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In the petrochemical and coal chemical industries, in order to avoid production accidents caused by harmful
gas leakage, this paper uses a kind of AIN-based semiconductor MEMS four-array sensor to identify the four
kinds of harmful gases of Clz, CO, NOz2 and SO2. Through wireless sensor network, it uses the iterative
smoothing lo nhorm minimization algorithm to compress and reconstruct the odor identification data, and finally
realizes the odor identification and data transmission in the chemical environment. The experimental results
show that the method used in this paper reconstructs the odor identification data with less observations. While
reducing the data collection cost of the wireless sensor network, it can effectively identify and detect harmful
gases to achieve the purpose of risk warning.

1. Introduction

As is known to all, there are always various harmful gases in petrochemical production equipment. Once these
gases leak and accumulate in the surrounding environment, they will form major potential risks, which may
cause burning, explosion, damage to production equipment, personal poisoning and casualties, pollution to
natural environment and other serious consequences (Wu et al., 2016).In the petrochemical and coal chemical
industries, accidents and disasters caused by the leakage of harmful gases often occur, improper early
prevention and later disposal would cause irreparable and serious consequences (Tjalvin et al.,
2016).Therefore, in order to avoid the occurrence of production accidents caused by the leakage of harmful
gases, it is necessary to set up harmful gas smell identification equipment at the place where gas leakage
may occur at the production site, so as to timely discover the gas leakage and alert early warning to ensure
personal safety and production safety and avoid causing serious dangerous accidents (Kalus et al., 2017).

In recent years, wireless sensor network technology has attracted the attention of researchers, and its most
important application is the monitoring of the environment (Rawat et al., 2014). A large number of gas sensors
based on odor identification can form a wireless sensor network, each sensor is taken as a node to perform
odor identification, and the collected data is transmitted to the central node through multi-hop routing (Candes
et al., 2006, Chen et al., 2018). This process needs to consume a lot of storage space and energy. Due to the
limited computing, power supply and storage capabilities of sensor nodes, it is necessary to establish an
efficient data collection and transmission model to extend the life of the sensors as much as possible and
reduce the cost of information acquisition (Razzaque et al., 2014, Yin et al., 2016).

To this end, this paper uses an AIN-based semiconductor MEMS four-array sensor to identify the four kinds of
harmful gases of Cl2, CO, NOz2 and SOz which are common in the chemical environment. By using the
compressed sensing theory, this paper adopts the iterative smoothing lo norm minimization algorithm to
compress and reconstruct the odor identification data, so as to achieve the objective of harmful gas
identification and alarm.

2. Odor identification based on MEMS four-array sensor

MEMS process makes it easy to fabricate gas sensors with the temperature sensing components to ensure
the excellent performance of gas sensors (Wang et al., 2018, Adam et al., 2016; Barrozo et al., 2018). In this
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paper, AIN-based semiconductor MEMS four-array sensors are used to identify the four harmful gases of Clz,
CO, NOz and SOz, which are common in the chemical environment. The heating electrodes and signal
electrodes of the sensor are prepared by using laser to etch the Pt film. The structure of the MEMS four-array
gas sensor is a symmetrical design, and its basic structure is shown in Figure 1.

Figure 1: Diagram of MEMS-based four-array gas sensor

The SnO2 nano gas sensing material selected in this paper is a resistance-controlled semiconductor gas
sensing material. When the sensor is exposed to the gas to be tested, the oxygen adsorbed on the surface of
the sensitive material will chemically react with the gases to be tested, and these chemical reactions will cause
transfer of electric charges, which in turn leads to a change in the resistivity of the surface of the gas-sensitive
material, by analyzing the change of resistivity we can achieve the detection of the gases to be tested.
Response time and recovery time of the sensor are important indicators to measure the pros and cons of the
sensor. The gas sensing characteristics of the array unit a of the MEMS sensor used in this paper are shown
in Figure 2. Taking CO as an example, the test uses 300ppm and 100ppm CO gas respectively. It can be
seen from the figure that the response time of the sensor is about 8s, and the recovery time has a certain
relationship with the gas concentration. For 300 ppm CO gas, the recovery time is more than 20s, while it only
takes 15s to detach from 100 ppm CO gas. For the remaining array units, they all have the same
characteristics.
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Figure 2: Response and recovery characteristic of MEMS sensor

The repeatability of the sensor directly affects the accuracy of the sensor, and is also an important technical
indicator for determining the performance of the sensor. Taking NO2 as an example, the MEMS sensor is
tested for repeatability using the 13.3ppm and 80ppm NO:z environments. The test results are shown in Figure
3. At 13.3 ppm concentration, the two test results were 178.2 kQ and 182.7 kQ, respectively. At 80 ppm
concentration, the two test results were 410.2 kQ and 413.6 kQ, respectively. It can be seen from the figure
that for the NO2z gas, the MEMS sensor repeatability test curve is basically the same whether it is in a high
concentration environment or a low concentration environment, and the repeatability is good.
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Figure 3: Curve repeatability of MEMS sensors in NO2 environment

3. lterative smoothed lo norm minimization algorithm

In this paper, the ISLO algorithm is used to realize the sensor node odor identification data collection
reconstruction in the wireless sensor network.

The steps of the ISLO algorithm are as follows:

(1) Enter: Ay

(2) Initialization: T is an empty set, x© = AT (AAT )7ly, the number of iterations is K, and the threshold value
is f=2k=1

(3) Algorithm iteration

Step 1 Solve the minimization problem using the descending iterative format

xk+1) = x (k) _t(k)(| A (AAT )‘1 A)VFﬁ(xj . to obtain an estimate X

X=X

Step 2 Estimate the new support set based on X(k): |(k+1) = {ijg")‘ > Hx(k)HOO/ﬁk}

Step3 T =(I (k))c = {LZ,---,n}/l(k+l)

Step 4 Let kK «—k =1, if k < K, then turn to step 1; otherwise, stop iterating

(4) Output: get estimated value X = X(K)

Generally, 5]- 2751-,1, j =2,---.J, y 6(0.5,1) are taken. The selection of parameters §, and 6, will be

. . i 0 .
discussed respectively as below. Make X = HX( )H . In order to make the algorithm converge faster, let the

ters 5, meet f (i)—garxtan RS PR
parameters §, meet T; p 257 )2 12

In order to save computing time, this study takes 51 Z“X(O)“w/ﬁ. When 6, =0, Fs (X)—)HX‘

o ey the
smaller the O, is, the more the Fy (X) can reflect the sparsification of the vector x; however, at the same

time, the more sensitive to noise it is. When there is noise, the 53 value should not be too small so as to
prevent hypersensitivity.

4. Experiment and result analysis
4.1 System model

The wireless sensor network system model is shown in Figure 4. Each node of the wireless sensor network
performs odor identification, and the collected data is transmitted to the central node (sink) through multi-hop
routing, and is uniformly aggregated to the server. On the server side, by running the iterative smoothing lo
norm minimization data reconstruction algorithm, it achieves the reconstruction of data collected from each
sensor node.
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Figure 4: System model

4.2 Simulation implementation

In the simulation experiment, 256 sensor nodes are randomly arranged in a grid area of 100x100 in size,
where the central sink node exists, and the target information source to be detected is randomly distributed.
The experiment assumes that each sensor node collects signals for a period of time and performs sparse
processing and compression sampling on the signals and then transmits them to the central node.

In order to analyze the performance of the ISLO algorithm in the WSN more comprehensively, this study
introduces BP, OMP, SP, and SLO algorithms to compare and analyze the reconstruction accuracy of different
algorithms. In order to more clearly demonstrate the recoverability of the ISLO algorithm and other algorithms,
this study uses the signal-to-noise ratio (SNR) of the reconstructed signal and the original signal to express
the restoration effect. The definition is as follows:

SNR =10Ig(x2 J

HX_)A(z

@

where x denotes the original signal sent by the signal source, X denotes the reconstructed signal after
compression sampling. The reconstruction probability P is defined as follows:

P=—
M (2

where N denotes the number of times for successfully reconstructing sparse signals, and M denotes the total
number of simulations.

In Experiment 1, it is assumed that there is noise interference in the WSN. Let the number of dimensions of
the sparse signal x be 256 and the sparse property k be 50. The number of iterations of the ISLO algorithm is
3, and the threshold value is set to =3, »=0.5, J=7, d=pd1. With the same experimental parameters and
environment, the experiment was repeated 300 times, and each experiment is independent of each other. The
comparison of reconstruction performance under different algorithms with noise are shown in Figure 5 and
Figure 6.
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Figure 5: Different observations



185

—&— ISLO | |

0 1 I I I
0 005 01 015 02 025 03 035 04 045 05
H

Figure 6: Different noise variances

In Figure 5, the noise mean-square error (MSE) value is set to 0.1. It can be seen that, with noise interference,
ISLO has a higher reconstructed SNR with the same number of observations and requires the least number of
observations at a high reconstructed SNR. The observation value in Figure 6 is set to 128. It can be seen that
ISLO has a higher reconstruction SNR than other algorithms when MSE changes.

In Experiment 2, a simple WSN system based on practical application was established. The system consists
of 20 gas sensor nodes randomly distributed in an area of 100x100, with data aggregation and reconstruction
of the central node being completed by a computer.

5

o
P 25¢
2+
1.5F
n —o— OMP||
—— BP
0.5¢ —&— glo ||
—e— ISLO

0 L | | | | | | | T T
0 2 4 6 8 10 12 14 16 18 20

number of experiment

Figure 7: Comparison of gas sensor reconstruction accuracy based on compressed sensing

If we assume there is a stable gas source in the experimental environment, each sensor node detects the gas
concentration, compresses and samples the data, and then transmits the processed gas concentration data to
the central node that reconstructs the data. The reconstruction effects of BP, OMP, SLO, and ISLO algorithms
are compared while keeping the experimental environment unchanged, randomly changing the gas
concentration values detected by each sensor and repeating 20 independent experiments.

As shown in Figure 7, the abscissa represents the number of independent experiments and the ordinate
represents the reconstruction error AP. It can be seen that the ISLO algorithm is better than the other three
algorithms in terms of reconstruction effect, but slightly weaker than the BP and OMP algorithms in terms of
data reconstruction stability.

5. Conclusions

In this paper, AIN-based semiconductor MEMS four-array sensor is used to identify the four harmful gases of
Cl2, CO, NO2 and SOz, and it's taken as the nodes to build a sensor network. Then through the iterative
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smoothing lo norm minimization algorithm, it achieves reconstruction of original odor identification data with
fewer observations. The simulation results show that compared with BP, OMP, SLO and other algorithms, the
method adopted in this paper has better signal reconstruction performance, it improves the data collection
efficiency of the wireless sensor network, and effectively identifies the harmful gas odors in the chemical
environment.
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