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Fig. 1 GRNet model general architecture
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Fig.2 Change diagram of real frame of infrared the gas leakage
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Fig. 3 Visualization of gas leakage candidate box clustering analysis
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Table 1 The size of the initial anchor frame of the three detection layers before and after clustering

Detection layer Before clustering After clustering
Detection layer 1 (10,13),(16,30),(33,23) (11,10),(29,12),(34,29)
Detection layer 2 (30,61),(62,45),(59,119) (52,61),(62,18),(64,38)
Detection layer 3 (116,90),(156,198),(373,326) (91,38),(115,22),(201,45)

600

500

Number of anchor
(9%)
e
(=)

3 4 5 6
Anchor height/width

B4 AR aNG IR EREAES T THAER
Fig. 4 Aspect ratio visualization results of candidate frames for gas leak infrared detection dataset
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(a) Small spill area targets (b) Medium spill area targets (c) Large spill area targets
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(a) Training modules (b) Reasoning modules
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Fig. 11 RepVGG module structure diagram
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Table 2 Hyperparameter configuration

Hyperparameter name Hyperparameter values
Batch size 16
Learn rate 0.01
Epoch 400
Momentum 0.937
Policy Cosine annealing strategy
Weight decay 0.000 5
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Table 3 Comparison of the verification performance of different localization loss functions for leaky targets

Pm:

Model Params/MB Model size/MB Time/ms mAP/%
YOLOv5s-GloU 7.05 14.40 3.80 92.20
YOLOv5s—CloU 7.05 14.40 3.60 92.80

32 BEfgmaE
R T U T A% T Ak B X A AR i 2 AG: I BE AR 2 IR L 7E 3.1 PR Ak E A 401 2 eR B A AL L A AR I 2k
i/ T YOLOvVSs WY ZRACEE , I 43 591 5% PG FPOAS [8] 08 R AT U 25— bR 0 A0 I 20 A0 R 145, o5 —Fh
A 1.2 P 4 3d MG (Mosaic-Gamma ) A8 e AL BiLJG B9 2140 K45, H b ok F T4 B 5 /9 G U1 25645 31 0 4
A2 YOLOv5s—CIOU-MG , 52 56 56 3iF M4 BB 25 5 4n 4% 4 i .
R4 BESTLIEHTIS P K LT X b

Table 4 Comparison of the network performance before and after image pre-processing

Model Params/MB Model size/MB Time/ms mAP/%
YOLOv5s—GIoU 7.05 14.40 3.80 92.20
YOLOv5s—CloU 7.05 14.40 3.60 92.80

YOLOv5s-CloU-MG 7.05 14.40 3.60 93.40

B & 4 7] 51, YOLOvV5s—CloU-MG #5 R M 55 T FH 210 40 R R I 25 5 1A A0 FE S 8 /NI AR — 3K
MIATHE T, mAP T2 93.40% . FHH 1.27%5 Mosaic-Gamma 725 48 (1t 7 &b P 7 125 B8 A8 4 TIE AR 150 4G I 53 3 A A%
BT 4R T 4 i GO L B R AR TR] B 4 e i O A A 2 41 25 S 70 22 0 2 3 it e 1 3 5% 8 AR T I 2k
LR KN A5 A 4 e 1 M T A g T DA Bz A o
33 BREHEE

FE 3.2 F Al b, N B UF K-means 38 28 76 {4 T AR T80 G 00 388 85 A [v) A 2 s R TR0 F A, Y0 S 3 65 e 1, i %
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SR A 1wt 22 A e 20 A0 B0HE 4 AT K-means 3R 2845 8 i BEHE S 80479256 . 4399 R F JE K-means %
K i e HE 1 R EIS  K—means 58 2 0 155 HE 19 J5 181 1% Fil K-means 5% 2 i 46 HE 19 Mosaic—Gamma 2% # 114 & 45 %
YOLOvSs BRI AT %5 . Horp, ok H K-means 5 28 5 36 4E 1 J5t BRI 2545 21 19 878 43 5150 YOLOvSs-
GIoU-Km,YOLOv5s-CloU-Km, & H] K-means % 28 i £ £ 1 MG B & I 2545 2] 598832 YOLOv5Ss—
CIoU-MG-Km, P43 ()94 G XF b 5256 42 5 Bis .

HH 22 5 AT M, HBT 0 6 3 HE 2 850U X TR B Y S 80 R KNI R A TR 1Y) 2 B R N 43 S
7.05 MB . 14.40 MB,, Ifij %6 0K B A5 B 2 42 7+ o R K-means 28 2805 % HE 19 Mosaic—Gamma 748 e i 15 31 2k
B3 1 YOLOvV5s—CloU-MG-Km #1085 B mAP 42 5 & 94.00% , ¢ 1 5% F K-means % 245 5092 1 & 19 1 &
HE 185 T LU AT A 2 M T 5 RUST A A A T A 8 ko A Tt Ol A 00 1 A f 4

F5 BRRKHIIS MM LIIERT

Table 5 Comparison of network performance before and after clustering

Model Params/MB Modelsize/MB mAP/ %
YOLOv5s=GloU 7.05 14.40 92.20
YOLOv5s—GloU-Km 7.05 14.40 93.20
YOLOv5s—CloU-Km 7.05 14.40 93.70
YOLOv5s-CloU-MG-Km 7.05 14.40 94.00

34 SEHMEBESHERBAN
R T B R Y RepV GG 5 Hok A5 AL AG I RCR B2 T+ 19 A %0 L 78 YOLOv5s-CIOU-MG-Km 5 AL HE 42
SEAh -, LIS INAS [R) 5 e 5 46 40 A 412 BRI 45 v 36 FEU (0 A5 280 3R 47 M BB GF B R N AN [ ASE B 25 44 3 31 Oy e o
BRI  B E R DW Conv™ | RIGE R 15 EFL ODConv™ \RepVGG, HH 7 RepV GG 5 Bl 415
F YR RLE ) GRNet, 5256 25 58 40142 6 B .
F6 REEHGN F % M 8L T IE Xt

Table 6 Different modules embedded network performance verification comparison

Model Params/MB Model size/MB Time/ms mAP/%
Conv-YOLOvVS5s 7.05 14.40 3.80 92.20
DWConv-YOLOVSs 4.08 8.50 3.10 93.90
ODConv-YOLOv5s 5.50 11.30 3.70 94.20
GRNet 5.47 11.30 3.40 94.90

F 2 6 FTHT, RRAE 4 HRC I 28 358 it AN [ B R 285 1 SRS U AT 35 R I 5% ), GRNet BB R FH Rep VGG A5, ¢
Conv—Y OLOv5s K& fitl 4 4 B ik P& A5AG ) sf (7] [ 31 3.40 ms , Ao kS BE 42 71 2.70% , 35 5] 94.90% . #¥ AH & A
R 45 b, A ) i i) 2 AR o AR ELAG: DK S 4 Rep VGG AR o SZIRIOIE T RepV GG A5 B A 20k b 38 i 1 0 700 A%
TiE 52 BURE 7, B AR R AF A5 2 00 4 2 S Ot ookt B ) T B A A d Ak o i LB e 3200 e 90 kb 210 A G T 3
RepV GG R A 4R AF 45 ) 25 Hh 11 4 FRZ 348 s A 700 (14 R A 4 JCRE g |, SR BOI U DX 380 28 0, (IR RS B A 2 7«
3.5 AEMEZNTEE

Sk B WA SCBE T GRN et #5578 7 22 4 U A 0 v 9 O 345 GRNet 578 5 YOLOv3 ., YOLOv3-tiny
YOLOv5s K& YOLOx ™ A58 AU M G X H 9250 o 0 8 PSSR, SE 90 7 2.2 795 BT 48 22 1 S 30 R 5% ep R A7, i FH 1Y
BOHEFE YR 2.1 1 F 8 A0 E T 21 AN R S B A S 4 N5 7 R .

1 22 7 AL, 5 At 5 FP AR R AR L, GRN et A5 78 5 220 A0 Mk Ui 21 41K I 1 m AP i 5, 35 81 94.90 % 5 Bk &
A8 T ARG T Bk (1) 35 2] 3.40 mis, A5 D e B e A AR K/ R S 80k 43 S B R 11.30 MIBL5.47 MB, /T Hofth
AFPRIRY 254 2% SRS B SRR RN LB R RGO S8 I B[R] AT m AP, # 8E H) GRNet 527 78 50 <,
T 21 A1 Al B2 fi ORI v ORS8RI e e A AR ARG DN 5 SR R A R R 12 BT OR .
5 MU L DX IR L, GRN U5 X LA A0 404 3 A7 1 10 00 33 38, 1) 40 5% 6 00 X B8 3
SR BLIR K O o FE £ A0 AR G A X SR A U A, R ARG T A B A 0.5, (B H TR R, 26 B
GRNet £ 78 A7 250 1) 45 e b
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Table 7 Comparison of the validation accuracy among various network models

Model GFLOPs Params/MB Model size/MB Time/ms mAP/%
YOLOv3 154.7 61.50 123.40 11.70 92.70
YOLOv3-tiny 12.90 8.70 17.40 3.40 37.40
YOLOv5s 16.30 7.05 14.40 3.80 92.20
YOLOx 26.64 8.94 71.90 8.43 89.78
GRNet 15.60 5.47 11.30 3.40 94.90

— | e el
(a) Real area of ammonia leak (b) GRNet model prediction area

B 12 GRNet # & 5 240 1 45 R
Fig. 12 The final test result of the GRNet network model

3.6 SERETMSH

Xof A T Tl 1 Ve BE AT E R LT 5 A PR S BT R DL 45 U A M 8 A N DR AT I S A R A A A LR
PERL MG o FE T GRNet A5 ] LIS 2t i DX 00t A7 320 50 G 00 5 7, 38 ok o it s DX 330 SR 23 A, it
T e 2 2058 vy DX 3y 1 R PR it T ) LA R 1 AR, O 28R Al T PR 5 Y s 9 SR DXy K
e, DS AR T K A DR T UL AT A A S e T DX S R ) 0 A A O, AT M A R O
G W SR AN ] 2 =0 U 2 B 49 B2 {1 e 5 Sy A [ B30 0 1) PR, 75 30 8 e it 9 o SRRSO, A B 77 4 v AR
N BN 2 Ak S 2R RO A L T AT 13 TR

(a) Original image (b) GRNet model pseudo-colour detection effect

H13 25 #REE >4 T

Fig. 13 Visualisation of ammonia leak concentration distribution
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T P TR] B D32 DU RS 07 0 60 97 €0 0 S5 A8 0 I O K B AL /N T 64 60 07 S TR 0, HE DX 3 7 o
T U 30 AR e B e R A X, RO TR K A AR 64~ 191 Z [a] X 07 Oy €, 7 0 o (0 AF Wi AR £, L IX
B3R 7R Ay T Y DX B R 3 A RN U T v 5 I I R BE (BT 192~ 255 2Z ] % 10 Ay B €0 ) 21 €5 1) A8, K
DX Il A B AR A R B T PR IR
37 SEtRALMENRE R EIZITS GRNet B B Bhim A&

AR Y 2T ARG I 2R G0 B H AR GRNet BB HE A7 B35l 9 Ak TR A B n] SRR G <
A2 75 A A T, AT T TR R OO SR A I B 5 DR AEAG I 0 SR, Bt A R e AL AN ] 14 s o ST A 22
JETCERE AT DL A I A B AL ANy 2, A AR AR L S o S R A% i (Real-Time Streaming Protocol,
RTSP) Wp 8 3% 422 21 A8 AR Sk 52 90K D 35 £ 6 5% T o S OF W 0 o A T 2 00ie 38 R e Ao vF T/ N TR B B A
JE R To U DL AR A RG> AR N 53 05 0 2 B, 8 5 o 30 M 268 T 34 1 ARG 00 A A3 5 7 ) o % T 1)
22T 7 A RN 25 2R 0 DR AT R A3 A A . A A s DX R PR BT Y G ) 2 2R s AR LI L 4
T 155 0 5 1 R 7 DX Sl ARG ) s DX, [ A A A I R L AV AR N S R AR . R g B AR A
N BB T 55 0 200 23 3 ik A2 5 o A=A i Jhs A 0 52 s 1 P 3 35 1 75 5K

@etect model selection and change module§ (Real-time recognition results visualization window)
A

PEENSBAOIN TERERWRGR
‘3 i

saved in the analysis

C’ he detection results arc{_ JN— e
module

B 14 SRR L s e R G R R T Al

Fig. 14 Visualisation of the overall interface of the infrared gas leak detection system

Ay E— A 5 3F GRNet B R 7E ik A 288 3l v 09 A8 &5k K TR B A {8, 2K F Jetson Nano BO1 JF & - &5
Xob A5 7 E 4732 Hoh YOLOv3 . YOLOVSs P} GRNet £ % 78 Jetson Nano BO1 % 8l 3 FF & F- & I 56 3iF
PEREZE R ANE S s .

®8 HMAXNFAMBNIKXKIELER
Table 8 Embedded platform deployment test results

Model Speed/(framess™") mAP/%
YOLOv3 0.76 92.70
YOLOv5s 2.43 92.20

GRNet 3.03 94.90

H1 4 8 AT, GRNet A5 R e A6 0 38 J32 J77 TG e 17 Ik ) SRR Al ASE R 418 v T 31 3.03 it /s, T G N 74 Ay J3€ 5 AR
3CH PC i — BOF A I, UL B R E A R PR B R o GRNet 458 B 7 it IR A5 A7 94.90 04 B9 HE B 2, ] i
FHegs B o g Sz I 3 B, FE iR A ST & & LR S B a7 e
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AR SCHR T — A A Ak A 42 il 20U T 21 S0 B A GRNet, 7EBE AL 5 A 3B BE 51 A CloU & i 46
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Infrared Detection of Gas Leaks Incorporating Structural
Reparametric Transformations

ZHUANG Hong, ZHANG Yinhui, HE Zifen, CAO Huizhu
(Mechanical and Electrical Engineering, Kunming University of Science and Technology, Kunming 650500, China)

Abstract: Ammonia gas used in industry is colorless, flammable and explosive, and its diffusion is
susceptible to interference caused by wind conditions and other meteorological factors. Traditional methods
of detecting target locations need to spread the leak to a certain range and contact the sensor to respond,
resulting in great safety risks for inspection workers and the environment. Therefore, it is of great
significance to find a large—area, efficient, non—contact gas leakage detection method that is in line with the
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development trend of the times, can effectively solve the potential safety hazards of personnel, and reduce
the impact of gas leakage on the environment.

This paper proposes a fusion of structure—heavy parametric transformation of the infrared non-contact
detection model network model GRNet. The candidate bounding box suitable for infrared detection of gas
leakage are analyzed by K-means clustering to preset the model parameters. Whereafter, the gas leak
infrared image is preprocessed using the data enhancement method of Mosaic-Gamma transformation, so
that the image combines the contextual information of 4 different forms of gas leak areas, enriches the leak
scene, and increases the training batch size in disguise during training. This improves the generalization
ability of the model and improves detection accuracy. Moreover, the CloU localization loss function is used
to optimize the size and center position of the leakage area to improve the predicted accuracy in locating the
leakage area. Finally, the improved lightweight RepVGG module is adopted to reconstruct the feature
extraction network instead of the convolutional layer of the feature extraction network, which enhances the
feature extraction capability of the model, reduces the number of model parameters, compresses the size of
the model, and improves the speed of model inference. The final GRNet model for ammonia leak infrared
detection improves the mean average precision, single image test time, model size, and number of
parameters by 2.70%, 11.76%, 27.43% , and 28.90% over the original YOLOv5s base model, reaching
to be 94.90% , 3.4 ms, 11.30 MB, and 5.47 MB, respectively.

Next, this paper adopts the pseudo—color mapping technology to qualitatively analyze the gas leakage
concentration to achieve the visual perception effect of the leakage concentration which helps to improve the
efficiency and accuracy of the staff's emergency response. And PyQt5 is used as the implementation tool of
the graphical system interface to encapsulate the constructed network model, which is more intuitive and
easy to operate to achieve the visualization of the interface of the gas leakage infrared detection system.
Finally, the effectiveness of the GRNet model for the gas leak detection task is further verified in the
embedded development device, the GRNet model in the detection speed detection speed compared to
YOLOvV3, YOLOvV5s improved to reach 3.03 frames/s, while the detection accuracy is consistent with the
PC in this paper there is no loss of up to 94.90% accuracy. This indicates that the GRNet model is
compatible with faster detection speed while leakage detection is effective, and the feasibility of deployment
on an embedded development platform is relatively high.

This paper can provide ideas for deep learning model design and leakage concentration analysis as well
as deployment for the development of gas leakage non—contact detection devices to ensure the safe
production of gas—related enterprises and stable operation.

Key words: Target detection; Gas leak detection; Localization loss function; Image pre—processing;
Cluster analysis; Structural re-parameterization
OCIS Codes: 110.2970; 100.3008; 150.0155
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