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ABSTRACT

Background. The integration of sensors, in particular electronic nose technology, into
mobile platforms is a fundamental element in the development of modern robotics and
autonomous intelligent systems. This combination opens up new possibilities for
automated air quality monitoring, detection of pollution sources, and the execution of
rescue operations in hazardous conditions. An important aspect in this context is the use
of artificial intelligence and machine learning algorithms to analyze sensor data and predict
environmental changes. Consequently, particular attention was focused on implementing
the microcontroller architecture of the intelligent sensor system.

Materials and methods. The developed mobile sensor platform architecture
comprises a graphene FET-based sensor module, an impedance analyzer module, and a
control module based on the ESP32 microcontroller. Normalized graphene channel
resistance profiles and normalized gate resistance measured in atmospheres of acetone,
ammonia, ethanol, and toluene vapor were used to develop a neural network-based
machine learning model and test the intelligent sensor system.

Results. The developed model provided 90.9 % sensor data classification accuracy.
The weighted average values for Precision, Recall, and F1-score are 0.94, 0.91, and 0.92,
respectively, confirming the high quality of the classification and the model balance across
the different classes of the target gases. The machine learning model deployed on the
ESP32 microcontroller uses about 26% of flash memory and 6% of RAM for target gas
recognition. The gas identification time, which does not exceed 1 ms, is small enough for
the real-time intelligent sensor system.

Conclusions. The distributed architecture for the mobile sensor system based on the
ESP32 microcontroller, combining control, sensor data measurement and acquisition, and
data analysis functions, was proposed. It is demonstrated that the developed machine
learning model provides high accuracy of target gas identification. The obtained results
confirm the feasibility of implementing the proposed solutions on real-time platforms with
limited computing resources.

Keywords: Graphene field-effect transistor, sensor platform, measuring system,
microcontroller, machine learning model, gas recognition.
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INTRODUCTION

Mobile robotic platforms represent a significant step toward operational efficiency
and autonomy in various industries, the security sector, logistics, agriculture, and
everyday life [1-3]. Central to this evolution is the integration of robotics, sensor systems,
and artificial intelligence technologies, which are set to enhance robot adaptability to
changing operating conditions and to ensure informed decision-making. Increasing
demands for robot autonomy necessitate the use of a wide range of sensors to gather
reliable information about the surrounding environment, enabling the localization and
navigation of mobile platforms, as well as the real-time execution of specialized tasks. As
robotic platforms perform increasingly complex tasks, their ability to understand their
environment becomes crucial [4].

Sensor integration is a fundamental element of Industry 4.0, IoT, and unmanned
technology development. In modern technological systems, mobile robots are part of a
unified information space, exchanging data with other devices and information systems.
An important aspect in this context is the implementation of multisensor data fusion
methods, which enable the processing of information from various sources and the
creation of a comprehensive picture of the environment [5, 6]. The use of artificial
intelligence and machine learning algorithms makes it possible not only to analyze vast
amounts of sensor data but also to predict changes in the state of objects or the
environment. As a result, navigation reliability and operational robustness of mobile
robots under conditions of uncertainty are increased.

The integration of electronic nose (e-nose) technology into mobile robotic platforms
is of particular scientific and practical interest. The e-nose refers to an intelligent sensor
system consisting of an array of gas sensors and pattern recognition algorithms for
analyzing volatile organic compounds and gas mixtures [7-9]. Combining this technology
with mobile robots opens up new possibilities for automated gas leak detection, air quality
monitoring, pollution source localization, process diagnostics, and rescue operations in
hazardous environments. At the same time, the platform mobility enables spatial mapping
of gas concentrations and increases the informational value of the obtained data.

The combined analysis of data from different sensors, which form a unique
multidimensional profile of the gaseous environment, is the basis of artificial olfaction.
Recognition accuracy depends heavily on sensor stability, as drift in the characteristics of
a large number of sensors creates a complex dependence of response on operating
conditions [10]. The use of monosensor e-nose technology, on the one hand, simplifies
the sensor system and reduces power consumption — factors important for mobile
platforms and IoT — and on the other hand, increases the efficiency of gas identification
over a long period of time. However, typical monosensor gas analyzers require additional
thermal or ultrasonic influence on the sensing element [11, 12], which complicates the
sensor system structure.

A promising solution to this problem could be the implementation of sensors based
on the field-effect in graphene. The high sensitivity of graphene conductivity to local
changes in the electric field induced by adsorbed gas molecules offers great potential for
graphene-based materials in gas detection. Target gases are identified by analyzing the
conductivity profiles of graphene field-effect transistors (FETs) measured in the studied
environment using machine learning methods [13, 14]. Unlike thermal and ultrasonic
effects on the sensor, measuring the dependence of the graphene FET channel
resistance on the gate voltage is a relatively simple task using microprocessor technology
[15]. This approach enables the integration of graphene sensors into microelectronic
technology and the implementation of a portable gas analyzer based on a microcontroller-
based measurement system architecture that meets the requirements of the loT
paradigm. Therefore, the work focused on investigating the feasibility of integrating
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graphene FET-based e-nose technology into mobile microcontroller platforms and on
developing tiny machine learning models capable of reliably identifying target gases.

MATERIALS AND METHODS

Sensor platform architecture

The developed mobile sensor platform architecture is a highly integrated system
based on the ESP32 microcontroller (DD3), comprising a sensor module, an impedance
analyzer module, and a control module (Fig.1). The sensor module contains, as a
sensing element, a FET based on a reduced graphene oxide (RGO) film deposited on the
surface of porous silicon (PS) on a silicon substrate [14], as well as an analog interface.
To obtain conductivity profiles of the graphene FET that are independent of the polarity of
the voltage between the source and drain, the capability for AC measurements was
provided.

The impedance analyzer module enables the software-controlled generation of a
harmonic probe voltage V,, within a specified frequency range and with a set
quantization step by the AD5933 impedance meter integrated circuit (DD2) from Analog
Devices, as well as real-time impedance measurement using the Discrete Fourier
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Fig. 1. Block diagram of a mobile sensor platform based on the ESP32 microcontroller
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Transform [16]. According to the datasheet, the AD5933 can measure impedance in the
1-100 kHz range without any external components. The lower limit of the frequency
range can be decreased using an external clock generator. The probe voltage induces a
current through the graphene FET channel, the magnitude of which depends on both the
gate voltage V; and the gas type and concentration. The conversion of the measured
information into a voltage Vi, is implemented using an analog interface based on
operational amplifiers A1 and A2. The real and imaginary parts of the impedance are
determined by the discrete Fourier transform processor integrated into the AD5933
impedance meter chip for each gate voltage value within the programmed range at a
specified frequency. The resulting internal resistance profiles of the graphene FET
channel are stored in non-volatile memory.

Software control of the external clock generator Si5152A (DD1) and the frequency
generator integrated into the DD2 chip is performed by an ESP32 microcontroller via the
I2C serial data bus. In addition to initializing the input registers and reading the output
registers of the AD5933 impedance meter chip, the ESP32-based control module controls
the FET gate voltage and the mobile platform motors, implements machine learning
models, and transmits the video stream and control signals using an external RF
transceiver NRF24L01P+. Installing the external transceiver enables motion control and
video monitoring over greater distances (up to 100 m with the built-in antenna and 1 km in
open space with an external antenna).

Drivers in the chips DD4 and DD5 of the A3967 type from Allegro MicroSystems Inc.
are used to control the stepper motors of the mobile platform. Each microchip
incorporates a ready-made electronic module for stepper motor control. A distinctive
feature of the control scheme implementation is the use of an integrated translator that
autonomously generates complex phase sequences for current in microstepping mode,
while receiving only two logic pulse signals (step and direction) from the ESP32
microcontroller. This implementation of stepper motor control significantly reduces the
load on the processor's computing resources. The translator A3967 automatically
determines the current motion phase and switches the internal circuitry (H-bridges) to the
next microstep. To control a standard bipolar stepper motor, two independent H-bridges
in each driver are used, the current of which is regulated by a pulse-width modulated
control circuit.

Data preparation

Experimental data measured in atmospheres of acetone, ammonia, ethanol, and
toluene vapor within the 0—10 % concentration range were used to test the intelligent sen-
sor system. The measured dataset consisted of the dependencies of the RGO-PS-Si-
based FET resistance on the gate voltage for various concentrations of the target gases.
Fig. 2 illustrates the normalized resistance profiles of the RGO channel in the absence of
target gases and in an atmosphere of acetone, ammonia, ethanol, and toluene.

Since the initial measurements form an irregular grid of gas concentration and gate-
voltage values, their direct application in machine learning tasks is complicated by the
lack of a consistent structure of input space. Therefore, multidimensional interpolation
was applied to the experimental data to form a uniformly sampled feature space. In
addition, the normalized resistance value of the sandwich structure — determined based
on the gate leakage current for the corresponding target gas concentration — was added
to the feature vector. The t-SNE dimensionality reduction method [17] was used to
visualize the feature space (Fig. 3).

As a result, a unified labeled dataset containing consistent values for gas
concentration, gate voltage, and the corresponding electrical characteristics of the sensor
element was formed, enabling its direct application in classification algorithms. A dataset
containing over 400 records was split into training and testing sets at an 80/20 ratio.
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Fig. 2. The normalized resistance profiles of the RGO channel in the absence of target gases (c = 0) and in an
atmosphere of acetone, ammonia, ethanol, and toluene at ¢ = 6 % concentration
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Fig. 3. Visualization of feature space

The classification model was based on a multilayer feedforward neural network.
The input layer comprised 32 neurons, corresponding to the dimensionality of the
feature vector. The input signal was then processed by two fully connected (dense)
hidden layers with 20 and 10 neurons, respectively, using the ReLU activation function.
The output layer contained four neurons, corresponding to the four target gas classes:
acetone, ammonia, ethanol, and toluene. A Softmax activation function was applied to
the output layer to convert the model outputs into a probability distribution over the
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target classes. The learning rate was set to 0.0005. This value was selected empirically
and, when used with the Adam optimizer during training, provided a stable learning
process with a gradual improvement in classification accuracy.

RESULTS AND DISCUSSION

The trained neural network was tested on the validation set to evaluate the quality
of the constructed model. The report on the effectiveness of the developed model is
shown in Fig. 4. According to the confusion matrix, the "toluene" class demonstrated
the highest recognition accuracy, with a correct classification rate of 100 %. For the
"acetone", "ammonia", and "ethanol" classes, the proportion of correctly classified
sensor data was 95.7, 88.2, and 83.3 %, respectively. Errors are related to the
assignment of individual results measured in the atmosphere of other gases, probably
at low concentrations, to the toluene class, since the accuracy of the classification
depends on the concentration of the target gases [18].

Confusion matrix

acetone ammonia ethanol toluene

acetone 95.7 % 0 0 43 %
ammonia 0 88.2 % 0 11.8 %
ethanol 0 0 83.3% 16.7 %
toluene 0 0 0 100 %
F1 SCORE 0.98 0.94 0.91 0.79
Metrics
| Metric | Value |
Area under ROC Curve 0.99
Weighted average Precision 0.94
Weighted average Recall 0.91
Weighted average F1 score 0.92

Fig. 4. Confusion matrix and the report on the model effectiveness for multiclass classification

The developed model achieved a classification accuracy of 90.9 % with a loss
function value of 0.42. The obtained results indicate the ability of the model to correctly
recognize the studied gases using data not included in the training set. The area under
the ROC curve is 0.99, which serves as further evidence of the high class-discrimination
capability. The weighted average values for Precision, Recall, and F1-score are 0.94,
0.91, and 0.92, respectively, confirming the high quality of the classification and the
model balance across the different classes of the target gases. Dimensionality reduction
was used to visualize the classification results. In Fig. 5, which illustrates the resulting
diagram, correctly classified sensor data are marked with various shades of green, while
incorrectly classified data are marked with shades of red. The majority of points belong to
correctly classified data, confirming a high level of classification accuracy based on the
derived sensory features.

The trained model was deployed on an ESP32 microcontroller to implement the
developed sensor data analysis system. To verify the performance of the qualification
model on the microcontroller, four test feature vectors corresponding to the target gases:
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Fig. 5. Confusion matrix and the report on the model effectiveness for multiclass classification

acetone, ammonia, ethanol, and toluene were used. For these vectors, the model
determined the probability of the sensor data belonging to each of the four classes and
generated the classification results, which are presented in Table 1.

Analysis of the results in Table 1 showed that the model deployed on the
microcontroller correctly identified all target gases. The model identified ethanol with the
highest confidence (almost 97.3 % probability). The probability of correctly identifying
acetone and ammonia exceeded 80 %, indicating a sufficiently high classification quality.
Even for the case of the lowest probability of toluene identification (54.3 %), the
developed model successfully performed the classification. In addition, the gas
identification time of the intelligent sensor system was evaluated. The time required to
obtain a conclusion regarding the correspondence of each of the vectors to the target
gases did not exceed 1 ms. Such performance confirms the feasibility of using the
developed model for real-time sensor data analysis by the ESP32 microcontroller.

Table 1. The probability of the test data belonging to "acetone", "ammonia”,
"ethanol”, and "toluene" classes

Predicted
Actual
acetone ammonia ethanol toluene
acetone 0.84375 0.02734 0.01953 0.16406
ammonia 0.01172 0.81641 0.00781 0.07422
ethanol 0.08203 0.12500 0.97266 0.22266
toluene 0.05859 0.02734 0.00000 0.54297

Finally, the use of ESP32 microcontroller hardware resources was analyzed. The
program code size, including the machine learning model, occupied 26 % of the available
flash memory. And only 6 % of the microcontroller RAM was used to store global
variables. Thus, the gas recognition model implementation leaves a significant amount of
both flash memory and RAM free, which not only does not interfere with control of the
mobile platform but also allows for the expansion of its functionality without the need to
upgrade the hardware.
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CONCLUSION

The developed intelligent sensor system is proposed as a universal mobile platform
based on the ESP32 microcontroller, combining control, sensor data measurement and
acquisition, and data analysis functions. A distinctive feature of the hardware
implementation of the developed sensor system is the ability to configure the
measurement signal path and the measurement algorithm via software, taking into
account the specific characteristics of the sensor response of the FETs based on the
RGO-PS-Si structure. Local processing and analysis of the measured sensor data are
performed directly by the microcontroller-based mobile platform. Sensor data
classification is performed by the trained neural network deployed on an ESP32. The
developed machine learning model demonstrates 90.9 % accuracy in recognizing gases
(acetone, ammonia, ethanol, and toluene) and uses about 26 % of flash memory and 6 %
of RAM for classification. The gas identification time does not exceed 1 ms. The obtained
results confirm the feasibility of implementing the proposed solutions in real time on
resource-constrained devices, particularly on mobile microcontroller platforms. The
openness of the architecture to expansion at both hardware and software levels enables
optimal configuration of the measurement parameters and enhances the functionality of
the mobile platform.
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IHTErPALISA TEXHOJOrII ENEKTPOHHOIO HOCY HA OCHOBI
FPA®EHOBOIO CEHCOPA Y MOBIJIbHY MIKPOKOHTPOJIEPHY
NMIMAT®OPMY

lzop OneHuy*, Sipocnae boliko, BoedaHa Kyxapcbka, PomaH SipeMuk,
Onee Cinbkesu4, Muxatno lMaenuk, leaH Kapb6oeHuk

®Dakynbmem efieKMpOoHIKU ma KOMITIomepHUX mexHonoeid

Jlbgigcbkuli HayioHanbHUl yHieepcumem imeHi leaHa ®paHka

syn. [lpazomaHosa 50, m. Jlbeis, 79005, YkpaiHa

AHOTALIA

BcTyn. IHTerpauis ceHcopiB, 30Kpema TEXHOSOrii €nNeKTPOHHOro Hoca, y MOOInbHI
nnatpopmn € pyHOaMEHTanbHUM €eneMeHTOM PO3BUTKY Cy4acHOi pobBOTOTEeXHikM Ta
aBTOHOMHUX iHTENEKTyarnbHUX cucteM. Take NnoegHaHHs BiOKPMBAE HOBI MOXMMBOCTI ANis
aBTOMaTM30BaHOIO MOHITOPUHIY SKOCTi MOBITPS, BUSABMEHHA OxXepen 3abpyAHEHHSs i
npoBedeHHA psATyBanbHUX onepauii y HebeaneyHux ymoBax. BaxnuBum acnektom y
LUbOMY KOHTEKCTi € BWKOPUCTAHHSI LUTYYHOrO iHTENEeKTy Ta anropuTMmiB MallMHHOrO
HaBYaHHA [N aHanidy CEeHCOPHUX [AaHWX i MNPOrHO3yBaHHA 3MiHW HaBKOMULIHLOIO
cepepmoBuwa. Bigtak, ocobnuBa yBara Oyna 3ocepegxeHa Ha  peanisauii
MiKPOKOHTPOMEPHOT apXiTEKTYpW iHTENeKTyanbHOI CEHCOPHOT CUCTEMU.

Marepianu Ta metogu. Po3pobneHa apxiTektypa MOOGiNbHOI CEHCOPHOI nNnatgopmm
MICTUTb CEHCOPHWIA MOAYMb Ha OCHOBI rpacheHOBOro NonbLOBOro TPaH3WCTopa, MOAYIb
aHanizaTopa iMnegaHcy Ta Mogynb KepyBaHHA Ha 6asi mikpokoHTponepa ESP32.
HopwmoBaHi npoini onopy rpadgeHoBoro kaHany Ta HOpPMOBaHWI OMip 3aTBOPa, BUMIPSHI B
aTmocdpepax napiB aueToHy, amiaky, eTaHony i Tonyony, 6ynu BUKOpUCTaHi Ans po3pobku
Moerni MaLMHHOMO HaBYaHHSA Ha OCHOBi HEWPOHHOI Mepexi Ta TeCcTyBaHHS
iHTEeneKkTyarnbHOI CEHCOPHOI CUCTEMM.

Pe3ynbTatn. Po3pobneHa mopens 3abesneynna TOYHICTb Knacudikauii ceHCopHMX
pannx 90,9 %. CepeOHbO3BaXeHi 3HAYEeHHSA ANs BIYYHOCTI (@Hrm. precision), NOBHOTU
(anrn. recall) i F1-mipn (anrn. F1-score) cranoBnate 0,94, 0,91 i 0,92 signosigHo, Wwo
niaTBEPAKYE BUCOKY SKICTb kracudpikauii Ta 36anaHcoBaHiCTb Mogeni ANdA pisHUX Knacis
LinboBMX rasie. Mogenb MalMHHOIO HaBYaHHSA, PO3ropHyTa Ha MikpokoHTponepi ESP32,
BMKOpPUCTOBYE 0Onm3bko 26 % rnew-nam’ati 1a 6 % onepatuBHoi nam’'sTi  Ans
posnizHaBaHHA UinboBoro rasdy. Yac igeHTudpikauii rasy, skuin He nepesuwye 1 Mmc,
JocTaTHbO Manuin  Ans  OYHKUIOHYBaHHS  iHTenekTyanbHOI CEHCOpHOI cucTemMu B
peanbHoMy mMacLuTabi Yacy.

BucHoBkuW. 3anponoHOBaHO PO3MNoAineHy apxiTekTypy MobinbHOI CEHCOpHOI cnuctemm
Ha OCHOBI MikpokoHTporiepa ESP32, wo noeaHye B cobi yHKLii KepyBaHHs, BUMipIOBaHHSA
Ta 300py AdaHuX AdaTyvkiB Ta aHanidy gaHux. [poaemMoHCTpoBaHo, WO po3pobneHa
MoAenb MaLUMHHOTO HaBYaHHSA 3abe3nevye BUCOKY TOYHICTb iAeHTUdIKaLii LinboBux rasis.
OTpumaHi pesynbTaTi NiOTBEPOKYIOTb MOXIUBICTb peanisauii 3anpornoHOBaHWX pilleHb
Ha nnaTtdgopmax peanbHOro Yyacy 3 0bMexxeHMMU 0BUMCIIOBaNbHUMK pECYpPCaMMm.

Knrodyoei cnoea: [padeHOBMA MOMbOBUM TPaH3UCTOP, CEHCOpHa nnatdopma,
BMMiptoBanbHa CMUCTEMA, MIKPOKOHTPONEpP, MOAENb MaLUMHHOIO HaBYaHHS,
po3ni3HaBaHHs rasis.
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