], a neural network is
used to process data from a multisensor system. To se-
lectively determine the gas spectrum, the authors use a
separate sensor for each gas, specially tuned to a specific
gas. This is a very complex task from both a technologi-
cal and technical point of view. There is also the problem
of training a neural network created to solve the prob-
lem of multiple regression, which is precisely the task of
determining the concentration spectrum. Quite a few
layers and neurons are needed to successfully solve this
problem.

The best results can be achieved by using agent
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technologies. These technologies now cover a very wide
range of applications, including virtual sensor agents,
software agents, intelligent agents, etc. [10].

The paper [11] explores the possibility of using multi-
agent systems in distributed computing using the exam-
ple of a universal multi-agent distributed computing
system. The model was implemented in Fuzzy Cognitive
Map (FCM). The proposed multi-agent system showed
the expected characteristics. The conclusion is that the
proposed universal model of a multi-agent system using
FCM can be used as a basis for building multi-agent sys-
tems for various purposes.

In [12], a dynamic fuzzy cognitive map (DFCM) is
proposed, which, according to the authors, is ideal for
building control systems for multi-agent systems (MAS)
to study and correct the behavior of a community of
agents when they fail, use a lot of resources, etc. In this
work, DFCM is used to build a control system for a fault
management system based on multi-agent systems.
Very good results were obtained, demonstrating that the
use of these maps as a control tool for multi-agent sys-
tems is effective and reliable.

The combination of the concept of multi-agent sys-
tems and fuzzy cognitive maps is also described in [13,
14]. The goal of [13] was to create an online platform
with a smart approach based on innovative technologies,
such as multi-agent processing and fuzzy cognitive
maps, which improves decision-making. In the approach
proposed in [14], the result of using FCM is the basis for
developing agent preferences and behavior rules in
agent-oriented modeling.

The aim of the work is to improve the accuracy of de-
termining the composition of gas mixtures and the con-
centration of individual gases by applying innovative ap-
proaches in both nanoelectronics, using a multisensor
system on porous silicon, and information technology,
using a multiagent system, by increasing the amount of
data used to construct a vector response, increasing the
size of the feature space, and applying a modified fuzzy
cognitive map.

2. EXPERIMENTAL

To test the proposed system, we used a set of gas sen-
sors based on porous silicon, which are combined into a
matrix.

When manufacturing the matrix sensor, an Au/Ge-Ni-
Au contact is applied to the back side of the semiconductor
plate, and five layers of porous semiconductors with a di-
ameter of 10 mm and different porosity are formed on the
opposite side. A Pd contact with a diameter of 3 mm is de-
posited on each porous layer.

A stand was used for calibration and testing, which
allows supplying both a single gas and a mixture of gases,
controlling the gas concentration, and performing meas-
urements [15]. A vacuum of up to 10-3 mmHg is created
inside the flask. The gas flow rate was kept constant at
0.3 L/min. To study the effect of gas on the sensor, it was
placed on a heater disc built into the flask, and its elec-
trodes were connected to external contacts with platinum
ties. After injecting gas into the flask through a flow me-
ter, the resistance and response time of each sensor were
measured at different temperatures (Fig. 1).
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Fig. 2 — Diagram of a multisensor system on porous silicon [15]

3. RESULTS AND DISCUSSION

In general, agents that are part of a MAS are directly
involved in processes that are specific to a particular
subject area (SA). The ontology of the SA includes cer-
tain entities. There are certain relationships between
entities that need to be reflected in the conceptual
model. Therefore, we will present a conceptual model of
a multi-agent system, taking into account the above, in
the form of:

MAS=<PE(AP), AE(AA, RA, AS),

1

SO, AR, R1, R2, AL, KB, IPS > W
where PE is the set of passive entities included in the on-
tology of the subject area; AP is the set of attributes of
passive entities; AF is the set of agents that are active en-
tities; AA is the set of agent parameters; RA is the func-
tional roles of agents, each of which is expressed by the
name of the agent; AS is the set of aspects of agent func-
tioning within the defined roles; SO — set of classes of op-
erations performed by agents; R1 < SO x AE x AS — pro-
jection of the set of operations onto the set of agent roles
and aspects of their functioning; R2 ¢ PE x AE — relation-
ship between passive and active entities; AL — library of
data processing algorithms; KB — knowledge base for
managing data processing processes in MasS; IPS — sub-
system for processing and integrating information re-
ported by agents. This subsystem is based on a set of fuzzy
cognitive maps (FCM) that recognize situations, form a
spectrum of ideas, focus attention, and evaluate the suc-
cess of agents' actions. The latter is a new approach to
building multi-agent systems.

Let us consider the task of processing data to deter-
mine the composition of gases and their concentrations by
creating a multi-agent system.

Taking into account expression (1), the formal repre-
sentation of the task is determined by the expression:

TR = < SC, SF, MP,AM, RCP>, ©@)

where SC is the set of classes; SF is the set of features;
MF is the measurement procedure; CF' is the set of asso-
ciative models for transforming the set of features into the
set of classes, which is a set of fuzzy cognitive maps; RCP
is the procedure for automatic adjustment and correction
of measurement results.

Typically, to solve this problem using methods based
on semiconductor sensors, multisensor arrays containing
a set of such sensors are used. Within our paradigm, each
sensor is an agent that performs several measurements
at different operating temperatures.

To store the reference and primary measurement
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results, it is necessary to create a set of matrices M = { Mo,
Mi, Ms,... M,,..., Mn}, containing the resistance values of
the sensors, where each row corresponds to a specific k-th
operating temperature of the sensor; each column corre-
sponds to the j-th sensor with a specific permeability; i is
the gas number, i =1...N. Each matrix from the set M
must correspond to the average value from the known
concentration range of each gas. Matrix Mo is the “clean
air” matrix, averaged over several experiments. This is a
noise matrix. Sometimes noise must be included in the
spectrum distribution.

The content of the matrices must be normalized by
dividing the values of each matrix by its average value.
After that, the average is equal to 1. Standardization of
data by average allows you to compare samples with dif-
ferent average values, for example, to compare the
spread of values relative to the average.

Let us also create a feature space with a dimension
of @ x P, where @ is the number of operating tempera-
tures and P is the number of porosity gradations. In this
space, we need to determine the points that correspond
to the conditional average concentrations of each gas for
the selected subject area. These will be the so-called re-
sistance points.

Since in reality gases act simultaneously, in each cell
of each matrix we see the result of the superposition of
factors. Thus, each matrix point carries information
about the entire composition of gases.

According to our hypothesis, the distances between
points can be converted into gas composition. However,
due to certain factors, the results of measurements and
calculations will differ to some extent from the actual
composition. Therefore, it is necessary to adjust the dis-
tances according to the actual concentrations, as there
are errors. Among the factors that can affect the meas-
urement results are individual sensor errors, which de-
pend on deviations in operating temperature and other
technical and technological factors.

To configure a multi-agent system for a specific gas
mixture composition, it is necessary to have an FCM
classifier that receives the current gas mixture composi-
tion from the researcher in the form of a binary code and
accordingly configures the result correction subsystem
by selecting the appropriate FCM association map.

Therefore, to correct the measurement results, we
will use a type of fuzzy cognitive map (FCM), namely an
association map (AM). Work [16] describes the AAM
auto-association map, which is used to expand the fea-
ture space. AAM is a modification of FCM in which rows
and columns correspond to the acting factors. The inputs
and outputs of AAM are linked by an expression that we
see in work [16].

N+1

s, =F| X wy, |, 3)
i-1

i#]

where i is the AAM row number; F'is the sigmoid func-
tion.

To solve our problem, we feed a set of values into the
map
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-1
xi:% i=1,N+1, 4)

where d; is the distance between the working point of the
feature space and the i-th reference point.

At the output of the map, we should obtain an inte-
grated and corrected gas composition with the concen-
tration of constituent elements. That is, it will be an as-
sociation map (AM). We will convert the AM s; outputs
obtained using formula (3) into a distribution using the
softmax function

S

e’

Yo
i

Y (6))

The values of the coefficients wj are calculated using

the gradient method according to the recursive formula

w:jﬂ =wfj+axi(y;—yj), (6)
where yi* is the actual value of the gas composition in a
specific training example; a is the learning rate coeffi-
cient, 0 < a < 1. It is thanks to this training that the AAM
matrix is able to subsequently correct the measurement
results in the MaS.

Since the response of sensors to gas concentrations is
nonlinear, it is advisable to have separately configured
association maps for gas mixtures of different composi-
tions. The selection of a specific AM is based on the de-
coder principle, namely Fi. = f(Ce(Gr)), where Fp is the
position code of a specific AM for the k-th mixture Gx;
Cs(Gp) is the binary code of the k-th mixture for which
the composition needs to be determined.

If preliminary experiments with the sensor matrix
have been conducted, the reference points obtained in
the feature space and the AAM matrix are trained, the
system's operating algorithm is as follows:

1. Technical preparation for sampling.

2. Setting the initial temperature of the sensor ma-
trix.

3. Starting the cycle of taking measurements accord-
ing to the meter, k& = 1:

3.1. Fixing the k-th dimension in the corresponding
local k-th matrix.

3.2. If k=K, proceed to step 4, otherwise set a new
(k + 1) operating temperature value and proceed to step
3.1.

4. Standardization of measurement results by divid-
ing the measurement results for each matrix by the av-
erage value of that matrix.

5. Calculation of distances d; between the working
point of the current measurement gopq and the i-th ref-
erence points using the square of the Euclidean metric

Mo

P
d =3

p=

(g;q - gpqi)2 > (7)

R

1

q

6. We convert the array of distances d; into an array
X = {xi} using expression (4). We feed this array into the
AM input.

6. Calculations on AM. As a result, we obtain a gas
composition distribution that is close to the actual one,
with an accuracy limited by instrumental error.
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The experimental verification was performed on a
multisensor system, the elements of which corresponded
to the following grid of porosity and operating tempera-
ture values (Figures 2-4). Accordingly, Figures 3-5 show
graphs of resistance changes.
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Fig. 2 — Temperature dependence of resistance for sensors
with different porosity in Hz environment
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Fig. 8 — Temperature dependence of resistance for sensors
with different porosity in N2O environment
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After processing the measurement data, which was
collected and processed using the above method, the re-
sults shown in the following tables and diagrams were
obtained. Tables 1 and 2 show the comparative results
of measuring low (LC) and high concentrations (HC) in
ppmV of three gases. Absolute and relative errors are
provided.

Table 1 — Actual values and measurement errors at low gas
concentrations

H N0 CO2
Real 5.30 1.40 4.80
Measured 5.64 1.43 4.74
AbsErr 0.34 0.03 0.06
RelErr, % 6.42 2.14 1.25

06002-4



MULTISENSOR SYSTEM BASED ON POROUS SILICON...

Table 2 — Actual values and measurement errors at high gas
concentrations

H: N:0 CO.
Real 530.60 170.20 700.70
Measured 550.30 160.50 800.20
AbsErr 19.70 99.70 47.5
RelErr, % 3.7 5.7 6.78

It can be concluded that the error sizes for high and
low gas concentrations are practically the same.

To verify the effectiveness of the proposed system,
the gas composition was measured using a single sensor
with 50 % porosity at the same operating temperature
range. Table 3 shows the relative measurement errors
using a single sensor and a multi-sensor system with the
proposed data processing algorithm. Analysis of the ob-
tained results allows us to conclude that the approach
proposed in this work gives better results.

Table 3 — Relative errors in measuring gas concentrations in
systems with different numbers of sensors.

Multisensor system
Hs N:20 COq
LC 6.42 2.14 1.25
HC 3.7 5.7 6.78
Single-sensor system
Hs N:20 COq
LC 11.75 15.87 13.12
HC 15.41 14.23 17.92

Separately, it is necessary to discuss and compare
the proposed multi-agent data processing system and a
multi-sensor system in which a neural network is used
to process data and determine the composition of gases
and their concentrations. When it comes to classifica-
tion, i.e., determining the class of a particular object or
symbol, the neurons of the output layer are trained on
labeled examples in which the actual class of each object
is clearly indicated. In their work, the authors applied a
regression task, where the output of the model can be
used to obtain an arbitrary value of the concentration of
each gas in a certain range. Under such conditions, it is
quite difficult to train a neural network with several hid-
den layers and several outputs. It is necessary to gener-
ate many examples and spend a lot of time on training.
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Kpemenuyupkuli hrauionanvrutl yrigepcumemy imeni Muxaiina Ocmpoepadcvkozo, 39600 Kpemernuyk, Yipaina

V¥ crarTi 3anpoIIOHOBAHO METOJ IIIBUIIEHHS CEJIEKTUBHOCTI BUSHAYEHHS KOHIIEHTpAIl Tas3iB B ra3oBUX
CyMIIIax BUKOPUCTOBYIOUN MYJIBTICEHCOPHI CUCTeMH Ha 6a3l IMOPUCTOT0 KPEMHII0 3 3aCTOCYBAHHS MLIbTiareH-
THOI cucTeMu 06poOku iHdopmarrii. Bukonano saraspHUM POPMATBHUN OIIUC MYJIBTHATEHTHOI CHCTEMH, SKa
YIOCKOHAJIEHA 338 PAaXyHOK BBEJEHHS KOMIUIEKCY HEYITKUX KOTHITHBHUX KapT, IPU3HAYEHUX JJIS PO3Ii3HA-
BaHHS CUTYaIlll, pOPMyBaHHs CIEKTPY YsIBJIeHb, DOKYCYBaHHS yBAard Ta OL[IHKY YCIIIITHOCTI I1i areHTiB, 110
JI03BOJISIE 32 €IMHOI0 METO0JIOTIEI0 KOHCTPYIOBATH PI3HOMAHITHI MyJIBTHATEHTHI CUCTEMHU, 30KpeMa TaKH, 110
3aCTOCOBYIOTHCS JIJIsI IIIIBUIIIEHHS CEJIEKTUBHOCTI ceHcopiB. B ommc 3aadi BXoasTh MHOMKIHA KJIACIB, IO ITiJI-
JIATAI0Th PO3INI3HABAHHIO, MHOMKWHA 03HAK, IIPOIeAypa BUMIPIOBAHHS, HA0IP acOI[laTUBHUX MOJeJIel mepeT-
BOPEHHSI MHOKMHY O3HAK y MHOMKUHY KJIACIB, K1 € Ha00pOM HEJITKUX KOTHITHBHEX KapT, & TAKOXK IIPOIle-
JIypy aBTOMATHUYHOTO HAJIAIITYBAHHS Ta KOPEKIlil pe3yJIbTaTiB BUMIPIOBAHHSA KOHIIEHTpAIlii rasis. B ocHoBi
3aIPOIIOHOBAHOI0 METO/Ly JIEKUTh BU3HAYEHHSI CKJIAJLy I'a30BOl CyMIII SIKHUM OTPUMY€EThCS MATPHUIIE0 Ias3o-
BUX CEHCOPIB-areHTIB Ha OCHOBI IIOPUCTOr0 KPEMHI0, 3 PI3HOIO IIOPYBATICTIO TA IIPX PI3HUX TeMIlepaTypax. 3a
JIOTIOMOTO0 MYJIBTHATeHTHOI CHCTeMU (POPMYETHCS POSUINPEHUH IIPOCTIP 03HAK, 00U CIIIOIOTHCS JUCTAHITT Misk
TOYKAMU BUMIPIB y 11poMy I1pocTopi. CyKyIHICT IUCTAHINN [1epEeTBOPIOETHCS Ha PO3IOII KOHIIEHTPAIlIN ra-
31B, III0 JI03BOJISIE CIIPOCTHUTH AJIFOPUTM BHMIpPY KOHIIEHTPALIH IIPY JOTPUMAHHI HEOOX1THOI TOYHOCTI BUMIPIB
1 CIIPOCTHTH IIPOITEC HAJIATO/ZKEHHSI CHCTeME BH3HAYEHHSI CKJIAy Ia30BOl CyMIIII Ta KOHIIEHTpAaIlil il OKpeMux
esieMeHTIB. BukoHaH1 eKcIlepuMeHTH Ta aHAJII3 Pe3yJIbTATIB [IOKA3YIOTh, 1[0 3aIIPOIIOHOBAHA CUCTEMA 3aTHA
3 JIOCTATHBOI0 TOYHICTIO BU3HAYATH CKJIAJ Ia30BUX CYMIIIEH.

Kirouosi ciosa: Ilopucruii kpemniii, Cencopu koxueHTpariii ragy, Mynsrucescopta cucrema, MysprrareH-
THa cucTemMa, Po3ImupeHuii mpocTip 03HAK.
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