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Research on Tunnel Fire Detection Based on Improved YOLOVS
MIN Hao, QU Bayi, XIE Zihao

(School of Information Engineering, Chang’an University, Xi’an 710064, China)

Abstract: There are the difficulties of detecting fires inside tunnels and directly deploying to the embedded devices with limited
resources for real-time detection, a tunnel fire detection algorithm based on improved YOLOVS is proposed. Firstly, the polarized at-
tention mechanism is introduced to preserve high-resolution information and suppress redundant features, while enhancing the capture
of global information. Secondly, the novel partial Convolution (PConv) is introduced to achieve the model with low latency and high
throughput. Finally, the WIoU function is used to optimize the loss of network bounding box, enabling the fast convergence of the
network. Experimental results demonstrate that on the utilized tunnel fire dataset, the mean average precision (mPA) of the proposed

network improves by 1. 3%. Furthermore, the model parameters of the lightweight model reduces by 29. 7% , and the forward infer-

ence time by 44%. The algorithm meets the requirements of accuracy and lightweight, making it suitable for real-time detection in

tunnel scenarios.
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APfu-e APSmoke mAP
50-90 50-90 50-90

AP™ | AP™™ | mAP

YOLOv3 | 0.433 0.56 0.496 | 0.773 | 0.829 | 0.801
YOLOvS | 0.457 | 0.579 | 0.518 | 0.801 | 0.855 | 0.828
YOLOv8n| 0.492 | 0.635 | 0.563 | 0.802 | 0.865 | 0.833
AR | 0.496 | 0.638 | 0.569 | 0.814 | 0.878 | 0.846
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YOLOv8
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YOLOVS Sk ib A7 b, #5533k 3 frow, FH AP™50-
90, AP™™50-90 fll mAP50-90 4 # % & ToU B {E M 0. 50
F 0. 95 AR Ak 1T IR P9I ACHE L 0 25 0 AR T ARG

5 YOLOv3 fil YOLOVS tf H, A SCHE 3% KB AP™
50-90 AFHIFEFHT 6.3 F 3.9 ANH A AT R APT50-
90 43 4R T+ T 7.8 F1 5.9 N H 4 s, mAP50-90 43 HI4RTH T
7.3 RIS LANEAT A, EREIERE AR RIS

YOLOv3 # B4 5] 43 R 85/ (1 RS 3 A6 Ak B 58 L
R B ARET A] R S SO I AE AN HEAf . B an & 11 Es 1
G 4 AR ES R, YOLO3 AT iR LU IS =4 T
WA, FESE 2 AR 5 AT KRR IS . FERI Y R A
5% 5 AE R o YOLOV3 iR e He IR R ik M. N ik 25
AT LLE 1 YOLOV3 J5 2 78 bk 38 9 52 B A U o 45 488 K 1
iER
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YOLOv5 F1 YOLOvS # F YOLOv3 By fi 15 46 1% 1 2k
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A F Rk JURR 7 35, AR 3C 7 36 AT A3 R 5 P9 4T O
BT XN B RS O, TR e B O AR AT
LI % 38 9 A S AG T
3 BEEARKEW

TE S PR Y % T AG I HR T AR G B T Rl — o R
BRI B S+ LA — A S B A0 0 550 280 90 4 oA AR S BT 2 o ek
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LR A K T B FE {5 B HOR AT K T A

FE KT S A 1 R B B R AT SRR K KR R R
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17751 PSA R Sy HLH A R R B ik . FEREE 9 —
RIUNASE B B ko, T A SR R B T AR B ) Ok
RGN E KR R AR, R R TE N AL B AR A
i, MHIkJE R ZEME A RS E . R, ) 5B n)
TH BB 1T AR AT S i 1 R
4 HRIE

EF XIS A 22 5 T M ORI X — H AR, AR SCHE
— R F it YOLOVS Wy BgE k9 kil 55wk, 51 A b
B TMERE R B ICARAT B P B P e KO R 55
FHEBN AR, ey TR BRI R E R, BIAT
PConv 3 5% BRI A& 3R Al kS AL L, ffE ] WIoU 56 4k
P Al 9 28 451 2%

ARSCTE WS BG4 LT TR AU SE R, Xt
He TR B M AR IR EEAT T B A ] Bk
PEH T S 86 . 25 SRR, AR SO IR 0 A8 BE AR B R
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MR AOR I B . (HR B TR = 0 s IR R
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