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Transfer Learning based Approach for Mixture Gas Classification

YongKyung Oh' - Namu Kim’

- Sungil Kim'"

'Department of Industrial Engineering, UNIST / “Department of Management Engineering, UNIST

This paper proposes a new method for mixed gas classification based on the convolutional neural network
(CNN) using transfer learning. The mixed gas classification is challenging because a gas sensor array of mixed
gases is complex and high dimensional data. Moreover, it is limited to obtain enough training datasets due to
high data collection costs. To overcome the challenges, the proposed method maps a gas sensor array into an
analogous-image matrix, adopts the CNN for feature extraction from images, and uses transfer learning to speed
up training and improve the performance of the CNN. The proposed method is validated using public mixture
gas data from the UCI Machine Learning Repository and real data examples
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Figure 1. Examples of Image Mapping
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718 FYOE Yro] 7 FY o wlolEf7} E3kE o Q)

gk o|w|A] Z7] o whet A ==, THeF dpi(dots per inch) =
809l 7} 8 inch Al Z 6 inch®] 7| = A oJs}H, s o]u| |
A H L 480x640 715 ZHA Bk 3, ;WA A7} R
-2 A RGB %< (7, g,,, b, )°12FAL 31, X, = o}t 2
o > h, x 3 2719 $PU D, 2 WHL 5 Yrh.

1 M 1 M 1 M
Di = M’HZZITmHm’ M'"E:fgmHm’ T["LEZIbWHm ’ (1)
fori=1, -, N.

2] (1)oll 4] RGB#: M E BE Al Eo tjste] b ghe] B
S A A M EZ AHE oluAE HA=
(Overlay) .2 A= A& ov] gt} o] 2 A A H o]v

e}
A 52 CNNY| Y Egho = Ag-Ht,

32 AASEE $AF VIEY 2 2l Aol ey

A F U EH A (Convolutional Network) &2 A 2173
H(Convolutional Neural Network)< 12| =9} fAIS EZ 2
A& 7 = vlolE Aol Aeat 2w E deA
Atk CNN 222 of 3 9] CNN LayerS 2= FH 2 74
Ho glon, o]H3 FoloE &-83) A4 ulo|E Y 54
FEoket AREE 4 Ut TS o]n A9} 22 HoE oA
Aot 22 A E Bl 2 EAS S8t BR 2SS

S @ A%, S5 HHE BolT Ik S E, Tt B

)
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Image Mapping Transformed Input

[
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249

(Gradient)7} 3 2ol @o] dojuAL v ZH o=
AAE @4o] Jehdth o] 9 AA4%E 53 S5S o
852 7 Al 3171 (Stochastic gradient descent)S AF8-517] wj
ol VES A7} ZAAE ZAAHDFE 7]&7] 24 (Gradient
vanishing) ¥} 7]&7] Z(Gradient exploding)7} €U 454
Sl(degradation)7} A7 S50l ofH A= A o] Ut 2l
FAAR 7 7HeA s AA A BR8] A 7HEA
%7)8K(Weight Initialization), ¥} 2] “d7F3KBatch Normaliza-
tion)tt &4 Fhro] AA g dgs B3l o]l ZAE AT
T Atk 3 mdo] o B2 i) s RSt U ES A
£ SFs717E o oAH A, glolole] vt Bold 5
238|9 St a AT} HolA = @] YEh o At} &3 A
A S 283 S o] o H YA A S5 HlolH
72 3 (Overfitting) == 5] TA 0] LT F Stk

o] ¢k #A1E 3| 2 3}7] 913l Residual network(Resnet)(He et
al., 2016)7F A AT 71E 7 UWEHZY =54 Tt
H(z) 2}2l FTHA Resnetoll A= H2 3k o2 <} Zo] kAt
(Residual) = 3] ¥ 0] oJv]= A3} S o] ZHAHE <5
st 2ol 9t Fa) = H(z) —a. oA ZAGE 022 F
A3}t obe= Zo] 7129 W E Bo 42 & Sk vl
F3}Z 0| th(He et al., 2016). ¥ AT A= ©] 23 Resnet2] &
23S 8-83517] 913} Resnet-50 22 A 815191 0.1, ImageNet
dataset& AH&-3] AFA <5 (Pretrained)® FE S o] 8h5oll A
B3 <Figure 2>l A Ak i o] Bd FRE RO
UERA AT

Gas Sensor Array —//v:;-v\
1 ﬂ
Multidimension Time Series
Analogous Image Matrix B sm——
480 x 640 x 3 224 x 224 %3
B Resnet — 50 | Transfer Learning Model

Conv 1 Pooling Conv 2 Conv 3
H
i
! 1x1,64 1x1,128
i ) ) ,
: T > k3 — [3x3,64lx3 — [3x3.128]x4
: tride axpooling 1x 1,256 1% 1,512
i
H 112 x 112 56 x 56 28 x 28
i
i
H
H
H - P
! Conv 4 Conv 5 Pooling Classifier
H
! 1% 1,256 1x1,512 Tx7 Linear (2048,512)
! 3x3,256]x6 —_— [3x3,512]x3 —| . X\ e Relu
! 1x1,1024. 1x1,2048 vepooling Dropout (0.2)
H Linear (512, Nejass)
H 14 % 14 Tx7 LogSoftmax

Output

Multi classification metric:
log(probability)

Figure 2. Proposed Approach and Model Architecture
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glojofut g5t W o] tH(Guo et al., 2019). P)A| 24 3 114
dlojel o] A4 o whe} v Aor} ek = 3T
TolAE doleks
4@&%92%ﬂHE%%ﬂ%%%&i%dg

o
ATk A=A B B, B =)l o] 548 H ol
&
2

a= s F

2

2 58 7120 B HolE & &

T AthE A o] AR A W ES] A9 7FeA & 5
2 gafofst witel dd o g g arE A
ghA], B AT A E ARREEE AS Al A
W2& AeE Tt &, 2d o v g g
Ex3le FY2E ERse 277
5 QA A3l ResNet-50 Z2-S AR&-

stQom, ol & Fal 5 iEJ 20487116 E4 & Al ERVIE
ggol FHE ERF7IE 20487114 A ZE 512
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Bk Al 4180l = 5 E57 ) Hol el tsl A ah8ha, A
4280 4 4o sl T 293 A 4381
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41 2% dol

UCI Bl ©] Bl = UCI Machine Learning Repository ol 37 =] ]
%1+ “Gas sensor array exposed to turbulent gas mixtures Data
Set™S AF&315]THFonollosa et al., 2014). UCI Elo]E ol A=
Al FFe FE7IAE el Ol A Y] £ 7FAE A
atal - oG 79 AAE ARESe] AlA SEEES SHEA
o oojw ZF S 28 £ 7429 S/} 743 <Table 1>
aokstth 7 7k FEN, L, M, HEE2 <Table 2>} 2T}
TA AR/ A FReF AN SHH T A 2 AT HA
2 <Appendix A>ol] A 5}93 T}

Table 1. Class Information in the UCI Data

Mixed Concentration Number of
Class o .
Composition Configuration samples
(L,M,H)Methane
1 Mathane T (N)Ethylene 18
(LM,H)CO
2 co +(N)Ethylene 18
(N)CO+(N)Methane,
3 Ethylene 1 \\cO+(NM.H)Ethylene | °
(LM,H)CO
4 CO+Ethylene (LM, H)Ethylene 54
(L,M,H)Methane
5 | Methane+Ethylene H(L,MH)Ethylene 54
Table 2. Concentration Levels in the UCI Data
Concentration CO Methane Ethylene
Level (ppm) (ppm) (ppm)
None(N) 0 0 0
Low(L) 270 51 31
Medium(M) 397 115 46
High(H) 460 131 96

A A3 dolEl &= Al 7HA F7-9] E57}F2+(Dimethyl Sulfide,
Butyl Acetate, Toluene)2] ¥l 3 Th2 7] 3tod 117]9] MM =5
Bl S4 % T 100719 & 7k tlolEAle A A8tk

20201 BN A ATFAC A HlolE Y APS Y3t
Aok 3= 10070 &3} 742 vlol B Al 9] vl §H2 <Table 4>
o 8okstath 100719 dlolE Al £3 7125 FA8: &
7t 5l ek & ol 7HA /Y E£F 712E <Table
3>3 Zo] BHE 4 9tk
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Table 3. Concentration Levels in the Real Data

Table 5. UCI Data Sample Numbers

Mixed Concentration Number of . Train Train
1 All Test Valid .
Class Composition Configuration samples Class e a (Original) | (Extended)
. (1)Dimethyl Sulfide 1 18 4 4 10 100
| PDiment SUde | o)Buryle Acetate 12 2 s | 4 | s 10 100
*(1)Toluene 3 36 7 7 2 100
, | Dimett spae| - Opmemy i | T T s T i [ [
+Butyle Acetate uty 5 54 1 1 32 100
+(0)Toluene
(0)Dimethyl Sulfid Total 180 37 37 106 500
imethyl Sulfide
3 | Buble Acetate | L imle Acetate 14
+Toluene
+(1)Toluene Table 6. Real Data Sample Numbers
Dimethyl Sulfide | (0,5,1,2)Dimethyl Sulfide - -
4 | +Butyle Acetate | +(0,5,1,2)Butyle Acetate 60 Class | All Test | Valid Train Train
+Toluene +(0,5,1,2)Toluene (Original) | (Extended)
1 12 2 2 8 100
Table 4. C tration Ratios in the Real Data(x1,000 2 14 ] . 8 100
able 4. Concentration Ratios in the Real Data(x1,000ppm) 3 1 3 3 3 100
Sample | Sample | Sample Sample 4 60 12 12 36 100
Gas Type
1 2 3 100 Total 100 20 20 60 400
Dimethyl Sulfide 1 2 1 0
Butyl Acetate 2 1 1 1 Random Initialization-& A 2| 2] 28 §lo] =dl A& Al
Toluene ! ! 2 ! B SrAl7lE A AR e ShA 7ok & of
A7} Beke wlo] gln w8 s vlo|El7} B gk
A% B 7p FUBE Table 0] 22AAAT AT 9, BHE $2T 5 Y28 RUS FR3 JHA1] of
W Sample 1 Dimethyl Sulfide”} 1,000ppm, Butyl Acetate”}  #jtj= 224 o] 9Jt}. Transfer Learning®] 245 7%, 7=

2,000ppm, Toluene®] 1,000ppmTHE TUH AlEo|t} &35 ¢k
of A= AE AGA FATF ZF7H2Y] &S YERiT: 4

A AE dolHe BASHE ATl HEE B3l AT Al
A SEHHOE A AP AT AE dloly 1 A
<Appendix B>l A3} T},

Aoket W o) E3E ww Brislr] Y8k, 7 glolEof
7M1 e HE e A e A8t

* Setting 1 : Original data, with Random Initialization

* Setting 2 : Original data, with Transfer Learning

* Setting 3 : Noise-added data, with Random Initialization
* Setting 4 : Noise-added data, with Transfer Learning

Noise-added data= 7] H|©]E|(Original data)2] S| £
g TAE sl 4st7] fete 7HPAIQE o] 25 F7ks o] Fr)
F 4 (Oversampling) S A& Hlo|E}S A A7} wo|2E
ofefo} 22 W o ® 7 AA Skl F7lston, 7 2
== 100704 o 25 e FEH AT

z =zx(1+z), z~N(0.1,1)

©] ImageNet t o]} =r 1ol 4] 3h5ek AL A2 & &85}
R wpA = Hojojwk EA AASt SFAZAT EEe

ARk Q) 2o} w7 712 olulA] 7 oA A
Aotgd @ T8l A S sdsA ol & T &

)2 0 2 tlo]E] 9] 427} A 1 thoslA] $& Aol M= g3}
Ao ndg sk 4= 9l

AA HolEHE 60%= 8y o, 20%= A% HlolH,
0%% Eﬂ&_E tﬂolai %Lfo}@}v} oltm zt ﬂawﬁ H] %%

TE 19 2HA A8 Ei?_
do|g 23 b‘l—% 23}
AR BRVE Sh5A %,ﬂ_ 715 g 2E to]
Ef0] Z*%OP"# QI—E% =59t o) @3 AL % 53}

] RhEshE Bt 71539t HEH o= 7}
2 oz[:tﬂ- {=R=l] 3} w3 ARsAc, #HA S

Seof AEHHS onjstH ofeot
A Th(Brodersen et al., 2010; Mosley, 2013).
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@1 2o Aes WM 4 Atk A S 7 Tk 5
3], g Fe 2o R 7HEAE T S0k FLA 7
cAsted Aol A& Fe2e a5 AR FYsH 1
T ke Aol

7128 ZhzdlolE B4 AT SN 2R S5
FAH AP B G AN 1 5D v P AN S
4 29 o2 %—‘2 8l 7k A HlolEE wAsha

FE3sfoF k. IubA o7 AAM ZAHRY B 2

A9 FE= AA 0]'7] sl =
1‘3"} 54 FE2 Jd AT UEYAE AHgste BT,
ol2|gt A7} B askA| Gtk Aol Atk ek E e Al
X &gk 27 (Calibration)©| Y} EF3k(Standardization) $1©]
EA4E tF dolof 7z wtdste] AR=E FIAZE 5
A= AAE G T+ ATk

= UCI glo] el ¢t 2 A sllo]Eol] 283}

S A
1%

of QoA AR UI7HA Setting sl A 57 wAHESS S5
AZSAT A2 wde FPYFEE /)T 0T A
HoH, <Figure 3> e~ ¥ o= =9} T5 3 H(Con-
1. 0.25 0.00 0.00 0.00
2{ 0.00 0.25 0.25 0.00
3
©
:3 0.00 0.00 0.00 0.14
£
4{ 0.00 0.00 0.45 0.00
0.00 0.00 0.27 0.00 .
1 2 3 4
Prediction Label
(a) Setting 1
1 0.00 0.00 0.00 0.00
21 0.00 0.00 0.25 0.00
2
[
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g
=
4{ 0.00 0.09
0.00 0.00
1 2 3 4
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Table 7. UCI Data : Performance Metrics for all Settings

Setting 1 | Setting 2 | Setting 3 | Setting 4
Class 1 0.7500 | 0.5000 | 1.0000 | 1.0000
Class 2 0.5000 | 0.5000 | 0.7500 | 0.7500
Class 3 0.8571 | 0.7143 | 0.8571 1.0000
Class 4 0.5455 | 0.5455 | 0.8182 | 0.9091
Class 5 0.7273 | 0.9091 1.0000 | 0.9091
Accuracy 0.6757 | 0.6757 | 0.8919 | 0.9189
Balanced Accuracy | 0.6760 | 0.6338 | 0.8851 0.9136

fusion Matrix)-S BT,

UCI Hl°]E] & ©]-8-3F 7} Setting '} T} 41 @ 2 3= <Table 7>°1|
foks}9] o, A H-2 Q1 A= <Appendix C.I>ol A 2|3} T}
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7 187 @& A RY 2 A EE YER AT UCT Hl o]
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Figure 3. UCI Data : Confusion Matrix for all Settings.
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Table 8. Real Data : Performance Metrics for all Settings

Setting 1 | Setting 2 | Setting 3 | Setting 4
Class 1 0.5000 | 0.5000 | 1.0000 | 1.0000
Class 2 0.0000 | 0.0000 | 0.6667 | 1.0000
Class 3 1.0000 | 0.6667 | 1.0000 | 0.6667
Class 4 0.9167 | 1.0000 | 1.0000 | 1.0000
Accuracy 0.7500 | 0.7500 | 0.9500 | 0.9500
Balanced Accuracy | 0.6042 | 0.5417 | 09167 | 0.9167
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Figure 4. Real Data : Confusion Matrix for all Settings
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<Appendix A> UCI Data : 48 %2 dlo]¥] %] 34

UCI H|°H = <Appendix Table 1>7 20] 87 A& Fall FHEAN M, ZH7he] A9 F3 7h20} 548 Wgs}r] ¢e]

FrAb o m A o] A 3H-E A8kt 53], HlolE] 378 A ARS-H MOX 7+2: Al A g2 WheA] Abatee] A ghgk #shol] whe} v
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Appendix Table 1. Sensor Details and Representation of UCI Data
Sensor Model Sensor Type Target Gas Color Representation
TGS2600 MOX Air pollutants(hydrogen, ethanol, etc.) Blue
TGS2602 MOX Air pollutants(VOCs, ammonia, H.S, etc.) Green
TGS2602 MOX Air pollutants(VOCs, ammonia, H.S, etc.) Red
TGS2610 MOX Butane, Propane Cyan
TGS2611 MOX Methane Magenta
TGS2612 MOX Methane, Propane, Butane Yellow
TGS2620 MOX Alcohol, Solvent vapors Black
TGS2620 MOX Alcohol, Solvent vapors Orange
0. A4 33 +48 2 A 3
UCI H]°]E] = Carbon Monoxide(CO), Methane, Ethylene Al &72] 7k2~8 &-83t3, A9 34 F 719 7k~ w77} ok
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Appendix Table 2. Class Information in the UCI Data

Class Mixed Composition Concentration Configuration Number of samples
1 Mathane (L,M,H)Methane+(N)Ethylene 18
2 CO (LM,H)CO+(N)Ethylene 18
3 Ethylene (N)CO+(N)Methane, (N)CO+(N,M.H)Ethylene 36
4 CO+Ethylene (L,M,H)CO+(L,M,H)Ethylene 54
5 Methane+Ethylene (L,M,H)Methane+(L,M,H)Ethylene 54
olwj Z}7}229] F% N,L,M,H - <Appendix Table 3>¥} 2T}
Appendix Table 3. Concentration Levels in the UCI Data
Concentration Level CO(ppm) Methane(ppm) Ethylene(ppm)
None(N) 0 0 0
Low(L) 270 51 31
Medium(M) 397 115 46
High(H) 460 131 96
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Appendix Table 4. Sensor Details and Representation of Real Data
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Sensor Model Sensor Type Target Gas Color Representation
TGS2602 MOX Air pollutants(VOCs, ammonia, H.S, etc.) Blue
TGS2603 MOX Air pollutants(Trimethylamine, methyl mercaptan, etc.) Green
TDS0048 NDIR Hydrocarbon and Carbon Dioxide Red
PID-AH2 Electrochemical VOCs with ionisation potentials Cyan

NE4-HCHO-S Electrochemical Formaldehyde(CH,0) Magenta
SS2198 Electrochemical Hydrogen Sulfide(H-S) Yellow
3E100SE Electrochemical Ammonia(NHs) Black

NE4-H2S-500 Electrochemical Hydrogen Sulfide(H2S) Orange
FECS43-20 Electrochemical Sulfur Dioxide(SO,) Gold
NO23ES0 Electrochemical Nitrogen Dioxide(NO;) Gray
CO3E500S Electrochemical Carbon Monoxide(CO) Silver
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Appendix Table 5. Experiment Setting of Real Data
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=™ Sample 1- Dimethyl Sulfide 7} 1,000ppm, Butyl Acetate”} 2,000ppm, Toluene
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Gas Type Dimethyl Sulfide Butyl Acetate Toluene
Injection Volume[ ul] 99.35 178.07 143.28
Target Concentration|ppm] 10,000 10,000 10,000
Target Volume[ L] 3.00 3.00 3.00
Molecular weight[ g/mol] 62.13 116.16 92.141
Density[ g/mi] 0.846 0.8825 0.87
Purity[%]/100 0.99 0.99 0.99
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Appendix Table 6. Concentration Ratios in the Real Data(x1,000ppm)
Gas Type Sample 1 Sample 2 Sample 3 Sample 100
Dimethyl Sulfide 1 2 1 0
Butyl Acetate 2 1 1 1
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Appendix Table 7. Concentration Levels in the Real Data

Class Mixed Composition Concentration Configuration Number of samples
. (1)Dimethyl Sulfide
1 D‘mftT}‘glL;‘le]ﬁde +(0)Butyle Acetate 12
+(1)Toluene
Dimethyl Sulfide (1)Dimethyl Sulfide
2 +Butvle Acetate +(1)Butyle Acetate 14
Y +(0)Toluene
(0)Dimethyl Sulfide
3 Buﬁi@fgate +(1)Butyle Acetate 14
+(1)Toluene
Dimethyl Sulfide (0,5,1,2)Dimethyl Sulfide
4 +Butyle Acetate +(0,5,1,2)Butyle Acetate 60
+Toluene +(0,5,1,2)Toluene
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I. UCI Data
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Appendix Table 8. Results : UCI Data(Setting 1)

True Label
w N
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0.50 0.50 0.00 0.00 0.00
0.00 0.50 0.00 0.50 0.00
0.00 0.00 . 0.29 0.00
0.00 0.09 0.00 - 0.36
0.00 0.00 0.09 0.00
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0.00 0.09
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1 2

3
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(c) Setting 4
Appendix Figure 1. UCI Data : Confusion Matrix for All Settings

4

Appendix Table 9. Results : UCI Data(Setting 2)

Class Pricision Recall Fl-score | Support Class Pricision Recall Fl-score | Support
1 1.0000 0.7500 0.8571 4 1 1.0000 0.5000 0.6667 4
2 0.6667 0.5000 0.5714 4 2 0.4000 0.5000 0.4444 4
3 0.4000 0.8571 0.5455 7 3 0.8333 0.7143 0.7692 7
4 0.8571 0.5455 0.6667 11 4 0.6000 0.5455 0.5714 11
5 0.8889 0.7273 0.8000 11 5 0.7143 0.9091 0.8000 11
accuracy 0.6757 0.6757 0.6757 37 accuracy 0.6757 0.6757 0.6757 37
macro avg 0.7625 0.6760 0.6881 37 macro avg 0.7095 0.6338 0.6504 37
weighted avg | 0.7749 0.6757 0.6937 37 weighted avg | 0.6997 0.6757 0.6734 37
Appendix Table 10. Results : UCI Data(Setting 3) Appendix Table 11. Results : UCI Data(Setting 4)
Class Pricision Recall Fl-score | Support Class Pricision Recall Fl-score | Support
1 1.0000 1.0000 1.0000 4 1 1.0000 1.0000 1.0000 4
2 0.7500 0.7500 0.7500 4 2 0.7500 0.7500 0.7500 4
3 0.8571 0.8571 0.8571 7 3 1.0000 1.0000 1.0000 7
4 0.8182 0.8182 0.8182 11 4 0.8333 0.9091 0.8696 11
5 1.0000 1.0000 1.0000 11 5 1.0000 0.9091 0.9524 11
accuracy 0.8919 0.8919 0.8919 37 accuracy 0.9189 0.9189 0.9189 37
macro avg 0.8851 0.8851 0.8851 37 macro avg 0.9167 0.9136 0.9144 37
weighted avg | 0.8919 0.8919 0.8919 37 weighted avg | 0.9234 0.9189 0.9200 37
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IT. Real Data
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Appendix Figure 2. Real Data : Confusion Matrix for All Settings
Appendix Table 12. Results : Real Data(Setting 1) Appendix Table 13. Results : Real Data(Setting 2)
Class Pricision Recall Fl-score | Support Class Pricision Recall Fl-score | Support
1 1.0000 0.5000 0.6667 2 1 0.5000 0.5000 0.5000 2
2 0.0000 0.0000 0.0000 3 2 0.0000 0.0000 0.0000 3
3 0.6000 1.0000 0.7500 3 3 1.0000 0.6667 0.8000 3
4 0.7857 0.9167 0.8462 12 4 0.7500 1.0000 0.8571 12
accuracy 0.7500 0.7500 0.7500 20 accuracy 0.7500 0.7500 0.7500 20
macro avg 0.5964 0.6042 0.5657 20 macro avg 0.5625 0.5417 0.5393 20
weighted avg | 0.6614 0.7500 0.6869 20 weighted avg | 0.6500 0.7500 0.6843 20
Appendix Table 14. Results : Real Data(Setting 3) Appendix Table 15. Results : Real Data(Setting 4)
Class Pricision Recall Fl-score | Support Class Pricision Recall Fl-score | Support
1 1.0000 1.0000 1.0000 2 1 1.0000 1.0000 1.0000 2
2 1.0000 0.6667 0.8000 3 2 1.0000 0.6667 0.8000 3
3 0.7500 1.0000 0.8571 3 3 0.7500 1.0000 0.8571 3
4 1.0000 1.0000 1.0000 12 4 1.0000 1.0000 1.0000 12
accuracy 0.9500 0.9500 0.9500 20 accuracy 0.9500 0.9500 0.9500 20
macro avg 0.9375 0.9167 0.9143 20 macro avg 0.9375 0.9167 0.9143 20
weighted avg | 0.9625 0.9500 0.9486 20 weighted avg 0.9625 0.9500 0.9486 20
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