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A Hybrid Deep Learning Approach Combining CNN and Transformer
for Gas Classification in Visible - NIR Hyperspectral Image
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Abstract: Hyperspectral gas classification plays a critical role in chemical threat detection, industrial safety, and environmental monitoring.
However, conventional RGB imaging is inherently limited for gas discrimination since many gases appear transparent or indistinguishable
in the visible spectrum. In this study, fog, phytoncide, and H20 vapor were used to construct gas environments that cannot be reliably
differentiated using RGB imagery alone. In contrast, visible - near-infrared (VIS - NIR) hyperspectral imaging reveals distinctive spectral
signatures that enable practical gas discrimination. To exploit these characteristics, this paper presents HyMixer, a CNN - Transformer
hybrid model for VIS - NIR hyperspectral gas classification that jointly learns spatial and spectral representations while prioritizing
efficient full-image inference. Experimental results show that VIS - NIR hyperspectral data provide clear separability among gas types.
Compared to a strong baseline model, HyMixer achieves substantially improved inference efficiency, with a slight tradeoff in classification
accuracy. This study provides a practical foundation for VIS - NIR hyperspectral gas identification in time-sensitive scenarios and
can be extended to the identification of hazardous gases, including real chemical, biological, and radiological (CBR) agents, in future

applications.
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Fig. 1. ConvLSTM Architecture [10].
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HyMixer Architecture
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Fig. 2. Proposed HyMixer Architecture.
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Table 1. Characteristics of the three gas types used in the experiment.
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Table 2. RGB and proposed hyperspectral inference performance
metrics (%).

RGB B ]
SegNet HyMixer HyMixer(proposed)
[17] (proposed) + Noise
OA 4738 99.93 99.90
AA 24.02 99.88 99.86
Kappa 24.78 99.88 99.82
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¥ 3. CTMixer9} HyMixer2] H=1129, W=1087 3= o]n]
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Table 3. Inference time(sec) and accuracy(%) of CTMixer and

HyMixer for images with resolution H=1129, W=1087.

CTMixer | HyMixer(tFg &8 AFo]Z: NxN)

[13] 3x3 5x5 7x7 9x9

AIZE 128 45 24 15 1
OA 99.98 99.96 | 99.95 | 99.94 | 99.93
AA 99.97 99.94 | 9992 | 9990 | 99.88
KAPPA 99.97 99.93 | 9991 | 99.89 | 99.88

¥ 4. CTMixer2} HyMixer®] & 2 AZHms), I2H]H
<, GFLOP.

Table 4. Single inference time (ms), the number of parameter
comparison between CTMixer and HyMixer, GFLOP.

CTMixer[11] HyMixer

Conv Backbone 23.537 19.292

Transformer Branch 14.918 5.570
CNN Branch 1.897 5.578
Poolin;

& Cla:(s)iﬁcition 0.487 0589
A AR 40.839 31.030
vetuE 623,708 278,426

GFLOP 68.03 39.12

32 SI4= B=1129, W=1087< 2= 2833 o]v]#] 18
7&01] T:HBH CTMixer [13]9Jr HyMixerE Zt7; 283 wjo] 3
o FE AR B AZ=E yehdth CTMixer [13]=
pixel-by-pixel % ’:}_i ZA ou|AE FE31] W, g &
o GE AR o o 2827) as, 99, A
£ HyMixer= 2] 98] IXE NN F9& A9 4=
g= RS VNI R, 2 Y 5'-7]%: 3x3, 5x5, 7x7,
9x92 HSIAIZIHA A& 33Tt T A, HyMixere
Bt 7@ AR X @ S @Yol A-GTE AA G
FE A7to] ol HAEth SRS A2, oleh 2 A7t
o= B30 OA, AA, Kappas BE A o)A 99.93%

OVFE fIsH ALY A BT SRS BR ASE 2

%E‘r— Holt}. &, HyMixer= CTMixer [13] THH] ZHo) <F 11

o] (128% — 11X)2] AA| 7& A7t B2 2AsHHEA

_‘,:_, 7k 28 A EE &4 glo] fRlgthe AS E 30l B

ol Zth o= Il AollA A E]"b‘ 4 7gr 8 727}

<= o] 23 O]X*Oﬂ XA a1, AA AA ow|A] e F&
A u]e- = F8 S 7].;(:]9_1:].._ AR ,]U]‘G]—l:]—

E 4= 11x11 FA 1024715 WX 2 JE S uf CTMixer
9} HyMixer®] EEHE F2 AXHS vlust 292 O = 3
A& WE Aste A&olA 7 2o 723 58 Ajo|E
Ao 72 BoFEY, E3| Transformer Branchol412] A4k Al
Zro] A Zraskd=tl, o= ConvLSTM 7[Hke] Ad S4

9} GSE 7% £33 Yed-& 53l Self-Attentionol|l Al % 2] = &=
EZ g7 2050 diteo]l tiF 7Ag Axo|tt. Wid
CNN Branchi= HyMixerol| A Tha S718FH oy AA)| A3) A
ZHll= A o2 22 &S 1AW, Transformer Branch®]
& ol o TA FEst] HFAHOZ 9F 24%°] FE A
2+ a7 et m=3F 7] CTMixer= B2 Convolution
BranchE T3¢} F element-wise summation© 2 Z23s}= 2
Backbone T-&& AME-SIT}E WHH HyMixer= ConvLSTM O &
2HEDY S I3 T Backbone o2 AA|E o] A
setvle 7F IA gAskah

V. 28

£ AFoME 7MAHF-ZH (VIS NIR) 283 93
g3t A2 T 7k 8BS FdstA AE e "’F D= 3
olRgl= dd =¥ HyMixerE A|U3FH ) 712 CTMixer
9] dual-branch 7-ZE AEIEAE, 2583 7l2 949 &
43 AATE 8 7s4S 183k ConvLSTM 714E 53—
AlFt EA FZ, SpectralFormer2] GSE 7|6+ £33 Awd,
NxN 99 HE 43 & 55 sFe=EN ndo] F=
o} E845 SA FIAHTH

A A3} RGB 972 Al 7F2x(Fog, Phytoncide, H,0)E <t
AR o7 FEA ZIPort, G I 71¥ HyMixere
OA-AA-Kappa BF 99.9% T2 vl¢- 2 28 A5 2
A3t FE £ SHAAE AL HyMixere

-

pixel-by-pixel 84| CTMixer thHl 2 5 F&= Bt
AA WF=H=1129, W=1087) G/ 187l g H F2

AlZHe CTMIixer] F 128 soll A HU) 11 s71A] 43t o
11x11 3§17 &Y U= A& A= Transformer Branch *]«]
ALt & MR F A8 ARo] ¢F 24% @SH T o=
HyMixer®] TF5 A 7|8F WE 8 F27F A AA 9%
A FAoNA Wl & A8H o) S AFFS orlgth

B AFE= A 7HA] 7k A E-(Fog, Phytoncide, H,O)=
gg3te] 7122 7t A vHeAS A5 2] d9A A
To)ARE g5 A 3YHKCBR) &2 B #3f 38t 71 2
HE e e s st 3% AFelA= o
oeFgl 7k R, 5 WS o S, viE, 25 W
3} 5 E3sh= B3 34 volHAl = 1l 9l sl
Ao A3l ATFE WL Aot}

REFERENCES

[1] S. Kumar, C. Torres, O. Ulutan, A. Ayasse, D. Roberts and
B. S. Manjunath, “Deep remote sensing methods for meth-
ane detection in overhead hyperspectral imagery,”
Proceedings of the IEEE/CVF Winter Conference on
Applications of Computer Vision, 2020.
https://openaccess.thecvf.com/content. WACV_2020/html/K
umar Deep Remote Sensing Methods for Methane Detect
ion_in_Overhead Hyperspectral WACV 2020 paper.html

[2] H. Park, H. Jang, J. Kim, S. Kim, and H. Oh, “EV-infotaxi
s: Extended vision-language model-based infotaxis for effici

ent gas source term estimation and search,” Jowrnal of Instit



(1]

A Hybrid Deep Learning Approach Combining CNN and Transformer for Gas Classification in Visible-NIR:---

ute of Control, Robotics and Systems (in Korean), vol. 31,
no. 6, pp. 643 - 653, 2025.
https://doi.org/10.5302/J.ICROS.2025.25.0049

S. Li, W. Song, L. Fang, Y. Chen, P. Ghamisi and J. A.
Benediktsson, “Deep learning for hyperspectral image clas-
sification: an overview,” IEEE Transactions on Geoscience
and Remote Sensing, vol. 57, no. 9, pp. 6690-6709, 2019.
https://doi.org/10.1109/TGRS.2019.2907932

J.-Y. Heo, U.-C. Jung, Y. Hwang, and Y. Choi, “A study
on application of self-supervised learning for multispectral
pedestrian detection,” Journal of Institute of Control, Roboti
cs and Systems (in Korean), vol. 31, no. 5, pp. 526 - 535, 2025.
https://doi.org/10.5302/J.ICROS.2025.25.0034

Q. He, Z. Fang, O. Shoshanim, S. S. Brown, and Y.
Rudich, “Scattering and absorption cross sections of atmos-
pheric gases in the ultraviolet - visible wavelength range
(307 - 725 nm),” Atmospheric Chemistry and Physics, vol.
21, no. 19, pp. 14927-14940, 2021.
https://doi.org/10.5194/acp-21-14927-2021

K. B. Ferreira, A. G. G. Oliveira, A. S. Gongalves, and J.
A. Gomes, “Evaluation of hyperspectral imaging visible/near
infrared spectroscopy as a forensic tool for automotive paint
distinction,” Forensic Chemistry, vol. 5, pp. 46-52, 2017.
https://doi.org/10.1016/j.forc.2017.06.001

R. D. P. M. Scafutto and C. R. De Souza Filho, “Detection
of methane plumes using airborne midwave infrared (3 -5
um) hyperspectral data,” Remote Sensing, vol. 10, no. 8, p.
1237, 2018.

https://doi.org/10.3390/rs10081237

L. A. Zimmerman and J. P. Kerekes, “Comparison of meth-
ane detection using shortwave and longwave infrared hyper-
spectral sensors under varying environmental conditions,”
1EEE Journal of Selected Topics in Applied Earth Observations
and Remote Sensing, vol. 16, pp. 2517-2531, 2023.
https://doi.org/10.1109/JSTARS.2023.3247246

S. K. Roy, G. Krishna, S. R. Dubey, and B. B. Chaudhuri,
“HybridSN: exploring 3-D - 2-D CNN feature hierarchy for
hyperspectral image classification,” [EEE Geoscience and
Remote Sensing Letters, vol. 17, no. 2, pp. 277-281, 2019.
https://doi.org/10.1109/LGRS.2019.2918719

Q. Zhu, W. Deng, Z. Zheng, Y. Zhong, Q. Guan, W. Lin,
L. Zhang, and D. Li, “A spectral-spatial-dependent global
learning framework for insufficient and imbalanced hyper-
spectral image classification,” IEEE Transactions on
Cybernetics, vol. 52, no. 11, pp. 11709-11723, 2021.
https://doi.org/10.1109/TCYB.2021.3070577

D. Hong, Z. Han, J. Yao, L. Gao, B. Zhang, and A. Plaza,
“SpectralFormer: rethinking hyperspectral image classi-
fication with transformers,” IEEE Transactions on Geoscience
and Remote Sensing, vol. 60, pp. 1-15, 2021.
https://doi.org/10.1109/TGRS.2021.3130716

[12]

[13]

[14]

[15]

[16]

343

J. He, L. Zhao, H. Yang, M. Zhang, and W. Li,
“HSI-BERT: hyperspectral image classification using the bi-
directional encoder representation from transformers,” IEEE
Transactions on Geoscience and Remote Sensing, vol. 58,
no. 1, pp. 165-178, 2019.
https://doi.org/10.1109/TGRS.2019.2934760

J. Zhang, Z. Meng, F. Zhao, H. Liu, and Z. Chang,
“Convolution transformer mixer for hyperspectral image
classification,” [EEE Geoscience and Remote Sensing
Letters, vol. 19, pp. 1-5, 2022.
https://doi.org/10.1109/LGRS.2022.3208935

Y. Wu, V. Everett, E. Thomsen, and A. Blakers,
“Investigation of the temperature dependence of the optical
properties of thermal transfer fluids for hybrid CPV-T sys-
tems,” Proceedings of the AIP Conference Proceedings, vol.
1556, no. 1, 2013.

https://doi.org/10.1063/1.4822205

D. Jakubezyk, G. Derkachov, K. Nyandey, S. Alikhanzadeh-
Arani, and A. Derkachova, “Chromatic dispersion and ther-
mal coefficients of hygroscopic liquids: 5 glycols and glyc-
erol,” Scientific Data, vol. 10, no. 1, p. 894, 2023.
https://doi.org/10.1038/s41597-023-02819-3

B. J. Sumlin, Y. W. Heinson, N. Shetty, A. Pandey, R. S.
Pattison, S. Baker, W. M. Hao, and R. K. Chakrabarty,
“UV - Vis - IR spectral complex refractive indices and opti-
cal properties of brown carbon aerosol from biomass burn-
ing,” Journal of Quantitative Spectroscopy and Radiative
Transfer, vol. 206, pp. 392-398, 2018.
https://doi.org/10.1016/j.jgsrt.2017.12.009

V. Badrinarayanan, A. Kendall, and R. Cipolla, “Segnet: a
deep convolutional encoder-decoder architecture for image
segmentation,” IEEE Transactions on Pattern Analysis and
Machine Intelligence, vol. 39, no. 12, pp. 2481-2495, 2017.
https://doi.org/10.1109/TPAMI.2016.2644615

zed
20243 Gl A8l 4. 202413~
A F sk A, FARokE |

i 7l 2B G B4 % A

b

5 4
20093~ LIGH 2= 7| ADTF4 A
20173~ LIGH 29 H=i7]d74 Al
20193~EA) LIGY =Y EB3HEelE
ATA AT, BAlRoR= Al
FEF FRAZE, AFAF 7 A4
A, F71AA M&S.

02

o e

2



344

0
P
0f0
™

, of 4

o
o
18

2013 FUTEt A 288
st AL 2013 E~3A] LIGH 22
EFTJASAATLE F4ATLPM)
T4)E-oF= Image Enhancement, CNN,
Autonomous Driving, Object Detection&
Tracking.

s @

2021 d FAN S AFPEA|2E] A
Edoigta} =4 2023\ & tiskd 4
AL 20049~3A) LIGH 2 B3R5
AATa ATY. A Eo= G4,
AAGA|, A&, .

243

2000 O] W7 HAARF R F
. 20024, 2007'd KAIST 2JAWHAL
2007~20101d ADD A 474, 201018~
A Fedista AA-gE e A
Hol= EO/R/HSVLIDAR/RADAR H#]
-8

o

0%
=l

[

o0y

0x
fol



	CNN과 Transformer를 결합한 하이브리드 딥러닝 기반의 가시광–근적외선 초분광 영상 가스 식별 연구
	Abstract
	I. 서론
	II. 제안하는 방법
	III. 데이터셋 취득 및 촬영 구성
	IV. 실험 및 결과
	V. 결론
	REFERENCES


