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Improved YOLOVS for gas flame state recognition under
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Abstract: Gas flame detection in high-altitude low-pressure environments faces dual challenges of
insufficient recognition accuracy and real-time performance degradation. This study proposes an
improved lightweight YOLOv8n algorithm with multi-dimensional optimizations for enhanced
performance. First, a GhostConv module was constructed in the backbone to reduce computational

parameters. Second, the C2f module was restructured into a C2f RepGhost configuration that
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maintained feature representation capability while simplifying inference processes. Finally, the

convolutional block attention module (CBAM) attention mechanism was incorporated to strengthen

fine-grained flame feature extraction, and the WIoU loss function was adopted to improve localization

accuracy. Experimental results based on mechanism testbed data demonstrate that the improved model's

parameter count decrease by 12.64%, computational load decrease by 12.2%, and precision increase by

21.2% while maintaining frame rate detection. This method provides an effective lightweight solution

for flame state recognition in low-pressure environments.
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Fig.2 Structure diagram of the improved Yolov8

YOLOVS {25 H i i () C2f 5B BE i K 1 2
R R AE R A, AT 82 TP 00 1% A e A
PE SR, 33X — Fp k38 i 7 R A G AR AR A
B, SEONG AR K T X — )
RRIT P R LR, B C2f B RepGhost £5HR
%, BT C2f RepGhost IR &I . %K H7E
D AR E AN R . S=y 0l w1 2 (i
TG, 5] A RepGhost #iHe, C2f RepGhost
PR S T T 4 B RIARG 0 E
2.3 CBAM iEEhHLH#I

SRS U T A R 1) S g
N IINTE R ML, AT LA EAS AR T b 4% 3 ok 4 R
B EE A X, P BRSO R . R TIHL
S TR N EE BT T TG SRR AE [
A A BRI . CBAM AR E —Fh iz e R i 4
BUER I, HIHEAEIERMa Mg h, ]
DL E R TS EIERE . CBAMB| A WIEIANS S0
BT RN, HHE A IRABIRZHEE ML

KNG G FRAE B AR AN [R) 4 5 b 3% R [R5
B EEgEERMT KA B S . IR G
S, A (R 4 R HE T K GRS 5 . RS

R SCEARESE . CBAM 4 13l 1 1 3 S5
Ht (channel attention module, CAM ) Fl2s [a] i & H1
FE R (spatial attention module, SAM), X /45
YL AT 1 AL A, ARURCLE 3 3 A 3 RN 25 () 4 i
AR R T RRIE R . CBAM A H i 3 8] (4 R AE
KREZRQEEEFZER, R55%EEE T4
U ES = 8 = R EYSR iDL SRR
24 KRR

fE YOLOV Ht, A& 45 1) i1 SAE [a] 5 453 2% R £
B CloU loss B8, DU P TCi A RLIX 43 A [A] 5] 15
5 B0 1] 8, CloU loss Je:— Rl sl f A9 5 2% ok 4,
AT i FAE 2 (8] i S X (RRAS I Le )
3 AL 5 301 SR P AR S K B Ee P e p A

SR1M, CloU loss {1547 Jmy FR M, & 7EAb 3 & i
S B A W FHE ROCR AN, BRI A 72
HOXF 31 FRE ) RS RO IR A AR U . ik, AR
KT WioU 26 pR %, HAZ OB 2T AL
F LU BT ANIACHLE] ,  DASE g M s e i A 22 [a]
AR X B RSP R 22 51 b o v i
AT 38 S X6 3 A A9 A ] DX R R A R
AR A ASCEE R ] 05 458 2 e R R o i



% 3 1

FEPR, %, Tkt YOLOVS AU SRS S IR AR5 7 vk 273

WiloU [l U451 2 bR KSR 1 2 41 JEE 50 28580 5 i AE Py
BE AR, B A U ZRod P A KT i A A A R g
fit o M WloU, FEAR T e o 5l HE /Y 52 4
P, TR R oD T fl RS R R A A
JE I Al - 2 B A B G TERE R AR v T AR
e HVRRTERE

3 EWIRITSERSH

3.1 HEHEE
S5 A 1 R B ok B b I B TR SRR

PRARBENL BRI I 65 0 DA doe LR 7 5 ek vl T 5%
J ), HEK 3 650 m, KAELH 65 kPa, ALY
HARR AL, H B2 3RS I R e =
B9 T B T 445716 65 kPa Zofy, ST 2hE B FN S
BRGREERWME 3 R, BERA. ARLHET
RAWETIREG A, FRIRE I 1R R B bedi
NG i 2 Y e O 0L e = 5
sk, I Tl CCD AR AR TR Y & A
KGR RE T EMR, 3 TR FRE K
M. RS KOG . THRARRE G MY HAN R
TE KX 4 FiRAS

JET s
i RLIE

y
A
&
o
-H
&

B3 IRRFREE

Fig.3 Schematic diagram of experimental system

1 R AR B I LA e 4 i png 18 R S TN
AR ) ZFEVE R MR Rz A RE T, XTIEL R
HEAT RO G R AR A, L AR B AL VA IR R i 5 EE A
MR o AT I R B4R DL RS In BE AL A9 ey 1T It
o B E iR EIAE 8 140 TRIE R B, XE R AT
bR, IR WK 8 - 2 #1714
B, HopilghgEdt 6 512 5k, MK 1 628 5K,
32 THWMBERSHEE

ARIRSLEHE T 64 {3 Windows1 1 #FVER S, R
F] PyTorch2.0.0, CUDA11.7, Python3.9.16 /f 5k
8. R E AL 4240 CPU i Intel(R)
Core(TM) i5-12490F ; 974 32 G; GPU i NVIDIA
GeForce RTX2080Ti; & fF 22 G, epoch &y 200
¥, A B TRANE A LA R s LR/ R 165
AL AR LR LY SGD; W) 4 Rl B 477 2 843 3jl]
WEHE R 0.001 F10.01, LASE =5 i Sl 7 A Ao 1
Mixup % & 4 0.2; Degrees W& R 5, DA
I ZFEM:, TR EBRIAZ L RE ) S B
3.3 MR

T B b A4 SRS AR A S AR Y B A

R, AR SCRF LAE 48 i 6 455 AU 1 47 8% A 4 BE T
B HERR R PR VEAS SO A AER B A R
R FHR VAL H BN IE WAL A I RE T 5 P 3005 B2 M8
(mean average precision, mAP)M,p J& FT A 2251 1l
DA VR B2 (0P XM BB S 8 p Fe AL b 240
AR s ST RIS ST i g POk A R BB Y R
FE 5 Wiz v $5 AR AR R0 P e b 3 Yy R B o
B A AN AT [ R AP M X RO Fy ok PR K
Fy W3R AN

Tp

= 5
Tp+ Fp ( )
T
=— (6)
TP+FN
2PR
Fi=—— 7
""P+R (7)

Ar: T M HUE G IEAEAR AN Fp WS TR D
W SAREA TN Ry IEAEA I FEAR A5 Py S iR b
H TEAEAS U Ry SR A AR AR

il 1 P-R(precision-recall) {f] Z& A 4375 21| -1
W A, FEXTTA B A4 KPR E] Myp, HAEBGE



274 o B TR 2 2 R

2025 4 5 47 &

Vd B AR TR RGN 4 SR, AR
A:ﬂPmMR (8)

m

1
Map = Z;Ai (9)
Kb, m WA
AR S5 3 3 43 BT YRS BE A . BRI S
ORI A AR /N DL RS IR H ok
S5 B AR ARG I, D0 I G AR AR ) IR
34 ZWHR
3.4.1 XL
FEXT A SCE R 5 YOLOVSn #6 A k£ 7111 5
F, T 0 S EOR B R — B, RPIRIAL Y %
R Fy AT T Hde, B 458 W Rh AR 7 A
200 FE i i Fy )RR R B . T AR SO AR
AU B 2R, FE R APIRY 30 58l hv, HL
Fy 5 YOLOV8n [ AH Y . 7E 30~ 50 4& Il Zx 40 1],
PRSI Py s B, AR SRR Fy & T
YOLOv8n 1, Zid 50 % )5, Bl ThRe, A
R ) F 522 YOLOVSn 1,
0.95

0.90

YOLOV8n
— A

(I) 2I0 4I0 6IO SIO l(I)O lé() 1;10 1:50 l?I%O 2(I)0
epoch/4

4 BEGNGERED F o3ttt

Fig.4 Comparison of F; in model training process

% 1 AR SCHUGARE L S YOLOVSn 7R MER 3 |
AR S HALSE R . WP RTEH, AT
ok B R L YOLOvSn B 2L 1 ofi i 5 2 & T
21.2%, BIIFRRET 7.4%, Mp@50 325 T 0.5%.
Mpp@50 J2 75 22 I LA R 0.5 B, THE 15 1 Y
Mypo BARTIE, HIIN0 FHE S FLS2 0 FAE R 22
IFEE 120.5 ), BUOMARLH . HRIhR TR A%
PR A e, BOLFEER ) Mop@50, XLEHLEL
SERUEW], AR SO kAR Y A A I v A LA T
YOLOvSn, It4h, Zidiifbdiit/a, Aot
BRI SRR EW D, BFABEREEDT

12.2%, REISHBEEE/D T 12.64%, ik, A0k
PEREA R i AU 3

x1 FIARBESHNE

Tab.1 Comparison of old and new model parameters

fizt pIM g/G Pl% R% Fi/% Myp@05% vifs)
YOLOv8n 1147 82 756 885 81.7 89.4 91
AL 1002 72 968 81.1 883 89.9 87

N T VA SRR Y R, R Grad-
CAM"™ 5 R X L 43 BT T YOLOv8 5 A% SC A 1
W APUH, a5 R K 5 iR, B L@ Xl
B AEAG I o B2 rp i v R A . X
J 4R YOLOvVS #5487 CBAM {1 3% 1 AL i 45
R E, B LLEE, W CBAM HE T
PUIG , R 1 38 00 4 v XSO 4250 T K A Y
FORE, P JCHERRE T AEAf AT XS 4R
HOFITE B . S5, BN CBAM & 1MLl 6k
% 5 AR TR AR AR AR SR T 10 SR I R 30

TitiE

Ttk
AREE

(a) JBUR

E 5 Grad-CAM #J1E AT 4L
Fig.5 Visualization of Grad-CAM heat map

(b) YOLOVS

SR PN kA B0 a4 Fiml - 300 45 S %
WY A AR R e A R . R A8 R A TR I R A 2 Ak
M, IR A A B e Y A RS ORS8O A fig
J1o TS & 6 Fis .

R T IR SCA MO RS A APE, TERR IR A
S E BRSO, #4775 HAh YOLO
BRI XS L SEEG, 25535 2 iR, 5 YOLOvSm,



TEPRL, 5. HET U YOLOVS BMIRAUERA T IR 7 i3 275

6 HEATMER
Fig.6 Model prediction results

# 2 YOLO RIEEISLIGERITLE

Tab.2 Experimental results comparison of the YOLO series

models
izl pIM g/G  Pl% RI% Fi/% Mup@0.5/% VvI(Es)
YOLOvSm  79.59 47.9 93.0 769 89.15 85.6 4
YOLOvSl  175.95 107.7 883 70.7 78.50 85.3 75
YOLOv7  141.96 1052 88.4 90.0 89.19 95.5 31
YOLOv7-tiny 2298 132 863 90.6 88.40 95.1 43
YOLOv8s  11.83 82 87.7 912 89.40 88.8 70
ES's 1002 72 968 81.1 88.30 89.9 87

YOLOvS1, YOLOv7 #AIAH [, 7E5E &by A
RA B H, I ELFER I e R Loy Bl T
3.8%. 8.5% il 8.4%. 7&K il & BE b 43 48 F T
45, 12 F1 56 f/s; 5 YOLOv7-tiny fil YOLOvSs #&
RUM L, BRI ZH0E 70 5 T % T 56.4% Fil 15.3%,
RSP IB B AR BIEIE T 45.5% A1 12.2%, FER
WERR R 7 W43 S T 10.5% F1 9.1%, A6 i
Iy IR T 47 s M 17 fis, {HJE R, Fy Hl Myp
B WERPIRKE , AT H A A
R 2R SCHR H ) A A TR A A A ARG T L
AT, AR AR TR B Y ) B gk 2
T —EMSHEER RS, BT XN IRD
THFE

3.4.2 JHmLR

R UE W S SIS T A S B o) A AR i 7 4 T
WA TP R T IHmSEE . A M1 %78 GhostConv 5
B M2 %R GhostConv+C2f RepGhost Bk | M3
F 7R GhostConv+C2f RepGhost+CBAM #i He | M4
%% 7/~ GhostConv+C2f RepGhost+CBAM+WIoU #&
P SLERE RN 3 s,

F3 HRMIBERILL

Tab.3 Ablation study results comparison

AR M gIG Pl% R% Fi/% Myp@0.5/% Vvifs')

YOLOv8n 1147 82 756 885 81.70 89.40 91
+M1 1143 8.0 957 812 87.90 89.10 85
+M2 10.15 7.2 744 914 82.80 82.03 81
+M3 10.10 7.2 863 819 84.03 84.60 78
+M4 10.02 7.2 96.8 81.1 88.30 89.90 87

A4 GhostConv B R J5 , A5 7R 114 o ) 2R 42 T
T 201%, Fy3THT 6.2%, [FIEHER A ST s
BT T 2.43%, ULIIZERERT AL i 3
T—EWEN; BRETRET 73%, FHKEY
HFMT 03%, XUt T GhostConv AR/ T
B, R 2 T BB B B ) YRR A B U8
A (R RNEE T — BB IE RS, DA T AR R (14 4[]
FEHF- B0KS BE (84T B T B . 3% C2f RepGhost
Jo, PR A FREETE T 2.9%, {HERG 3 LR
BURRET 1.2%, PR ENMETRET 737%, B
RIBHETET 115%, R HsEARTHET
12.2%, XV T 12 X R AR AR AU B 07 s ia
ARKF Dy, HIZE LT X KNG G0 R AR
A B AE 0, S OB ARG TP B A R R . TR N
CBAM i & A AL 5, A5 0 A4 v 5 5 A0 HL a8
C2f RepGhost BIH T T 21.1%, [FIBT F) F1°F-3%
KGR BB A R T T 3.1% 1 8.27%, BiHIRIN T
CBAM B , BRI SCE B T O ER B 4k
FRAE, IR DR X SE R AE AT T 4. T i AR
BRI WIoU Ji, B IRMERRILE T 10.5%, F1y
KRB T 5.3%, Uil WioUAT BY T 2 & A5 4 ()
o A

K7 FIEL 8 25 T AR 2K bR ER T RS B 1
EAPEAGT TR AR . L 7 I 8 nl A, 5 H A4 2k
PRECT M, WIoU 16 MERR A | - RS B S 1
FIFL B35 0H



276 o B TR 2 2 R

2025 4F 5 47 &

< ——
80 % —CIoU
— DIoU
L —EIoU
70 — SloU
= ——MPDIoU
5, 60 ——WIoU
=
50 |
40
30

0 20 40 60 80 100 120 140 160 180 200
epoch/4¢
7 AEBRKRABNEHBENE

Fig.7 Mean average precision of different loss functions

100 ¢ [ CloU
B [ DIoU
| B EloU
[ S10U
[ IMPDIoU
90 _ wiou
< _
o
=
80 |
70 : : : —
P R . MAP Fl
AR AR

8 iFfhEtRXTLL

Fig.8 Comparison of evaluation indicators

4 % B

AR SCHEH T — ikt A9 YOLOVSn kMR A4S
WT5, EF R RIAEE T RIS I G T
1k i8R R AR AT backbone #4377 Y Conv bR
A1 C2f #5351 #8224 GhostConv 1 C2f RepGhost
B, FATLHM TR B E R R, A, 5l
A CBAM VE & Sy MLl ik — 2D 42 Tt 1RG4
BLEERRAE PR RE T, (AR PUN KA R AIE B B
I s Sk R AR R A 5T A WoU, gAY
RE A% TN OGS BE K M AR AR, B S B W T M
5 SR IX A RE T, AT H Tt AR ) R 1 A
HERTE

LSRN, kS A9 YOLOvSn #6754
AL AER R T IR . BRI, B
FEIEEEWDT 122%, EESHEHDT
12.64%, HERRETE T 212%, A EFEIT
7.4%. 3% BRI (o A5 A5 10 BE 6% A7 R/ 7E v SRR
BOARARESMTIHER IR, R
— R AR AS TR I A A BB A I i e %, T

B PR XA R BEI R 1 2 4 M

SR, AWFIERAFAE—E MR IRTE. H %,
A RE AR R T A R S AR RO SR R AT 55 v it
7730k, AR HAB PR 5 00 iR A 5 2 —
VAL . UK, BRI MER R A M B
B T, X 4% S R R A A ARSI E T 4T3 75 2
— A . ARRAIHFFE AT L% JE Y™ A Y AE A [H]
PREEZRAF T S IR, PR T A 8RR AE S 1
TR, JFE AR BT OR, LA — B4R TH KM
LRIERENEIE NG = IR VA

SE k-

[1] ZHOU Y, HUANG X M, PENG S N, et al. Comparative
study on the combustion characteristics of an atmospheric
induction stove in the plateau and plain regions of China[J].
Applied Thermal Engineering, 2017, 111: 301-307.

21 XIE K, CUI Y J, QIU X Q, et al. Combustion
characteristics of horizontal diesel spray burner in low-
pressure chamber based on multivariate correlation
analysis[J]. Complexity, 2019, 2019(1): 9421986.

BIXIE K, CUI Y J, QIU X Q, et al. Experimental
investigation on horizontal jet spray flame characteristics
with a constant air-fuel ratio in different sub-atmospheric
pressures[J]. Applied Thermal Engineering, 2020, 165:
114555.

[4] RGBS, AR UE, TRARNE, 45 RINEBOLLr M7 K&
Ak B AR K I KRB NG (7). B TR, 1999, 19(1):
45-48,79.

(5] FIIAR, ol fe, 445, 45, JE T S ml iU SOk
BPUINTT: (1]. 371 TR, 2004, 24(4): 548-551.

[6] RONQUILLO-LOMELI G, GARCIA-MORENO A I A
machine learning-based approach for flames classification
in industrial Heavy Oil-Fire Boilers[J]. Expert Systems
with Applications, 2024, 238: 122188.

[71 GANGOPADHYAY T, TAN S Y, LOCURTO A, et al.
Interpretable deep learning for monitoring combustion
instability[J]. IFAC-PapersOnLine, 2020, 53(2): 832—837.

[8] ZHAOHY,JINJ,LIU Y, et al. FSDF: a high-performance
fire detection
Applications, 2024, 238: 121665.

[9] YAR H, KHAN Z A, ULLAH F U M, et al. A modified
YOLOVS architecture for efficient fire detection in smart
cities[J]. Expert Systems with Applications, 2023, 231:
120465.

[10] E bR, 88—, 223, 4%, Bt YOLOv4-tiny F KL
AR [J]. THEHL TR S8, 2022, 44(12): 2196-2205
(1] BREEH], W22, 8K, 4. F T YOLOVS (1 Kk

framework[J]. Expert Systems with


https://doi.org/10.1016/j.applthermaleng.2016.09.095
https://doi.org/10.1155/2019/9421986
https://doi.org/10.1016/j.applthermaleng.2019.114555
https://doi.org/10.1016/j.eswa.2023.122188
https://doi.org/10.1016/j.eswa.2023.122188
https://doi.org/10.1016/j.ifacol.2020.12.839
https://doi.org/10.1016/j.ifacol.2020.12.839
https://doi.org/10.1016/j.ifacol.2020.12.839
https://doi.org/10.1016/j.eswa.2023.121665
https://doi.org/10.1016/j.eswa.2023.121665
https://doi.org/10.1016/j.eswa.2023.120465

% 3 1

TEPRL, 5. HET U YOLOVS BMIRAUERA T IR 7 i3 277

W7 (0], THAPLTRE, 2023, 49(8): 291-301,309.

[12] HAN K, WANG Y H, TIAN Q, et al. GhostNet: more
features from cheap operations[C]//Proceedings of 2020
IEEE/CVF Conference on Computer Vision and Pattern
Recognition. Seattle: IEEE, 2020: 1580—1589.

[13] WOO S, PARK J, LEE J Y, et al. CBAM: convolutional

of the 15th
European Conference on Computer Vision. Munich:
Springer, 2018: 3—19.

[14] CHEN C P, GUO Z C, ZENG H E, et al. RepGhost: a

hardware-efficient

block attention module[C]//Proceedings

module via re-
https://doi.org/

ghost

parameterization[EB/OL]. [2024-07-31].
10.48550/arXiv.2211.06088.

[15] WEI X S, SONG Y Z, MAC AODHA O, et al. Fine-
grained image analysis with deep learning: a survey[J].
IEEE Transactions on Pattern Analysis and Machine
Intelligence, 2022, 44(12): 8927—8948.

[16] B, sk L, A-[EEL. flG CBAM M S AL 5 T2
TEETU G LAG I [7]. AR A AT R #2243, 2024,
50(7): 2150-2160.

[17] ZHENG Z H, WANG P, REN D W, et al. Enhancing

geometric factors in model learning and inference for

object detection and instance segmentation[J]. IEEE
Transactions on Cybernetics, 2022, 52(8): 8574—8586.

[18] TONG Z J, CHEN Y H, XU Z W, et al. Wise-IoU:
bounding box regression loss with dynamic focusing
mechanism[EB/OL]. [2023-08-08]. https://doi.org/
10.48550/arXiv.2301.10051.

[19] SELVARAJU R R, COGSWELL M, DAS A, et al. Grad-
CAM: visual explanations from deep networks via
gradient-based localization[C]//Proceedings of 2017 IEEE
International Conference on Computer Vision. Venice:
IEEE, 2017: 618-626.

[20] ZHANG Y F, REN W Q, ZHANG Z, et al. Focal and
efficient IOU loss for accurate bounding box regression[J].
Neurocomputing, 2022, 506: 146—157.

[21] GEVORGYAN Z. SIoU loss: more powerful learning for
bounding box regression[EB/OL]. [2022-05-25]. https:/
doi.org/10.48550/arXiv.2205.12740.

[22] MA S L, XU Y. MPDIoU: a loss for efficient and accurate
bounding box regression[EB/OL]. [2023-07-14]. https:/
doi.org/10.48550/arXiv.2307.07662.

(. & fH)


https://doi.org/10.48550/arxiv.2211.06088
https://doi.org/10.48550/arxiv.2211.06088
https://doi.org/10.1109/TPAMI.2021.3126648
https://doi.org/10.1109/TPAMI.2021.3126648
https://doi.org/10.1109/TCYB.2021.3095305
https://doi.org/10.1109/TCYB.2021.3095305
https://doi.org/10.48550/arXiv.2301.10051
https://doi.org/10.48550/arXiv.2301.10051
https://doi.org/10.1016/j.neucom.2022.07.042
https://doi.org/10.48550/arXiv.2205.12740
https://doi.org/10.48550/arXiv.2205.12740
https://doi.org/10.48550/arXiv.2307.07662
https://doi.org/10.48550/arXiv.2307.07662

	1 YOLOv8算法简介
	2 改进YOLOv8模型
	2.1 GhostConv模块
	2.2 C2f模块轻量化
	2.3 CBAM注意力机制
	2.4 损失函数

	3 实验设计与结果分析
	3.1 数据集建立
	3.2 实验环境及参数配置
	3.3 评价指标
	3.4 实验结果
	3.4.1 对比实验
	3.4.2 消融实验


	4 结　论
	参考文献

