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Gas Recognition and Concentration Estimation Model for

Bionic Olfactory Perception System

XTIANG Hong-Tao' ZHANG Wen-Wen*** XIAO Wen-Xin® WANG Lei® WANG Yuan-Xi°

Abstract Conventional gas detection models require the use of steady-state values of the response signals of gas
sensor arrays for gas recognition and gas concentration estimation, whereas in real environments, gases are typic-
ally in a state of dynamic change, making it difficult or time-consuming to achieve steady-state values for the re-
sponse signals from gas sensor arrays. To address the aforementioned issues, a gas detection model consisting of dy-
namic wavelet residual convolutional neural networks (DWRCNN) sub-model and weighted signal self-attention
(WSSA) sub-model is proposed. The model can directly identify the components of dynamically changing gases us-
ing the raw dynamic response signals from the gas sensor array, and it can also online estimate the concentration of
each component gas. The performance of the model is evaluated by the self-built bionic olfactory perception system.
The results demonstrate that DWRCNN achieves nearly 100% gas recognition accuracy in comparison to other pre-
valent gas recognition models, with a short online training time and a rapid convergence speed; The problem of se-
lecting different optimal gas concentration estimation models for different gases in a dynamic environment for bion-
ic olfactory perception systems is solved by the WSSA concentration estimation model, which can significantly im-
prove the gas concentration estimation accuracy while simultaneously maintaining a very high gas concentration es-
timation accuracy for different gases.
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Structure of the WSSA gas concentration estimation model
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Table 2 Gas recognition accuracy of
different models (%)
ik KNN SVM RF NB
HERf R 95.74 96.45 95.74 92.91
Jr i BPNN CNN CapsNet DWRCNN
R 97.87 99.29 100.00 100.00

4.3 SEREMTRESIEERRER A

T BAEASCHR H 1) WSSA B8 1A ks, Ky
Fo 55 H AR BEAS VAL (40 DU i (Baye-
sian ridge, BR) 4, SVM #A!, Y3 (Decis-
ion tree, DT) 4, KNN 8, RF #4, Ada-
boost HRAY, B FEH- T+ R FH M (Gradient boosting
decision tree, GBDT) #i/}, Bagging # M, XG-
Boost A5 ) FIHE T 7R BE 2% > (AR FE A TS A
(W8 #1c 12 (Long short-term memory, LS-
TM) BAL) BEATXFEL. e, LSTM #ALAT WSSA
A [Py N A SR AR B B H Bh 25 e B AS 5, HoAth
AR FE Al TSR M SR AR SR B R 2 B A5 0] S AS
SRR R TUCE S AE AN, B A 5h
3R 1) WA AAR RES FE 51 B A5 00 A 5 4
B ASASE, JPRa ST 0 —4K; 2) fEH Ak
7345341 (Principal component analysis, PCA) X}
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Fig.11  Accuracy curve and loss function curve of gas

recognition with different models
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Table 3 Metrics of CO concentration estimation Table 5  Metrics of CO concentration estimation in
o NAE RMSE v " the gas mixture
BR 6.552 8.094 0.943 0.942 J7ik MAE RMSE EV R?

SVM 1958 7015 0.963 0.957 BR 20.134 24.487 0.530 0.526
DT 5472 8.039 0.949 0.943 SVM 20.009 24.657 0.519 0.519
KNN 5.033 7.075 0.958 0.956 DT 20.537 25.746 0.515 0.476
RF 4713 7.074 0.959 0.956 KNN 21.236 26.701 0.443 0.436
Adaboost 5.477 7.643 0.950 0.949 RF 18.529 23.614 0.581 0.559
GBDT 4817 7.019 0.960 0.957 Adaboost 19.950 25.019 0.526 0.505
Bagging 4760 7.061 0.959 0.956 GBDT 20.830 26.193 0.481 0.457
XGBoost 4.672 7.035 0.961 0.960 Bagging 19.608 25.288 0.531 0.494
OSA 3.630 4.929 0.987 0.986 XGBoost 15.931 20.101 0.619 0.592
LSTM 2.934 3.845 0.988 0.988 0SA 10.909 13.589 0.860 0.859
WS-LSTM 2.350 3.035 0.993 0.993 LSTM 10.439 14.050 0.856 0.849
SA 2916 3.756 0.989 0.989 WS-LSTM 7.958 11.188 0.911 0.904
WSSA 2.090 2.646 0.995 0.994 SA 9.209 12.958 0.872 0.872
WSSA 6.014 7.616 0.956 0.956

F4 Hy IREANHER . . e

Table 4  Metrics of H, concentration estimation K6 RE A Hy IR TR
Table 6 Metrics of Hy concentration estimation in

RIRES MAE RMSE EV R? the gas mixture
BR 16.097 18.284 0.683 0.638 Jik MAE RMSE EV R?

SVM 5034 6.976 0-955 0-947 BR 9.956 12.378 0.897 0.897
bT 5206 8.987 0-921 0-913 SVM 8.008 10.106 0.931 0.931
KNN 6.312 8.865 0-931 0-915 DT 11.326 15.503 0.842 0.838
RE 5073 7157 0-951 0-945 KNN 7.297 9.641 0.937 0.937
Adaboost 5.441 7.209 0.952 0.944 RF 7852 10.823 0.922 0.921
GBDT 5687 8.444 0-931 0-923 Adaboost 9.120 11.582 0.915 0.909
Bagging 5346 7.667 0.940 0-936 GBDT 7.763 10.622 0.924 0.924
XGBoost 5.512 8.724 0.937 0.935 Bagging 3.019 11.394 0.915 0.912
OSA 4.155 5343 0.977 0.977 XGBoost 7.840 10.089 0.932 0.931
LSTM 4.264 5.305 0.974 0.973 OSA 3.886 11.720 0.912 0.910
WS-LSTM 3.781 4.457 0.985 0.984 LSTM 7783 8.848 0.949 0.949
SA 4.156 5-560 0.975 0-975 WS-LSTM 5.095 6.878 0.969 0.969
WSSA 2.360 3.028 0.993 0.992 SA 5.906 7.776 0.960 0.960
WSSA 4.318 6.362 0.974 0.973

() Hy B FE A i1 MAE. RMSE. EV £ R* 14.
ATLUE B, 6 TR SRR Al T, WSSA R LS-
TM A MAE. RMSE {85 #B4K T 5 F S AR
RS, BV AR {H 1 EL A AR B A A Y
FEONAEIE 1.000, 1 H WSSA #AI%F CO Fl Hy ik
FEflivhr EV A R {E AR REBE 5 21 0.990 LA E, T
LSTM &A% CO il Hy FIREA51H EV FI R?
fH3/NF 0.990. XFFIRES MR CO KK AT,
WSSA M) MAE A1 RMSE 18 #5/MF 10.000,
EV Ml R {E# A6 F] 0.956; 1M F B AWK B A5t
T MAE A1 RMSE H#8E2L 20.000, EV Al

R2MEZIAE 0.500 £ 47, /M T 1.000; LSTM #i7Y
1] MAE fl RMSE {H#5 85 KT 10.000, EV #l R?
AR HZIE 0.850. X TR AR Hy MRS,
WSSA B ES T HK1 MAE. RMSE {E A1 5
F2IT 1.000 {9 EV. R B, 785 FH AR E A TH 5
t, SVM BRI CO M1 H, A Ak kS B e,
XGBoost fASF A A M CO IR EAGTHE E
B;—m, KNN BRI G S AR Hy BB TR B

. BT 0 T AR BE Al T R B GHR & A A
CO (PR BEAG THAG B2 AR AR A, I S it 1 17 AR IR 3
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Fig.13  Error box plots of gas concentration estimation

with different models
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Scatter plots of gas concentration estimation for SA model and WSSA model
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Table 7 Gas recognition accuracy (%)
AR A E A B C
URTES 100 100 100
e TR K SR T i P E F G
HERR 100 100 100
® 8 AU DAL E AR AR A TR TR AR

Table 8 Metrics for concentration estimation of single
gas with different gas cavity inlet positions
BRI E AfME MAE RMSE EV R’
CO 2.090 2.646 0.995 0.994
A H, 2.360 3.028 0.993 0.992
CcO 2.326 3.017 0.994 0.994
b H, 2.287 2.898 0.994 0.994
CcO 2.185 2.812 0.995 0.994
¢ H, 2.419 3.177 0.992 0.992
%9 AR ERFIRNE A S g
Table 9  Metrics for concentration estimation of mixed
gases with different gas cavity inlet positions
HAOAE  SEME MAE RMSE EV R?
CcO 6.014 7.616 0.956 0.956
A H, 4.318 6.362 0.974 0.973
CcO 5.679 6.899 0.963 0.962
b H, 4.562 6.713 0.973 0.973
CcO 5.878 7.256 0.961 0.961
¢ H, 4.785 6.896 0.972 0.972
R0 ALIEES RS FEAS RN IR A TR bR

Table 10  Metrics for concentration estimation of single
gas with different sensor array placement heights
[ BRGTLES MAE RMSE EV R?

CcO 2.090 2.646 0.995 0.994
B H, 2.360 3.028 0.993 0.992
CcO 2.283 2.878 0.994 0.994
! H, 2.226 2.873 0.994 0.994
CcO 2.375 3.122 0.993 0.993
¢ H, 2.451 3.163 0.992 0.992

R, 347 T 3 IREEMAE T RELK, HIRES

KA S IG I [8] [|] B& A 30 K.
AR SRR SL 30 45 R ansk 12 ~ 58 14

fiizs, TR W B I A 3 B AT e PR R
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Table 11 Metrics for concentration estimation of mixed

gases with different sensor array placement heights
i BRGSHES MAE RMSE EV R?

CcO 6.014 7.616 0.956 0.956

B H, 4.318 6.362 0.974 0.973

CO 6.323 8.012 0.955 0.955

: H, 4.619 6.992 0.972 0.972

CO 6.225 7.896 0.956 0.955

¢ H, 4.673 7.105 0.972 0.972

R 12 ASCEME SRR BIAERAF (%)

Table 12 Gas recognition accuracy of our model (%)
eSS F1k F2k 3
HERf R 100.00 100.00 99.29

® 13 B AURIRE AL TR
Table 13 Metrics for concentration
estimation of single gas

fF5RE AUAFIE MAE  RMSE EV R?

CO 2.090 2.646 0.995 0.994
#1

H, 2.360 3.028 0.993 0.992

CcO 2.512 3.283 0.992 0.992
2

H, 2.814 3.684 0.991 0.991

CO 2.985 3.872 0.989 0.989
HF3W

H, 3.350 4.115 0.988 0.987

® 14 REFURIREML RS
Table 14
estimation of mixed gases

Metrics for concentration

EEFRE  SMHME  MAE  RMSE EV R?
co 6.014 7.616 0.956  0.956
1R
H, 4.318 6.362 0974  0.973
co 6.711 8.813 0.941  0.940
2w
H, 5.157 6.972 0.967  0.967
co 7.016 9.437 0.934  0.934
3
H, 5.815 7.654 0.962  0.962

AR B HERR R (2 3 UCREMI B2 NAS
ST AR B, HE R AR F] 99.29%, (HALAY
(AR B A TR FE WS AT BRAR. vz, ST
ZWSTE—ERRE LR S W#Mﬁ , =
AR SRR S AR DU rmmﬁmpﬁ%ﬁiﬁﬁ
HRa e .

5 ZERIB

ARSI 1 — il DWRCONN A A& IR 5 1 # 75Y
FT WSS A AR P Al F 45 B 21l AP N A
B 5L G SRR M RAN [R] ) B e 75 6K
PR AL AR B S B 25 10 B A5 5 AT AL B, e R
BN NAT T AT SRR S ARIR BE A 1. 1245
RS R D B AR SR I 25, T LASRAS BRI 100%
PR AR TR S R A R R 8 vy S TR B i TR

SRR A S d, DWRCNN A 44 {5 51 4 7

R AL B 25 B 1) 1) 2 25 1) 87 A5 5 B B 2 iR 64
M@%%$ﬁ%ﬁ@%Jﬁ?ﬂﬁ%&ﬁﬁﬂﬁ
YLk 200 56 /47, R AES IR B 100% B AR A HE
R R FE R E ; R MRS TEsE e, B 2%,
WSSA AR B Ay T 450 2 368 3ok A 4y B A B | 3
T AN [l S 28 SR B 2 245 M B AR 5 AN R B ; 4R
Jei , A B = N S OB E A S RE; B e, 8
o A ARG SRR B A ISR B — Sk
FRA S ARHR B B R BE AL TR B SR BR 50IE
TARSCHE A E 4y B AR (R R 5 A T LA 2 R
5 S SRR A TR Y, REAE TR SRR BE AN
THRGRE, IF BRI Hah IR 2= T4 e o e, K
MR R .
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