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Table 2 Differentiation of training and test data samples

Datasets Temperature Concentration/ % Samples
. —20°C~57C . 3 100
Training samples . 5 Measured values of 0.5% and 8.0% CH, concentration
40 C~65C 3 100
—20C~—5%C 3200
Test samples 15 °C~30 °C Measured values of 0.5% , 2.0% and 8.0% CH, concentration 3200
55 °C~65°C 3200

SRy XF HE B UE ISSA-BP it 28 [0 4% 78 ~7 il B AMEAR B 1) P B |, 43 301 5 A BP #2245 \PSO-BP #1242 [
28 HI SSA-BP A4 M 45 47T %F HL B IE . 22 340 T = 4L R I 2o (19 CH, 52 56 K6 0 R A 76 AS [] 9L 31X ) e Ji
A e 15 A1 e B TN
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Table 3 CH, concentration output predicted value after temperature compensation

Predicted value of CH, concentration/ %

CH, concentration Algorithm — — — — — —
—20C~—5C 15°C~30°C 55 C~65C
BP 0.531 2~0.541 1 0.486 3~0.499 3 0.463 2~0.479 5
0.5% PSO-BP 0.5107~0.514 9 0.497 2~0.505 1 0.486 1~0.491 3
SSA-BP 0.501 6~0.506 3 0.499 3~0.501 7 0.494 8~0.498 2
ISSA-BP 0.500 3~0.502 6 0.500 1~0.501 9 0.498 5~0.500 8
BP 2.086 4~2.156 5 1.999 1~2.004 3 1.841 3~1.956 6
2.0% PSO-BP 2.019 2~2.0511 2.001 2~2.005 6 1.950 3~1.992 4
SSA-BP 2.006 8~2.023 2 2.000 6~2.002 0 1.9814~1.9958
ISSA-BP 1.997 2~2.010 3 1.999 2~2.004 5 1.992 3~1.999 5
BP 8.169 2~8.483 1 7.996 7~8.012 2 7.584 3~7.948 9
8.0% PSO-BP 8.059 4~8.200 3 8.001 2~8.007 6 7.886 6~7.953 4
SSA-BP 8.027 1~8.099 2 8.001 5~8.014 4 7.919 0~7.988 3
ISSA-BP 8.016 7~8.039 3 8.002 2~8.008 9 7.962 3~7.997 1
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Table 4 Performance evaluation index of four temperature compensation models

CH, concentration Algorithm MAE MAPE RMSE RE
BP 155.251 2 0.038 6 203.512 9 8.22
PSO-BP 73.600 3 0.014 6 84.001 2 2.98

5 000 ppm
SSA-BP 28.7575 0.005 8 33.597 9 1.26
ISSA-BP 13.253 6 0.002 7 15.303 2 0.52
BP 620.742 1 0.039 2 719.142°9 7.83
PSO-BP 254.904 6 0.012 7 288.1511 2.81

20 000 ppm
SSA-BP 105.465 2 0.005 3 122.460 3 1.15
ISSA-BP 51.693 1 0.002 6 59.782 3 0.51
BP 2251.641 6 0.028 3 2510.526 2 6.04
PSO-BP 843.361 4 0.010 4 982.027 8 2.50

80 000 ppm
SSA-BP 456.100 4 0.005 7 530.441 3 1.24
ISSA-BP 201.482 5 0.002 1 236.257 4 0.49
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Fig. 9 Experimental data diagram of four models after compensation for methane gas with 0.5% concentration
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Temperature Compensation Study of Laser Methane Sensor Based on
ISSA-BP Neural Network

70U Xiang', YIN Songfeng”’, CHENG Yue™’, LIU Yunlong'
(1 School of Electronics and Information Engineering, Anhui Jianzhu University, Hefei 230601, China)
(2 Hefei Institute for Public Security, Tsinghua University, Hefei 230601, China)
(3 Hefei Tsingsensor Technology Co., Lid, Hefei 230601, China)

Abstract: Laser methane sensor has obvious advantages of anti-poisoning, anti-interference, and long
service life. It can be used for real-time online monitoring of natural gas leakage in complex environments.
However, the laser methane sensor is easily affected by temperature, resulting in a large difference
between the actual measured CH, concentration and the actual value. Common temperature compensation
algorithms include polynomial fitting method and empirical formula method. These two temperature
compensation methods have a good effect on temperature compensation under the influence of single factor.
However, the influence factors of temperature on the laser methane sensor include gas molecules, optical
elements and circuit elements. Therefore, in the actual quality application, there is still a large error
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between the corrected concentration value and the true value.

In this paper, a temperature compensation model is established by using the deep learning method. Its
prediction accuracy mainly depends on the network model structure and large—scale training samples. In
order to effectively improve the detection accuracy of the laser methane sensor in a wide temperature
application environment, combined with industrialization, a large—scale laser methane sensor high and low
temperature detection sample data set was established, and the model effect was further improved through
big data training.

Based on the model framework, an ISSA-BP algorithm with global optimization capability is
proposed. Firstly, a quasi—reflective learning strategy is used to initialize the sparrow population to improve
the efficiency of iterative optimization. Secondly, we use the strategy of searching for prey in CSA to
improve the location update of explorers in SSA, so that the algorithm has the ability to jump out of local
optimization. At the same time, Levy flight strategy is introduced to improve the anti—predator position
update and enhance its global search ability. Finally, the artificial rabbit disturbance strategy is used to
update the sparrow individuals to further reduce the probability of the algorithm falling into the local
optimum. By using the standard sparrow search algorithm, particle swarm optimization algorithm and grey
wolf optimization algorithm to test unimodal function and multimodal function, the advantages of ISSA in
terms of convergence accuracy and speed, global search and local development capability are verified.

In terms of data, the training effect of the temperature compensation model is improved and the
prediction error of the model is reduced by establishing a large—scale experimental data set of sensors with
different temperatures and concentrations. In the temperature range of — 20 ‘C~65 C, 15 800 groups of
sensor measurement data were used to carry out comparative experiments on BP, PSO-BP, SSA-BP and
ISSA-BP temperature compensation models. The results show that the maximum relative error of the
predicted value of temperature compensation model based on ISSA-BP neural network is only 0.52%,
which is 7.70% , 2.46%, and 0.74% less than that of BP, PSO-BP, SSA-BP models respectively. When
the temperature changes from — 20 “C~65 “C, the predicted value of concentration still fluctuates in a small
range. The Average Absolute Percentage Error (MAPE) of BP neural network, PSO-BP neural
network, SSA-BP neural network and ISSA-BP neural network for predicting the test sample of 0.5%
standard concentration methane gas is 0.038 6%, 0.014 6%, 0.005 8%, and 0.002 7%, respectively.
Compared with other models, the values of MAE, MAPE, RMSE and RE of ISSA-BP neural network
model are smaller, which indicates that ISSA-BP temperature compensation model has higher accuracy
and better stability.

The research results show that the algorithm in this paper can greatly improve the detection accuracy
of the laser methane sensor in a wide temperature application environment, and is of great significance in
improving the environmental applicability of the laser methane sensor.

Key words: Laser methane sensor; Temperature compensation; Sparrow Search Algorithm (SSA) ;
Quasi-reflective learning strategy; Chameleon Swarm Algorithm (CSA) ; Artificial Rabbits Optimization
(ARO)
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