BAE B3 RS RTZIN Vol.41 No.3
2026 4F 3 H Chinese Journal of Liquid Crystals and Displays Mar. 2026

XEHS:1007-2780(2026)03-0415-15

ETPHRESARSEEFERBI
SHRREP RS RIEERSE G X

BORVEEAT, RANR RWES, e, F OB, suz
(1. PERFK BLAF R EINMAE I, Bl L 710119;
2. FEMFREAF, Lt 100049;
3HEEIVAY NIHEBSHERFALK, BE BL 710021)

FE B (CHY AR F AU AR Bk 09 58 = R N T2 A0MR RS Y b 38531 FR e e 30 0 0 = A 28 A Wi I LA o 28
S BE A RS AR A T 8 G AN BT IR 1 D6 3 32 R AR A TR B 3P W T v % 7 D 8 A I A IR B 2 2R
AT IR R ot I JCER F, T0 0 288 A1 Bl 58 PR e ST O O N A o A PR e P A A 85 D 1S S 45 v A A M DL 2 R 5 A 1 BT 9
T2 L0 FURRAE RO , 01 55 22 B KA M 38 AR A5 2 PR R T e, AT X 08 R b P I i O B 22 A S S T
S )L, AR SCHE T — R 2 ) B LightMethaneNet(LM-Net) . LM-Net %F 8L T T % 3P0k I i 18 )3 2 >
BT EAT 0, 51T T 38 5 3P 3 25 [AVARAE 19 Sl 28 3 WAL H (DG MM) 5 F 1 40 Ak R AE 410 11 85 55 M s (9 1R & T R 0 L
i R T A 0 B TR EE A 2 B 43 0 Tk A Ak B0 A S O e DA SHE B B S AR R TR, 4R L A T VA TE S T AL
PEHE STARCOP L E A7 I 2 APEAT , 5 o 35055 2P0 0K Hh B0 el 2R R 53 %0, B R 82. 7% . 15 2 8L () 43 #I B R AR L
LM-Net 78 mloU .F1 4% K B i 09 e Ktk 43 50 35 81 T 32, 3494 .38, 01% .34. 57 % o %5 A S48 o T 1055 7 e o)
TG 0 VA R A 00 S et 0 Bl OB O R B (U X I, Sl B AR R A R JE R o SR 3 RS T 8 T R AT Y
HORMRTT R

X B W FTR;REFIHRBRNALMN;REEZNIE;FHESHESR

RESES TP391 X##RIREE: A doi:10.37188/CJLCD.2026-0017 CSTR:32172.14.CJL.CD.2026-0017

W fe H #1:2026-01-28; 1817 H 81 : 2026-02-19.

EEWAB BiE # T —BE TR (No.24TK0481) ; BRVY4 1 SRFHAFERIBFFE 21 (No.2025]C-YBQN-366,
No0.2025JC-YBMS-256)
Supported by General Special Scientific Research Program of Shaanxi Provincial Department of Education
(No.24JK0481) ; Basic Natural Science Research Program of Shaanxi Province (No.2025JC-YBQN-366,
No0.2025JC-YBMS-256)

il fF Bk R N, E-mail : lihaiwei@opt.ac.cn



416 W5 Bos

&
=
B

High-spectral remote sensing segmentation method
for weak methane plumes based on plume morphology
constraints and feature decoupling
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Abstract: Methane (CH,) is the second largest anthropogenic greenhouse gas after carbon dioxide. Rapid
and accurate identification of methane emission sources is of great significance for climate change monitoring.
With the deepening concern over climate change issues, the application of hyperspectral remote sensing
technology in methane plume monitoring has gradually become a research hotspot. However, existing
studies mostly focus on large-scale methane emission events, while paying insufficient attention to dense
and weak methane plumes. Weak methane plumes often fail to present complete plume shapes and have
blurred boundary features in hyperspectral images, and are more susceptible to interference from multiple
factors such as the atmosphere, surface, and instrument response. To address the problems of blurred
boundaries and susceptibility to background noise in weak methane plumes, this paper proposes a deep
learning model called LightMethaneNet (L.LM-Net). LLM-Net improves the existing deep learning models
for methane plume detection by introducing a dynamic Gaussian module (DGMM) to enhance the spatial
features of the plume and a hybrid attention mechanism to refinie features and suppressing background
noise. This solves the problem that existing deep learning-based segmentation methods have difficulty
balancing accuracy and efficiency when dealing with such gas plumes. The proposed method was trained
and evaluated on the public dataset STARCOP, achieving 53% accuracy and 82.7% recall rate for the
detection of weak plumes. Compared with classic segmentation models, the maximum improvements of
LM-Net in mIoU, F1 score, and precision were 32.34%, 38.01%, and 34.57%, respectively. This
method effectively improves the detection accuracy of weak methane plumes, enabling better identification
of weak plumes and their suspected emission areas, and provides a feasible technical solution for high-
precision methane plume remote sensing detection under complex backgrounds.

Key words: methane; deep learning; weak plume detection; hybrid attention mechanism; dynamic Gaussian
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Tab.3 Quantitative comparison among baseline models

Model Backbone mloU/% F1-Score/ % Precision/ %
U-Net ResNet-50 27.68 30. 59 18.59
U-Net EfficientNet-BO 34. 20 39. 47 25.67
UNet+ + ResNet-101 28.01 31. 54 19.05
UNet+ + EfficientNet-BO 34.24 37.29 23. 64
SegFormer BO 24.36 26.72 26.72
Chdnet / 35.24 42.50 36. 50
LLM-Net EfficientNet-BO 56.70 64.73 53. 16
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Fig.5 Comparison of the ability of microscopic plume morphology to resist background noise applications. In the “differences”
error analysis column, green represents the pixels correctly detected by the model ( True Positive) , red represents

the missed detection areas (False Negative) , and yellow represents the misjudgment areas caused by background

interference(False Positive ).
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Fig. 6 Comparison of prediction accuracy in the non-plume regions. In the “differences” error analysis column, green represents

500

the pixels correctly detected by the model ( True Positive) , red represents the missed detection areas (False Negative) ,

and yellow represents the misjudgment areas caused by background interference (False Positive).
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Fig. 7 Comparison of the overall integrity of the plume under standard conditions. In the “differences” error analysis column,

green represents the pixels correctly detected by the model (True Positive) , red represents the missed detection areas

(False Negative), and yellow represents the misjudgment areas caused by background interference (False Positive).
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Tab.4 Ablation results of UNet+ -+ and EfficientNet-BO variants on the STARCOP dataset

Model variant DGMM H-Attention mloU/ % F1-Score/ %
Baseline(UNet+ +) X X 41.25 42.32
+H-Attn X N, 46.79 56. 25
+DGMM N X 47.10 50. 55
+Var. Conv. (without prior) (Var. Conv. ) N, 42.18 37.63
FullModel(Ours) N/ N, 56. 70 64.73
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Fig. 10 H-Attention feature decoupling visualization
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Tab.5 Computational efficiency of different network architectures

Model Backbone Params/M FLOPs/G Inference time/ms
U-Net ResNet-50 32.52 2.69 7.94
U-Net MobileNet-V2 6.63 0.85 4.90
U-Net EfficientNet-BO 2.28 2.53 10. 14
Deepl.abV 3+ ResNet-101 45.67 3.54 14. 81
UNet+ + ResNet-101 67.98 15.62 15.19
UNet+ + EfficientNet-BO 2. 60 1.28 12.90
LM-Net EfficientNet-BO 2.61 5.24 16. 22
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