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Figure 1 YOLOYvVSs added detection layer structure diagram
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Figure 2 Schematic diagram of objects of different sizes detected by different feature layers

2.2 HHMLIRERNEN

A AR TE B ML (coordinate attention, CA)7E
SE TERE S HLH 0 g SRl b HE AT TR Y
TRER T RGN IE A 85 B . M T SE FE I
P ZAE P AL BE AR B3 25 8] 07 1) b B KRR AR, if

Al 3 B 13 35, T 00K R0 5 9 2
2T,

W 3 R A T2 BT X S
Y 7 6 L 1 — 4 S 34 0, WA T S 0 5
(BT X Bl Y I3 B 7 e R A O, 3o



18 SR I i o (S QR 2y )

2023 4E

— >3 BT [ 4l AR A R MM, 53 — A 23 8] 7 1) 4 B
R AL B B W BB PIA —dER-IEAE W 4E
JEE AT DR F R — A B AR AR O e
B, BH G R R A T T A AT IR 0, i S R LA
Ko Sigmoid JT p& RS B PN AT R E 25 T8 T )
AR A 4R AE 1] 33X P AR AiE PRT AT LA b i ) 3
iy AR P21 R 8 i SR B FL AR ol a5 Uk ik
FRRFAE R A, B 245 B 7E 9 2 5 e 2 7 1) bl A
B B RAE I o

Input

Residual CxHxW

ICx 1xH|X Avg Pool || Y Avg Pool | Cx1x W

'
| Concat+Conv2d | C/rx1x(W+H)
v
I BatchNorm+Non-linear | C/rx1x(W+H)
v osplit  §
C < Hx ll Conv2d | | Conv2d | Cx1xW
CxHx1[_Sigmoid | [ Sigmoid | Cx1x W
e

Re-weitht
Output

B3 #imEENNEMNEE
Figure 3 network diagram of coordinate

attention mechanism

H T, % UL Backbone {2 1 45 N & 4 (a) |
4(b) FroR . Horr, C3CA S5 44 J2 0 7 3 s B He i A
YOLOvS fy C3 i, RIXS 554> F# 1 J2 £ HUAY ¢ AF
PIub AT R B S WL B AL L CA 25 # & H X Z Ik
YRR (] AT R AR A 3 i

0 | Focus | | Foas | | Focus |
1 [ow | [ | [ cow |
: I (o [ |
3 [ cow | [ comw | [ cow |
; =u
5 | conv |
6 | c |
; [ com |
8 C3CA
;
10

(2) C3CA (b) CA (c) AXHH

Bl 4 C3CA.CA HHEERNEHXTEE
Figure 4 Comparison among C3CA, CA

structure and this structure

AR SC P — T A 18] B Ak, W 4 (c)
B o B 28 i — U U B i A PR 220 T R
B, 75 21— A /NS B 0 B A S T 1] O Ak
BRI P 5 il A 7 B 15 B Y R A 18] 4k 2 R A7 — Ik
FRAE 52 B, SR i 5 — U i A AR T R AL, 7 31—

A BAT RS2 B IF HAT S 7 1) S B RRAE 18T . AH
BT WL C3CA  CA g5, 7R SCfd A A 1) B i 2
I LE Backbone H [E] [ A ] T M U TE B ) B
P ks 2.4 A C3 R4 BA W= oL
C3CA 2, ARICH5H R 08 145 8L 8 i 5C v b/ H
b B HRRAE A BT X0 2 U H AR YRR 5 AL, iR
U BE 0% TR UE b 52 R E bR RR AR, DT 3 3R E AR A
NP RS

HILL T C3CA 54 A SCHA A T P AT
IR B AR 1) 52 % B R R A, i o 2% A5 A8 B A
a7, A Bl T 5 THASE AU Y AG R 5 AH LT CA 54,
ARSCEE I T A v R AR AR Y T R i
TE R B AR O A A 0 8 (5 B FRIE £ FPN 45
FIRLG 19 2 3 2 PRI TE SUIE B, BB it — 2042 Tt
AL A A ROCR
2.3 CloU #3757 %]

YOLOvS H12% ] GloU Loss ¥y Bounding box
B % R R o 0 2R U AE 5 L SEAE B A 5 B 1
B, G 2K A2 S O, il 28 I 268 T ik 1 Ak,
HE 55 LS AE (9 AH XS A7 8 e X 0o IR B bR
W, A SCAf ] Complete ToU ( CIoU) Loss' ' ft# GloU
Loss, CloU ik 75 % J& GloU #ii 2k 19 JE A I, % J&
7 BBox (WS A P U B DL K BBox KB L
B — SCPE AR A A 3 B A TR ROR .
3 Xk
3.1 PIZEEXNMMTEFHNREESE

T A TF BT 4 A3 KR B B R
AP A E LI E, HPEERA TAHE
CVPR 5285 = K4 1) KMU Fire and Smoke database
SR A5 2 3 W P B 0L I AL 28 P KU
BEAU AR LA K P 28 03155 o S 1 B GF H xof /N H A ok
S AT RGN , BB T 455 4 37 K RABH BN T8 ek
BRAU S 30 R A — AR 0 /N B K R o 3 oh i
TR B 22 Bl W SR 5 i 1, AR 3
XF 3k A OO HEAT TR, BdE AR A RO KT
HOLSE Z M5, K BAR /N, 2t 3 420 5K 1A
F o ARSCGE R labellmg A 1 T H X5 B4 48 KR A T
PRE, JEORAE A YOLO R xt 4 2, 3 i X £
HEATELITHES, BEALIE U0 254 2 394 gk, I3 4 4L
513 5K, SRS 513 5k, BRI RGIWE S5 B,

YINZR A vh BT AT AR 2 A 1 R/ J3 A I 81 6
LR A AR 23 A SR AR 25 AE Y 98 B e B . &R
g RN R TR Z K R 2 F R 2, A6k
A N B AR BN B OO, BT LA 8Os S 3E T



5 430

K52, A5 UCHE YOLOVS B3 78 45 42 3 K R Ae T v ) 1oz T 19

20411228
16:52:35

BELER

BS5 HEERGIE
Figure 5 Dataset example graph
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Table 1 Data sheet of ablation experiment 1
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Figure 7 Confidence loss curve
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Table 2 Data sheet of ablation experiment 2

R/ R/

=ial
B Ao/ % RI% Lops (Wi-s™)
YOLOvSs 90.2 94.9 15.8 138
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iR B 92.0 96.3 16.9 118
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Table 3 Data sheet of ablation experiment 3
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Table 4 Comparison of mainstream target

detection algorithms
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Application of Improved YOLOvVS Algorithm in Parking Lot Fire Detection
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(1. School of Electrical and Information Engineering, Zhengzhou University, Zhengzhou 450001, China; 2. School of Computer and
Artificial Intelligence, Zhengzhou University, Zhengzhou 450001, China)

Abstract. Aiming to solve the problem that the traditional sensors could not timely in detecting the fire of under-
ground parking lot and the object detection was not effective in detecting small flame targets, an improved YOLOv5
fire detection algorithm was proposed. In order to improve the detection effect of the detection algorithm on small
flame targets, small target detection layer was added to YOLOv5s network backbone. In order to enhance the ex-
pression of flame features, an interval attention structure based on CA attention mechanism was proposed. In order
to improve the positioning accuracy and reduce the rate of missed target detection, GloU was replaced by CloU.
Three groups of ablation experiments and one group of contrast experiment were designed to verify the effectiveness
of this improvement. The experimental results showed that the mAP  and R of the algorithm on the user-defined
dataset were 92% and 96. 9% , respectively. Compared with YOLOvSs model, the mAP ; of the proposed algorithm
on the customized flame data set was increased by 1.8 percentage, and R was increased by 2.0 percentage. The
weight size of the proposed algorithm was only 16. 4 MB, and the frame rate could reach 113 frames per second. It
had smaller model volume and faster detection speed, and could accurately detect small flame targets, could effec-
tively improve the fire prevention capability of the underground parking lot.

Keywords: underground parking; fire detection; YOLOvVS; coordinate attention; CloU loss function



