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Abstract—There is an urgent 
need to develop innovative and 
highly selective gas sensors for 
environmental, residential, and 
industrial applications. Here, we 
propose a highly selective multiple 
gases detection system using an 
electro-thermally heated silicon 
micro-resonator and machine 
learning algorithms. The device is 
based on the cooling/heating effect 
of gases on the thermal stresses of 
a resonating structure. As a case 
study, we demonstrate sensitive 
and selective responses towards 
He, Ar, and CO2. To generate the 
unique signature markers for each 
gas, multiple datasets are collected at three different concentration levels (4%, 10%, and 25%). A principal component 
analysis (PCA) is conducted using seven customized highly significant and unique signature markers. The markers 
are obtained through the data processing from the response of all gases. Quadratic discriminant and medium 
Gaussian support vector machine (SVM) are used for training based on the seven customized features, which yield a 
high classification accuracy of 100 %. The proposed gas sensing approach can be promising for the development of 
intelligent and highly selective compact size sensing platforms without the need for special materials for coating and 
functionalization. 
 
 

Index Terms—Smart gas sensor, selectivity, MEMS resonator, data processing, machine learning 

 

 

I. Introduction 

ECENTLY, machine learning has been increasingly 

implemented to realize smart sensors for various 

applications, including medical, industrial, and environmental 

monitoring [1-3]. Despite the rapid developments in the 

various kinds of gas sensors, for instance the chemo-resistive 

metal oxide semiconductor (MOS) sensors, they still suffer 
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from considerable cross-sensitivity [4, 5]. In the past few 

decades, electronic nose (E-nose) systems, which consist of 

arrays of sensors, have been successfully utilized to generate 

unique signature markers for a particular analyte through 

different data processing methods [6-8]. Jaeschke et al. [9] 

developed an E-nose system using a set of analog and digital 

metal oxide sensors to detect and classify different 

concentrations of acetone and ethanol in dry and humid 

environments. The distinguished signature markers for each 

species were obtained through the principal component 

analysis (PCA) technique. Then a linear discriminant analysis 

(LDA) model was trained and tested to determine the 

accuracy. Schroeder et al. [10] demonstrated the classification 

and identification of several complex odors using an E-nose 

system based on an array of functionalized carbon nanotubes 

sensors. The PCA was used to perform accurate classification. 

In addition, with the random forest model (RF) trained on 

extracted features, they could differentiate among food 

samples with high accuracy up to 91%. Similarly, Salhi et al. 

[11] developed a hardware setup for gas leakage detection in 

smart homes, and their model demonstrated almost 100% 

accuracy. Although high-performance E-nose systems have 
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been realized using machine learning, they require the 

utilization of many sensors in a single system, which increases 

the complexity of the overall platform.  

Resonator-based micro/nano-electromechanical systems 

(M/NEMS) have shown significant potential for sensing 

multiple physical, chemical, biological, and environmental 

parameters due to their high sensing performances, such as 

increased sensitivity, small size, and compatibility with 

CMOS circuits [12-14]. Their principle of operation is based 

on functionalizing the resonator surface with a material that 

has an affinity toward a targeted gas/analytes. A wide range of 

sensing materials has been developed and investigated for 

sensing different gases/chemicals such as graphene oxide, 

metal-organic frameworks (MOFs), metal oxide, and polymer 

composites [15-21]. For instance, Xu et al. [22] has recently 

developed a highly sensitive piezo-resistive cantilever 

resonator for the trace level detection of NO2. ZnO nanorods 

functionalized with self-assembled monolayer (SAM) of 3-

aminopropyl)-trimethoxysilane was grown over the Si 

nanopilars to enhance the surface area, sensitivity, and 

selectivity of the sensing material. The developed resonator 

showed strong response to NO2 with great stability and a limit 

of detection of 2 ppb. Zhong et al. [23] proposed a ZnO-based 

CO2 sensor using a micro-cantilever resonator. The results 

showed good sensitivity for CO2 at high temperature with 

cross-sensitivity to H2 and CO. Most recently, Perelló-Roig et 

al. [24] developed CMOS-MEMS plate micro-resonator 

coated with polymer via inkjet printing for acetone sensing. 

The proposed volatile organic piezo-resistive microcantilevers 

for humidity sensing compounds (VOCs) sensor shows a high 

sensitivity of 0.012 ppm/Hz to acetone with a cross-sensitivity 

to butane. They demonstrated that the coated sensor system 

had proven to increase the acetone detection response by six 

times compared to the uncoated platform. Therefore, the 

selection of a proper sensing material is a key factor in 

improving the sensitivity and selectivity toward a specific 

analyte. However, a precise and homogenous coating of the 

sensing material over tiny MEMS resonators is highly 

challenging and may require sophisticated tools. Also, the gas-

sensing performance and sensitivity of these devices are 

inherently related to the coated surface, which limits the 

micro-resonator surface. 

Gas sensors that utilize heated MEMS micro-resonators have 

become excellent candidates for developing high-performance 

gas sensing systems. The sensing mechanism of these devices 

is based on thermal energy dissipation (cooling or heating) in 

the presence of a target gas species [25, 26]. By taking 

advantage of the low stiffness of a heated buckled doubly-

clamped micro-beam, high-performance resonant gas sensors 

have been realized with high sensitivity and good linearity 

[25]. However, the proposed method does not lead to a fully 

selective detection technique. Moreover, in a previous work 

based on a similar device structure, we demonstrated a highly 

selective gas sensor for He and Humidity detection by 

exploiting two different sensing mechanisms; absorption and 

thermal conductivity [19, 21]. The moveable mass surface (T-

shaped cantilever) coated with graphene oxide (GO) is utilized 

for humidity detection, while the thermally heated flexural 

beams are used for He detection. However, in case of a 

mixture with three gases or more, this technique does not lead 

to fully selective detection technique, and thus, it is not 

possible to discriminate the nature of the tested gases. Hence, 

the proposed work incorporate machine learning to further 

extend the capability of thermal-conductivity-based MEMS 

resonators. The machine learning algorithm is used to 

distinguish different gases and to estimate their concentration. 

The accuracy is demonstrated for sensing three gases with 

different thermal conductivity (He (156.7 mW/mK), Ar (17.9 

mW/mK), and CO2 (16.8 mW/mK) at 300 K). To generate the 

unique signature markers, multiple repeated gas sensing 

responses of each gas is recorded at different concentration 

levels of 4%, 10%, and 25%. The seven most significant 

customized features are extracted and then utilized to generate 

a well-scattered PCA graph, which helps in performing 

accurate gases classification. Three trained models, including 

Quadratic discriminant, Medium Gaussian support vector 

machine (SVM), and fine K- nearest neighbors (KNN) have 

been tested for high-performance classification. It is found that 

the Quadratic discriminant and SVM models lead to maximum 

classification accuracy (100%).  

 

II. DEVICE DESIGN AND EXPERIMENTAL SETUP 

 

A schematic of the proposed device is illustrated in Fig. 1a. 

It is mainly composed of a clamped-clamped (c-c) flexural 

beam (length (l) = 1000 µm, width (w) = 10 µm, and height 

(h) = 25 µm) attached to a T-shaped cantilever (l = 1000 µm, 

w = 25 µm, and h = 25 µm). In addition, to avoid the high 

rotational compliance of the structure in the y–z plane, the T-

shaped structure is supported with an in-plane clamped-guided 

arch micro-beam. The highly conductive n-doped Si device is 

fabricated using a silicon-on-insulator (SOI) wafer by 

MEMSCAP. To vibrate the device, AC (Vac) voltage is 

applied at the anchors of the flexural micro-beam. As seen 

from Fig. 1a, the electro-thermal DC voltage Vdc (Vth) will 

generate an input current (iX) along the flexural micro-beam. 

In addition, an external magnetic field is applied parallel to the 

sensor (BY~100 mT), which leads to an out-of-plane Lorentz 

force (FZ) normal to the sensor. Hence, Fz allows activating an 

out-of-plane motion of the flexural beam, so-called flexural 

mode (FM) [27, 28]. Fig. 1b shows an optical image of the 

proposed gas sensor. The inset shows an enlarged view of the 

T-shaped structure where the vibrometer laser spot position is 

focused at the center of the flexural beam. As shown in Fig. 

1c, the gas setup consists of two gas supplies (Nitrogen and 

target analyte) and two mass flow controllers (Alicat 

scientific: flow vision), which maintain a constant flow rate of 

2 SLPM (standard liters per minute) of the mixture gases 

during measurements. Flow Vision SC software is used to 

automate the on-off characteristics of the gas supply in the 

chamber. The device is placed into a chamber in which 

different gas concentrations are supplied through the inlet port. 

The flexural beam resonator is electro-thermally driven using 

a data acquisition card (DAQ) at ambient temperature and 

atmospheric pressure. The resonance frequencies are tracked 

using a laser Doppler vibrometer (MSA-500) from Polytec 

and recorded using a data acquisition card (DAQ), see Fig. 1c.  

The following expression is used to determine the gas 

concentration inside the chamber: 
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𝑇𝑎𝑟𝑔𝑒𝑡 𝐺𝑎𝑠 𝑐𝑜𝑛𝑐𝑒𝑛𝑡𝑟𝑎𝑡𝑖𝑜𝑛 (𝑃𝑃𝑀) =

𝑓𝑙𝑜𝑤 𝑟𝑎𝑡𝑒 𝑜𝑓 𝑡ℎ𝑒 𝑡𝑎𝑟𝑔𝑒𝑡 𝑔𝑎𝑠

𝑓𝑙𝑜𝑤 𝑟𝑎𝑡𝑒 𝑜𝑓 𝑡ℎ𝑒 𝑡𝑎𝑟𝑔𝑒𝑡 𝑔𝑎𝑠 +𝑓𝑙𝑜𝑤 𝑟𝑎𝑡𝑒 𝑜𝑓 𝑁2
× 106  (1) 

 

Fig. 1. (a) Schematic diagram of the device. (b) an optical image of the 
fabricated sensor. Inset:  an enlarged view of the T-shaped cantilever 
showing the laser spot position. (c) Schematic of the gas detection 
setup. 

III. RESULTS AND DISCUSSIONS 

Fig. 2 shows the simulated and experimental results of the 

variation of the resonance frequency of the flexural micro-

beam with electrothermal voltages (Vth). At Vth = 0V, the 

white noise measurement shows an out-of-plane resonance 

frequency of the flexural beam mode at 𝑓𝑜𝑓 = 162.14 kHz, 

Fig. 2a. The inset displays its corresponding mode shape. Fig. 

2b shows the flexural mode frequency response of the micro-

beam by sweeping near fof for different Vac values while Vth is 

fixed at 0.5 V. A maximum linear amplitude of ~0.9 µm is 

achieved at Vac = 3 V.  At higher AC values, the response 

shows a hardening behavior, as shown in Fig. 2b. The inset of 

Fig. 2b shows an example of such nonlinear behavior at Vac = 

3.5 V. Moreover, in a previous work, we exploited the 

sensitivity of the resonance frequency near the buckling zone 

of a heated clamped-clamped micro-beam to demonstrate 

highly sensitive gas sensors [25]. Here; we choose to operate 

the device near the buckling zone of the out-of-plane vibration 

mode to maximize sensitivity. In addition, the presence of a 

magnetic field (BY) generates a Lorentz-force (FZ) that is 

normal to the micro-beam. This makes the beam biased 

(imperfect), and hence it will always buckle in one direction 

[29]. Hence, the direction of the buckled beam depends only 

on the direction of BY. Thus, any other imperfections in the 

beam will not affect its performance. 

Fig. 2c shows the measured linear frequency sweep 

response of the micro-beam for different Vth values at Vac= 3 

V. It is clear that increasing Vth reduces the resonance 

frequency. To identify the in-plane buckling zone, a multi-

physics finite element study (FEM) has been conducted using 

the COMSOL software, Fig. 2d.  

It can be seen that the experimental data and the simulation 

results are in good agreement. As shown, increasing Vth, the 

resonance frequency decreases until reaching a minimum 

value of f = 147.205 kHz, which corresponds to the buckling 

point (Vth = 9V). In addition, the variation of the micro-beam 

temperature (T) with Vth is calculated, inset of Fig. 2d. The 

results show that for all the possible operating voltages, the 

temperature is below the silicon melting point (1410 °C). 

Therefore, the sensing characterizations are carried out near 

the buckling zone at Vth = 7V, Vac = 3V, and f = 156.41 kHz. 

 

 

 
Fig. 2. (a) The white noise response showing the FM resonance 
frequency fof value is at around 162.14 kHz, (b) linear frequency sweep 
response of the micro-beam for different Vac values while Vth set to 0.5 
V and (c) frequency sweep at different Vth values Vac= 3 V, and (d) 
experimental data and simulation results of the variation of the out–of-
plane flexural mode (FM) resonance frequency at different Vth. The 
inset shows the simulated results using a finite-element model for the 
variation of the temperature of the device versus Vth. 

In previous work [19, 21], we showed performance 

comparisons of the proposed sensor for Helium detection with 

previously published MEMS based gas sensors. We 

demonstrated that our proposed device demonstrates much 

stronger response to He when compared to the previously 

published results. It should be noted that the environmental 

temperature might alter the micro-resonator temperature, and 

thus its resonance frequency may change. Hence, in our 

previous work we simulated the variation of the resonance 

frequency of the flexural beam mode versus temperature range 

from 10 to 55 °C. The simulated thermal coefficient of 

frequency (TCF) of the device is found to be −32.7 ppm/°C. 

This result indicates that the proposed silicon MEMS sensor 

has low sensitivity to temperature variation. It is worth 

mentioning that the sensitivity of the proposed sensor is 

strongly dependent on the microbeam stiffness (resonance 

frequency of the resonator and its mass). Therefore, different 

geometries of resonator will affect the sensitivity of the 

device. We demonstrated that a big mass surface will enhance 

the sensitivity of the sensor. Another shortcoming is for the 
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low quality factor (Q ≈ 680 at Vac = 3 V and Vth = 7 V). Future 

work should be performed to optimize the resonator 

dimensions to enhance the quality factor, which can 

consequently improve sensing resolution. 
 

A. Gas sensing mechanism 

We first generate frequency response curves by exciting the 

micro-beam with a harmonic signal (Vth = 7V and Vac = 3V) 

near its flexural mode resonance frequency (FM), Fig. 3a. As 

described above that our resonator possess low quality factor, 

and hence designing phase locked loop (PLL) circuit for such 

devices become complicated. Therefore, the micro-beam is 

actuated near the resonance and the change in amplitude is 

monitored in presence of a target gas. Nevertheless, one 

should note that the amplitude change and the frequency shift 

are correlated through the frequency response curve [30]. 

Initially, the chamber is constantly flushed with dry Nitrogen 

(N2) for 30 min to generate a synthetic air environment. To 

investigate the sensing performance of the heated flexural 

beam, we expose the resonator to gases having higher/lower 

thermal conductivity, He (156.7 mW/mK), Ar (17.9 mW/mK), 

and CO2 (16.8 mW/mK), compared to N2 (26 mW/mK). Fig. 

3b shows the frequency response of the micro-beam under 

20% concentration of gases (He, Ar, and CO2) at room 

temperature and in air. As shown in [25], exposing a heated 

micro-beam to gases with a thermal conductivity higher than 

air, such as He, reduces the beam temperature, thereby 

decreasing the axial stress and increasing the resonance 

frequency. On the other hand, gases with lower thermal 

conductivity, such as Ar or CO2, heat the beam, and hence 

increase the axial stress and decrease the resonance frequency.  

The concept of the proposed sensor is based on the 

cooling/heating effect between the device and the surrounding 

gas molecules, to enable the capturing of real-time data for the 

amplitude evolution during gas exposures, we excite the 

structure into out-of-plane vibration using magnets. In this 

case, the amplitude can be captured using laser Doppler 

vibrometers. Moreover, the gas sensitivity is related to the 

surface to volume ratio. Hence, the attachment of the T-shaped 

cantilever to the clamped–clamped micro-beam leads to an 

increase of the cooling/heating effect, and thus its sensitivity. 

Fig. 4 shows schematic diagrams illustrating the interaction 

between the electro-thermally heated micro-beam and gas 

particles. Fig. 4a shows the heated micro-beam in synthetic 

air. It is well known that at higher operating temperature 

different O2 ionic species get adsorbed on metal oxide 

semiconductor materials and form multiple depletion regions 

[31-33]. Therefore, with the increase in Vth the heat dissipation 

in the beam increases, which causes the formation of depletion 

regions on the beam surface as illustrated in Fig. 4a.  Figs. 4b, 

c and d present schematics of the micro-beam after exposing it 

to He, Ar, and CO2 gases, showing the thermal interaction 

between the heated micro-beam and the surrounding gas 

atoms/molecules. During He exposure, He atoms strike the 

micro-beam surface, which leads to increase in the heat 

transfer energy leading to cooler spots on the beam surface.  

Hence, the effective thermal conductivity of He-N2 increases, 

and the micro-beam’s temperature decreases, which increases 

the stiffness. 

On the other hand, Ar and CO2 with lower thermal 

conductivities compared to air show less heat energy transfer 

and dissipate more energy on the beam surface (Figs. 4c, b). 

This decreases the beam stiffness and hence the frequency. 

However, their sensing mechanism might be different from 

each other depending on their physical/chemical properties. Ar 

is an inert gas; therefore, it does not interact with the micro-

beam surface, but rather generates a passivation layer around 

the beam, which does not allow heat to conduct through. As a 

result, it decreases the micro-beam stiffness (Fig. 4c). On the 

contrary, CO2 is a reactive gas, and its sensing mechanism can 

be better explained through reaction kinetics with n-Si 

microbeam surface [34, 35]. It is believed that at higher 

temperatures, CO2 dissociates and reacts with the beam 

surface resulting in the formation of additional depletion 

regions, thereby decreasing the microbeam’ stiffness, as 

shown in Fig. 4d.  

 
 
Fig. 3.Frequency response curves at the flexural mode (FM). (a) the 
response showing the selected operating frequency for gas sensing, 
and (b) response curves for three gases with different thermal 
conductivity. 
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Fig. 4. Schematic diagrams illustrating the interaction between 
electrothermally heated micro-beams and gas particles: (a) synthetic 
air, (b) He, (c) Ar, and (d) CO2. (a) O2 adsorbents and formation of 
depletion regions at the higher temperature, (b) illustration of beam 
cooling during He exposure, (c) formation of passivation layer in the 
presence of Ar gas, (d) formation of extra depletion regions on the 
beam surface during CO2 exposure. 

B. Collection of sensing data 

The input data for the proposed machine learning 

algorithms consist of the amplitude sensing response due to 

three gases (He, Ar, and CO2) with different concentration 

levels at an operating frequency f of 156.44 kHz. Fig. 5 

presents the sensing response to He, Ar, and CO2 at three 

concentration levels (4%, 10%, and 25%). The injection time 

of the target gas and dry N2 is automated through the Flow 

Vision SC software to obtain the multiple response cycles for 

data processing and machine learning. Fig. 5a shows the 

multiple response cycles of the micro-beam for He sensing. 

The response/recovery time for He response measurements is 

set to 150/300s. Also, a similar dataset is collected for Ar and 

CO2 sensing with 300s/300s, as shown in Figures 5b, c. The 

results clearly show that both Ar and CO2 gases have almost 

similar response. During the Ar and CO2 exposure, a decrease 

in the resonance amplitude is observed, which is attributed to 

the decrease in stiffness, and the frequency shifts to the left. 

However, for the He response, two extra jumps are noted, one 

is observed just after the injection of He, and the other is 

found during the recovery near the baseline. As explained 

earlier, the actuating frequency is on the right side of the 

frequency response curve (Fig. 3a). Therefore, after the He 

injection due to the beam cooling, the operating frequency 

immediately jumps to the left side, then the amplitude is 

reduced linearly with the He exposure time until it reaches 

saturation (response time). On the other hand, during recovery, 

when the amplitude approaches the resonance peak from the 

left side it again jumps to the right side (initial point), leaving 

another jump in the response. At higher concentration levels 

(10% and 25%) the micro-beam sensor shows good 

repeatability and stability for each gas. However, it shows 

significant variance in the response when exposed to the 4% 

of Ar and CO2 as shown in Figures 5b, c. It is well known that 

data processing techniques can significantly reduce drift 

issues. Therefore, PCA is used to tackle the drift issue and to 

generate the unique signature markers which can successfully 

represent target class without overlapping [2, 3, 36, and 37]. 

Fig. 5d shows the combined results for all gases at all 

concentration levels.   

 
Fig. 5.Gas sensing responses (a) He, (b) Ar, (c) CO2 with three 
different concentration levels 4%, 10%, and 25%, and (d) combined 
response of all three gases with their concentration levels. 

C. Data processing and machine learning 

The selection and classification of the most influential 

features are essential to accurately train a model with 100% 

accuracy rate. 32 customized and 720 tsfresh extracted 

features using Python are processed and reduced to the 7 most 

significant and unique features for efficient and accurate 

model training. Fig. 6 shows a graph for a single cycle gas 

response labeled with the seven most significant and unique 

customized features processed through the Fscchi2 function 

and heatmap using the Matlab software. Selected features are 

namely represented as D1 (difference between baseline and 

saturation), 𝑎1 − 𝑟𝑒𝑠 and 𝑅2res (coefficient of determination), 

which are acquired from the curve fitting of response 

time,𝑎2 − 𝑟𝑒, 𝑎3 − 𝑟𝑒𝑐 and 𝑅2rec, which are deduced from 

the curve fitting of the recovery time. Finally, t250 is the time at 

250 sec near the saturation of the response time curve. The 

response 𝐹𝑟𝑒𝑠 and recovery time 𝐹𝑟𝑒𝑐curve-fitting equations are 

shown below as equations (2) and (3), respectively: These 

customized features are used to train different models for 

accurate classification of gases and their concentrations. 

 

𝐹𝑟𝑒𝑠(𝑥) =  𝑎1 cos(𝑎2𝑥) + 𝑎3   (2) 

𝐹𝑟𝑒𝑐(𝑥) =
𝑎1

(1+𝑒𝑎2𝑥−𝑎3)
    (3) 
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Fig. 6. Single-cycle of a gas response labeled with all 7 customized 
features. The selected parameters from the response and recovery 
time curves are highlighted in red. 

 

Fig. 7a shows all the customized features with their 

importance score calculated by performing the chi-square (X2) 

test through Fscchi2 function in the Matlab software. This test 

determines the level of difference between the observed and 

expected values and ranks each feature on the basis of the 

observed p-value.  The chi-square test can be conducted using 

equation (4) 

𝜒𝑐
2 = ∑

(𝑂𝑖−𝐸𝑖)2

𝐸𝑖

𝑛
𝑖      (4) 

where C is degrees of freedom, O is the observed value, and E 

is the expected value. The calculated p-value will be compared 

with the standard chi-square table to determine the 

significance of each feature. 

After features ranking, it is essential to eliminate features, 

which are carrying repetitive information. Therefore, to 

eliminate the redundancy and correlation among the variables, 

the heatmap correlation matrix is developed as shown in Fig. 

7b. The correlation matrix is obtained using the following 

equations: 

 

 

𝜌𝑖𝑗 =
𝑐𝑜𝑣(𝑥,𝑦)

𝜎𝑥𝜎𝑦
    (5) 

where 𝜌𝑖𝑗  is the correlation coefficient, cov is the covariance, 

and 𝜎𝑛 is the standard deviation. Further, the covariance (cov) 

matrix can be calculated as: 

𝑐𝑜𝑣(𝑥, 𝑦) =
∑ (𝑥𝑖−�̅�)(𝑦𝑖−�̅�)𝑛

𝑖

𝑛
   (6) 

where 𝑥𝑖 and𝑦𝑖   are variables. Each variable will be compared 

pair wise with itself as well as with all other variables to 

determine their correlation score.  �̅� and �̅� are the mean 

values. Finally, correlation matrix (𝑹) can be constructed as 

below: 

 

𝑹 = (
𝜌𝑖𝑖 𝜌𝑖𝑗

𝜌𝑖𝑗 𝜌𝑖𝑖
)   (7) 

 

 

 

Fig. 7. (a) Feature importance scores for 32 customized features, (b) 
heatmap correlation matrix for 32 customized features, (c) feature 
importance scores for the 7 most significant features after the 
implementation of redundancy eliminating algorithm, and (d) heatmap 
correlation matrix for the 7 most significant and independent features. 

From Fig. 7b, the boxes with the red color represent the 

maximum absolute correlation among the variables. To reduce 

the redundant information, we eliminate all the variables 

having a correlation score above 0.8, i.e., the red coded areas 

of the heatmap matrix. After eliminating the redundancy, the 

customized features are reduced to the seven most significant 

and unique variables. Figures 7c, d display the 7 most 

significant and unique features of the dataset with their 

importance score and heatmap correlation matrix, 

respectively. From Fig. 7d, after elimination, the only red 

coded areas that remain are in the diagonal of the matrix, 

which indicates the maximum variable correlation with itself 

only. Thus from the feature importance and heatmap graphs, it 

can be concluded that each selected variable carries important 

and unique information to implement into the machine 

learning algorithms for accurate model training. Furthermore, 

a large number of automatically extracted features are also 

generated using tsfresh. Tsfresh is a package in Python, which 

combines the multiple time series characterization methods for 

timely extraction of 794 features on the basis of automatically 

configured hypothesis tests [38]. Fig. 8 indicates the important 

feature scores and heatmap graphs for all 720 features 

obtained from the tsfresh using Python (a,b) and when they are 

reduced to 19 variables (c,d) after applying the redundancy 

elimination algorithm.  

 

 
 

Fig. 8.(a) Feature importance scores for 720 tsfresh extracted features, 
(b) heatmap correlation matrix for 720 tsfresh extracted features, (c) 
feature importance scores for the 19 most significant features after the 
implementation of redundancy eliminating algorithm, and (d) heatmap 
correlation matrix for the 19 most significant and independent features 

 

The 3D principal component analysis (PCA) graphs are 

generated from the seven customized as well as from the first 

seven tsfresh features. PCA further reduces these seven 

features into a unique single signature marker through 

diagonalization of the correlation matrix of the input dataset 

for efficient model training with low power consumption and 
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high processing speed. More details on PCA can be found in 

[2, 39]. PCA results can be obtained through the product sum 

of the normalized score (z-scores standardization) and 

eigenvectors as shown in equation (8)-(10): 

𝑧𝑖 =
𝑥𝑖−�̅�

𝜎
      (8) 

where 𝑧𝑖 is standardization scores for the ith feature, 𝑥𝑖 is the 

feature value for each response cycle, �̅� is the average of all 

the response cycles, and 𝜎 is the standard deviation. 

Eigenvectors can be obtained using equation (9). 

 

(𝑨 − 𝜆𝑖𝑬)𝑽𝒊 = 0     (9) 

 

where 𝑨 is the correlation matrix, 𝜆𝑖 is eigenvalue, 𝑬 is 

identity matrix, and 𝑽𝒊 is the eigenvector. Finally, the PCA 

can be calculated according to equation (10) below. 

 

𝑃𝐶𝐴 = ∑ 𝑍𝑖
𝑛
𝑖=1 𝑽𝑖  (10) 

 

In the PCA graphs, no overlapping among the data points is 

observed and it is clear that using these customized and tsfresh 

features, the algorithm can easily and efficiently classify each 

gas species with their concentration levels.  

 

 
 

 
Fig. 9. PCA results generated from the (a) customized, and (b) tsfresh 
features. 

Finally, using seven customized features, three different 

classifiers, including quadratic discriminant, medium Gaussian 

SVM, and fine KNN are trained and tested. The confusion 

matrix obtained through seven customized features for all 

three classifiers are shown in Fig.10. To avoid overfitting and 

for stable prediction accuracy rates, it is vital to train and test 

the model using cross validation (CV) techniques. Therefore, 

8-fold CV test was conducted where the entire dataset is 

converted into 8 subsets to ensure that each data point takes 

part in training and testing of the model. Furthermore, to 

determine the accuracy, all the models are also validated with 

unknown datasets and the results are shown in the form of 

confusion matrix. The diagonal numbers in the confusion 

matrix represent the total examples for each gas used to train 

and test the model. Quadratic discriminant and medium 

Gaussian SVM reveal a 100% accuracy rate. However, the 

acceptable KNN model demonstrates 98% accuracy when the 

validation of trained model was tested with unknown dataset. 

As shown in Fig. 10 (d), during KNN validation it confused 

4% Ar with 4% CO2. On the other hand, the models, which are 

trained using first seven tsfresh extracted features, reveal a 

100% accuracy rate during their validation with unknown 

datasets. All the results and extracted features have been 

summarized in Table 1. With the small datasets and k-fold 

validation technique our trained classifier model showed 

excellent performance. However, for more complex problems 

such as prediction of unknown gas concentration could be 

more effectively achieved with deep learning which requires 

bigger datasets for model training. 

 
TABLE I 

SUMMARY OF THE EXTRACTED FEATURES AND RESULTS 

aThe explanation of each feature can be found on their 

website“https://tsfresh.readthedocs.io/en/latest/text/quick_start.html” 

 

 Extracted features Models Accuracy 

Customized 

D1 Quadratic 

Discriminant 
100% 

a3-Rec 

a1-Res Medium 
Gaussian SVM 

100% 
R2

res 

250s 

Fine KNN 98% a2-Rec 

R2
rec 

aTsfresh 

x_index_mass_quantile

_q_0.2 Quadratic 

Discriminant 
100% 

x_index_mass_quantile

_q_0.9 

x_index_mass_quantile

_q_0.1 
Medium 
Gaussian SVM 

100% x_agg_linear_trend_attr

_stderr"_hunk_len_50_f
_agg_"min"" 

x_fft_coefficient_attr_re

al"_coeff_1" 

Fine KNN 100% x_longest_strike_below
_mean 

x_kurtosis 
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Fig. 10. Customized features results, confusion matrix for all three 
classifier models, (a) quadratic discriminant training/testing, (b) 
quadratic discriminant validation with unknown data, (c)l medium 
Gaussian SVM training/testing, (d) medium Gaussian SVM validation 
with unknown data, (e) fine KNN training/testing, and (f) fine KNN 
validation with unknown data. 

 

IV. CONCLUSIONS 

We successfully utilized the first out-of-plane mode of a 

flexural micro-beam resonator for selective and accurate 

detection of multiple gases with their different concentration 

levels using machine learning algorithms. The device is based 

on the axial load variation of a flexural electrothermally 

heated micro-beam in the presence of different gases. He, Ar, 

and CO2 gases with different concentration levels are tested 

and classified using machine learning. Seven highly 

significant and unique features are achieved through Fscchi2 

function and heatmap correlation matrix. Well-scattered 

signature markers for each gas with all concentrations are 

realized using PCA. Then, they are used to train three different 

classifier models, including quadratic discriminant, medium 

Gaussian SVM, and fine KNN. Customized feature trained 

quadratic discriminant and SVM reveal a 100% accuracy rate 

for the classification of an unknown dataset. Finally, we 

believe that our proposed Si microbeam resonator-based 

multiple gases detection system can be a promising approach 

for developing highly selective and smart sensors. Moreover, 

in case of mixtures of four or more gases, the proposed 

technique and the absorption mechanism (T-shaped cantilever) 

may lead to even more highly selective gas sensors. 
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