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Transformer encoder structure diagram (c)



%3 AT, 5 SET R RS RV 3 S AL A AR vk 383
N >, S |~ £ A ) 'ML’,E":—} ‘\/\ £
ljc_: glax z{xf}’ IQJSROUHdE (1) Tﬁﬁ(ﬁkﬂqm%ﬁ%/\,@%Tfﬁ%*@@ﬁ[ﬂzﬂﬁm
(j-D2k<ig jx2*

st Round () e 1ot 6 (5 ) ot
SR AN 9 R R
U E Y, 79500 S R PR . AR 19
PR A IS 2 B, 6 5 e o
B BRI ECR IR, T AR . W
S5 A MR I BB X 2O £
L 5 R M RO L L R
R 5 B 2 A AR 5 0 7
RHGT RIZAFAE, B R 6 B0 077 15 Ay e
BRI SCHE PO P25 2 R LA I
U R B0 25 4L, i 2% 5 B0 7 Sl 7
o3 A7) TR AR 93 S0 B, M
TS UL RO

000000
X| Xy X3 X4 ... X;
k=0
v oYYy oy
Yi V2 V3 Va - )i
o000 O| .|0 ®
X1 %2)[X3 X4 |[X5 X6 | | Xi X+l
k=1
voov v
Y1 ) Y3 yrmax({xpx )
00000OGOOOOOS
X1 Xy X3 Xy4||X5 Xg X7 Xg| --- |Xi Xl X2 X3
=2 l’ il !
1 b5 - yemax({x;, - x+3))

B2 RESRPERTES R SR

Fig.2 Schematic diagram of signal at different sampling rates
222 HAERFML MTCNA RIS T M 4%
H 24~ JF4T TCN H2H A, F T3 Y i A ) RUEE 1Y
REAE B R ERRRIE o A% 546 FULE AL B 7 51 B A7
FEAe B0 R 5B B 2 1 [l B, 1T TCN ELAT Hili 4R
B8] )7 B AR 5C 2R I RE 7, A IE VAN [ B 1] )R
(RFAE o AR SCHY TCN B3k Bai %02 42 H 19 2244,
TEAN AR N 1(b) iR .

TCN He =2l I ARG AL . RS Rl
FRIE 2 ¢ i s S A % ¢ D) 22 R R R A G,
Kl 3(a) iz, Herp Z 8 50 T A 5 i AR R B
()% P4

PSR A 51 VR 22 0 45 2 BB AR
FETE WA A, BB IR) B i DRI DGR . SR, 5
L4 CNN 25, PR B R 32 35 U (k) R/
RELH, 3 BRI T % e R TR R A BT R K . R

% B, 3LA T BT () 9 8, L AE SR I
5 R TP, 9001 ) 43 % 2 I 220 2 T 0 %
i sh B R . R R T3 T AR e 2
i B 2, 36 87 2 FH TR 4

Py T (AL B AR A8, BRI, 55 4 25 T2
AT LA R — AR B 1 TR R, 4y
I 0 1 B0, 25 AR /N RS B B 7T 43 0
2 S VRO R REFE U0 . % T 1) 9 3R B
bR A A I R £ R 2 P B
T R 2 K 3B 5 SRR AR G
[ Bk, B 5 SRR AN e, B R s i 1 4
F AR B . AT 3(b) 0% , WK 2 B e 1] I
iR AR, R 5 1+ ) (k= Dd; T, K
ohon SR TT LA Y, AR BONT ] B AL R L B
PRI S AL 11 LS 5 B R PR s B T
AT R B0 . 3 0 B S LA 1 R 4
RNN — B AT 30100 7 s 5 8, IR B T ONN
[0 I ATHE R 22 R B A A SR )

(a)

Zero-padding  Input length
(®)
K3 AEIKE T FRERER () BIKFRER (b)

Fig. 3 Causal convolution without expansion factor (a) and with

expansion factor (b)
IEAh, TCN BTG 5 5% 25 7 42, ik 11X 451
BENS IRAF R MR B I 4% o iR 22 Bl A& U2 A
Jp 2R P TS B GELU 411, B — 2 Im At i 19—
A, 26 1 Ak, 358 HYZ fRg
2.3 TE &R
A A TE B S5 H an &l 1(c) Fos, %
ARG = WA E S AN 1Ky = N N @ Y = oK
BHZMAT T O, 35 T — B RUZ, B T ML)
] 7 270 B ) 4 X A7 8 05 R AT s e T . 2
S B ALE B ARZE IE 4 R, R 2417
W) H R JIZE AT R A R AE B, o



384 R T R ROA KRB O

514

X (2)F=(3) FiR:
Multihead(Q, K, V) = concat(headl,--- ,head H)W° (2)

) OK" )
headl = Attention(Q, K, V) = soft max( V @3
¢ Vi)'

Hh, 0. K. V35137 Query, Key. Value H % [%,
BT R 22 AN ) 2 M A 48 1 B AR AIE [ A4 B 1YY
FERE, WO BCE B o KB AT i A RRAE ] R A
AT Z3 18] 3052, LR I 2 e A0 e 4 B 2 5 oot
231155, ¥4 Query Ml 5 Key 40 M AH e 15 3 24§
1 A B A5 5 FRAE 5 A A 8 1 45 5 AT 8] £ A
I . 5L, Value 5B 5 A DLRF AR AR P4 AH 3¢ T
DATE JEL UG RRAE 1) S Al 1 5 33 A b G 3 T AR AR . AR
T, FEXF S {07 5 A5 S AT gmAg ey, 3 & L
St TR AL E, M2 HALGE . ik, IR
A IR AZ WY 1) 22 3k 1 R ST, A 5 AS TR R
fEZ 0] B AR SR HEA T EAE . 22 Sk R Ay ML 2o 7
" HAHAARR LB R XT Q. K, Vb 28 e, Horp
H RS . O Bl B AGE R T
Z R, I T A BC R REE . IRk, 23k
AL A 0 7 2 i A Bk HOR TR 28 (R
i FAEAR B, T HE R A A (1 R BE T o

Output

1

(Concatenation & linear layer)

- N

[Scaled dot-product attention) [Scaled dot-product attention]

K V K 4
Linear | | Linear | | Linear Linear || Linear | | Linear

L | L 1]

N 1 Y,

Input
B4 Z3RTER AL R TR 25 H 15
Fig. 4 Detailed structure of the multihead attention mechanism

EAh, TR HLE R B AR, RIS RERTZR
FAIEZ A Y02 8 DGR o A SCHE Transformer H ]
LRI 158 0 45 A QR SRR Y RIS R 45 o P 5 /s Sy ek
G A 5t 0 265 B %) U2 2R, LR 5] 5(b) BT s 9
BRI TS e i B AR S5 4, 6 BRI 158 0 2% 75 — 1> 2
4% JZ (FCL) s s Z [ N 1 —A>— 4R
&R (DWConv), H5 BT L ML HL T (ReLU) # TG PR XX
oAy v T8 25 R M BALTE (GELU) W eR . TR
B ] 0 B U2 i & B, 12451 51656
FRRH 24, AT LA I T AR IE SR (2 BA B AR 24
AR A ERAE A . FIOE R — HE TR 65 BUR 2 A

2 token Z [A] (5 2, ARAFHFAL B9 26 00 0 B A5 R, T
7 19 26 55 K 1 - B A2 1, (e A 91 RS P] R H
SR AR, i R ER N SCZ I B BCAR o Rk, TE A
s 1 2 B, DD T SRR (A R Y R,
I 2 AR S SR B s, TR S v

FS JRURAETE (a); B BT (b)
Fig. 5 Original feedforward (a); convolutional feedforward (b)

24 IRKHEH

TE 2 ML 73 JAT 55+, 450 5% o R B (T 22 X
WP o BRI, 12 58 19 38 U0 R 75 7 SR 285
RN, T 2200 TRRE 2 [R5 [5G &, 5 BB R~ 3|
MIRFIEANE EBE XM BEAE . O T AR 5 ) i
A RO R B e M SRS, AR S AL AR S K LR
— 2R AR AR A R A 25 ) R ST, i R /b
BEAS R -5 6 R 2R ) v O R R, RO A K BE A
W AR 10 B R, DT SR A Y (R RE Ty o R
AR R IR A N (4) BrR:

Lo = 5 2, D(7(¥).64) @

Hr, D FRWILRAFIE B - T7, o 228 yi BP
Ly, [T AR, X 1(a) T TE FEE AN
IR ZERE . SRR AKX (5) Fis:

Ly = Leg + ALcenter (5)
HHY Legy Leener 78RR ARSI AT 55 19 28 LA 431
PN, FIFHSH L e g il 38 SUR 2 Fl b
PR 2Z (B 1 H ), AR 2 Ly 1B R B R PR
KNG

3 XWHERSHM

3.1 HE&ENA

ASCASFH 3 A H - S BS0H AR R BE Fir $2 Jr vA
AR, A B A R AN R PR 5 AN [
HY L S A A R A

Open Sampling £ 45 4E f& MAL A 1 5 He vl
AR, B 8 4B A (MOX) SRR Jks, HAE
52 25 W PRI A5 1 A R R VS TR G B 1 A <A



%53 AR, 45 B TR RSBV IE =1 HLH Y ARSI ik 385

VI o A5 3 MR A ASE B 1 i 7 {5 S DA B 15 i
FEBI Y 72 ARG IS P, LA SRAG IR AR AT
R ABURR I b iy L BRI S8 o A ) A 2 7 A —
A 72 30 4 RS, A S E AR > 260 s 7Y
I 8] 91 2675, RAE#R 100 Hz, B T3S 5 b iy
T B AR b . B HE SR AR R M RE AR AN & 6 T
TRo BRI 10 ZERFE Ak SR IE %,
TR, S/ &L TR, Of, Bhe, FEE, —%1k
fie . AR, 48 18000 Z5AEA . FRATTLA 1 Hz i) ReAf
RN A A5 5 AT B R AR, IR A i AR AR
260 A [R1E o 7] A AR SR Xof g A A AR 7 B[] 44
JE EIRATARAELL, DL i 4% 0 2 2D REOR

2000
ca 1750
51500}
Q

§1250
21000}
] -
K750 =
500 |
0 50 100 150 200 250
Time/s

¥l 6 Open Sampling %4 5 AU F M AL AR

Fig. 6 Representative sample of Open Sampling dataset

Drift % 4% 4 J& 76 2007 4F 1 ] & 20114 2 A
(36 4~ H ) IR A i 2 52 56 2 Pl 46 1, AL 75 R
H 16 MU AL R ER 4 13910 /NI, i3 245 ¢
BEADL T RS A, T 6 b AN [ i B 7K ST 4 A A
TP AT 55 o A BRI B LB A A IR 2
BELAG TR X332 1, R s A v ) e R 23 7 A — A 16 3838
(R [E) P51 o Al R A4 6 A [R] 4l <A BT 11
0ok, BIE . /. W M. SEERTH R, B
JF B R R BB LR 5x1075~1x 1073, U8R BOdE 9 43
10 AR, BN HER AL & ISR 1 BT R RS A
DB o X R BE 25 RN T R I 2
AU, SO EEA A BB R RTREYS) 40 A
IEE/

Twin AR B 8 MEEER 45 1) 2 K&
Atk . AL 8 4~ MOX (L84, it & &
W H T A, F T4 AL IR 1 T T A
55 R A FEH 34 % HI AR R A 5256 05 52, sk
5 A KUBATCAL JRAS B SN o B R — A ] 1) 24
I, BN BT RN R EE T 40 FhOR R SRS, B
A E T 10 kR OB, W, L0 M—R
femrb . BRI RS 600 s, F5 LIRS A9 50HRE LL
100 Hz AR 1T R4

F 1 Drift BRI 43 1D XA %
Table 1 Mapping table of batch and month ID for Drift dataset

Batch Month ID
1 1,2
2 3,4,8,9,10
3 11,12,13
4 14,15
5 16
6 17,18,19,20
7 21
8 22,23
9 24,30
10 36

32 XWEE

AR SCA# ] Pytorch1.13.0 HEZR JE 4T 45 B2, 5286 7E
8K NIVIDIA GeForce RTX 3090 GPU f i {4 F- & |-
HEAT. TCN By B E 50 v iy [4.8,16], K K+
A3 BN [1,2,4], TON H 4 i ik PSR 36 B 4 R
AR E R (1,3), TE B 1 £ 3k 1 2 J1 19 Head %X
HWCE N 2, R R AR TR B R BIALEE A 0.02,
fii I SGD AL 2 AL S8, Wl lh % S iR E N
0.001, [ 2P K e 38 2 ) 5 . 3 D E Al AR DA
301 LAY ER BRI A I R g . TR AR R R4 . AR
Pt 3.1 19 TR B SR R AN AT 2 B, DA AR
Y B B PE BEAR AL A ULER, B 0 22 7E Open
Sampling Z(HE 5 )l 2k 100 42, 7F Driftdtdg 4 LI
Y5 50 5, 7F Twin s LlZk 50 5.
3.3 iEfhiEtR

ST VA BT B AR PR AR SO R o 1 R
(Accuracy) . f 53 (Precision) . A [713 (Recall) | Fl1-
score VER VPN IR o MR 30 I i A5 1E A L 00 19
AH G SREAS B LA, R A SRR AR TE BT A B2
Shy 1E B (A B A v ELAE 1 B, A TR R R A T
S Sk 2 1) A B AR o Bk D B 43 2 Sk JE 1 A9 B
Fl-score J& 4 B R A1 H [F R JE FSEIE . IR A
e ion

TP+TN

A =
Y = TPy TN+ FP+EN ©)
Procici TP -
Trecision =
CCSION = Tp PP
TP
Recall = 8
T TP IEN (®)



386 7R BT R % ROH AR D %51 %
PrecisionxRecall %2 Open Sampling £¥iE4E [ 43 2ah R
Fl-score =2X ——————— ) iy P o
Precision + Recall Table 2 Classification results on Open Sampling dataset

H A, TP(True Positive) 3 7~ E. IE 1 40, TN(True
Negative) 7~ H 7 5 1, FP(False Positive) 7R [ 1E
1%, FN(False Negative ) 2 7~ B 1 511 %4
34 XWHER

ST B E BT O VA AR, 7E 3 AT SRR
B i AL GE L2 2% 2T J7 12 (kb 3 DLt 7 (Bayes) .
THEIEHL(SVM) | FEHLARARSE) | AE SR 2 > Jr
7% (Resnet18, ViT %5 ) DA K S AR50 803k (1) =8 38 T v
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Method Accuracy/% Precision/% Recall/% Fl-score/%
Bayes 49.95 52.57 49.53 51.00
SVM 86.58 86.23 86.15 86.19

XgBoost 96.62 96.59 96.53 96.56

Logisic regression 85.63 85.58 85.38 85.48
KNN 56.04 56.60 55.61 56.10

DT 80.22 79.88 79.84 79.86

RF 94.42 94.46 94.23 94.34
Resnet18 91.09 90.98 90.9 90.94
ViT 85.44 85.48 85.28 85.38
VGGl6 96.95 97.05 96.72 96.98
Mobilenet 93.47 93.67 93.34 93.51
Densenet 96.80 96.89 96.75 96.82

CLSTM 97.68 97.68 97.65 97.67
TTCN 96.18 96.22 96.15 96.19

MCNA 97.81 97.79 97.79 97.79

ODCNNE! 95.99 — — 95.85
DWTLSTME®! 90.18 — — 89.94
Sniff-ConvNet"! 95.72 — — 95.32
Olfactory-Resnet*®! 98.80 — — 98.83
Our(MTCNA) 99.47 99.46 99.47 99.47
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Table 3 Classification results on Drift dataset
Accuracy/%
Method Average
B1 B2 B3 B4 BS B6 B7 B8 B9 B10
Bayes 75.6 77.2 85.8 94.1 100.0 79.2 69.1 83.3 98.9 59.5 82.27
SVM 65.6 87.6 98.1 76.5 90.2 95.2 88.8 90.0 96.9 80.9 86.98
XgBoost 96.6 98.8 99.4 97.1 97.5 99.4 99.9 96.6 97.9 99.5 98.27
Logisic Regression 96.6 98.0 99.7 100.0 97.5 99.8 99.4 96.6 98.9 99.0 98.55
KNN 95.6 98.8 99.5 97.2 97.8 98.8 99.2 95.1 99.1 96.1 97.72
DT 94.6 98.3 99.1 99.2 98.4 98.9 98.6 97.0 99.8 97.3 98.12
RF 95.6 99.3 99.7 96.4 98.8 99.0 99.9 98.0 100.0 99.3 98.60
Mobilenet 98.9 99.6 100.0 100.0 100.0 100.0 100.0 96.5 98.9 99.3 99.32
Resnet 98.9 99.6 100.0 100.0 100.0 100.0 100.0 96.5 100.0 99.3 99.43
Densenet 95.4 99.2 100.0 100.0 100.0 99.6 100.0 96.5 97.8 99.6 98.81
ViT 96.6 99.2 99.7 100.0 100.0 100.0 100.0 96.5 98.9 99.7 99.06
VGG16 98.8 99.6 100.0 100.0 100.0 100.0 100.0 96.5 100.0 99.6 99.45
TTCN 94.3 99.2 99.7 100.0 100.0 100.0 99.9 91.2 98.9 99.6 98.28
MCNA 95.6 99.2 99.4 100.0 100.0 98.9 100.0 98.3 100.0 97.6 98.90
CAtt-CNN 97.8 98.8 99.7 100.0 100.0 99.6 100.0 100.0 100.0 99.2 99.51
Our(MTCNA) 97.8 99.6 99.7 100.0 100.0 100.0 100.0 99.3 100.0 99.7 99.61
4 Twin B AE 053585 R TAVEREZ W T R o XU W S AL A 0.02 i, 28 U

Table 4 Classification results on Twin dataset

Dimension 2

Method Accuracy/%  Precision/%  Recall/%  Fl-score/%
Resnet18 94.53 95.28 94.53 94.8
ViT 88.28 88.65 88.28 88.47
VGG16 92.19 92.75 92.19 92.47
Mobilenet 93.75 94.33 93.75 94.04
Densenet 92.97 93.24 92.97 93.11
TTCN 9531 95.58 95.31 95.45
MCNA 96.09 96.32 96.09 96.21
CLSTM 98.44 98.53 98.44 98.48
Our(MTCNA) 99.22 99.24 99.22 99.23
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Fig. 7 Original feature visualization (a) and model extraction feature visualization (b)
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Fig. 8 Comparison of the effects of models with different parameters in the network
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Table 5 Ablation experiments of MTCNA

TCN Center loss Accuracy/% Precision/% Recall/% Fl-score/%

x x 97.81 97.79 97.79 97.79
V x 98.22 98.21 98.21 98.21
x \ 99.01 98.99 99.00 99.00
V \ 99.47 99.46 99.47 99.47
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Gas Recognition Method Based on Dilatation Causal Convolution and
Attention Mechanism

YU Lingwei, YANG Mengping, YANG Hai, WANG Zhe
(School of Information Science and Engineering, East China University of Science and
Technology, Shanghai 200237, China)

Abstract: Gas identification is of great significance in the fields of environmental monitoring, industrial safety
and medical health, which can effectively detect harmful gas leaks, monitor air quality and identify disease odor
markers. However, the field of gas identification is faced with the problem that the sensor data needs to be processed
manually before it can be used for subsequent analysis. Convolutional neural network (CNN) has been gradually
applied in gas recognition scenarios of electronic nose systems with their ability of automatic feature learning and end-
to-end modeling. Although CNN performs well in this field, there are still challenges such as limited receptive field and
insufficient global feature extraction, resulting in limited recognition performance. To solve these problems, a gas
recognition method based on expansive causal convolution and attention mechanism is proposed. The algorithm
combines the attention mechanism and multi-scale temporal convolution network in Transformer to extract global and
local features, extract more representational features and obtain a larger receptive field, and capture the instantancous
information and change trend of gas. Experiments are conducted on three different data sets—Open Sampling, Drift and
Twin. The results show that the proposed method achieves accuracy of 99.47%, 99.61% and 99.22%, respectively,
which are superior to the existing mainstream methods, thereby confirming its effectiveness.

Key words: clectronic nose system; gas identification; attention mechanism; temporal convolutional networks;

time series

(WAL, Twem)


Https//arXiv preprint arXiv: 1803.01271, 2018
https://doi.org/10.3390/s21144826

	1 相关工作
	1.1 电子鼻系统中气体数据的特征
	1.2 气体识别研究现状

	2 实验部分
	2.1 整体网络结构
	2.2 多尺度时态卷积网络
	2.2.1 多尺度学习策略
	2.2.2 时态卷积子网络

	2.3 TE模块
	2.4 损失函数

	3 实验结果与分析
	3.1 数据集介绍
	3.2 实验设置
	3.3 评估指标
	3.4 实验结果
	3.5 实验分析
	3.5.1 特征可视化
	3.5.2 超参数实验
	3.5.3 消融实验


	4 结　论
	参考文献

