g H - - ESCI B EE (iE)
7& ﬂt] ,.‘f) g ﬂ‘- Scopus SE (RS E)

Chinese Joumal of Liquid Crystals and Displays CsCD (O BTRIEEEE )

BB IE R /7 YOLOVA K 5 HE 2 kb il A 2
W, koo, RIS, MR

S

I, SR SCHE, BRI, S5 i A TE R T Y OLOvA K S KNS5 MR T ). W8 5 /R, 2021, 36(10): 1445-1453.

XIE Shu-han, ZHANG Wen—zhu, CHEN Peng, et al. Firesmoke detection model based on YOLOv4 with channel attention[J].
Chinese Journal of Liquid Crystals and Displays, 2021, 36(10): 1445-1453.

TELR REE View online: https://doi.org/10.37188/CJLCD.2020-0312

FETT BRI HoAh S EE

Articles you may be interested in

I 2 SRR 2 > KIS DM
Spatio—temporal deep learning fire smoke detection

5 . 2021, 36(8): 1186-1195  https:/doi.org/10.37188/CJLCD.2020-0239

FETYOLOvAR =5 [AIZ140 55 H ArAaill
Detection of space infrared weak target based on YOLOv4
W ih-5 R, 2021, 36(4): 615-623  https://doi.org/10.37188/CJLCD.2020-0227

— R B A U 22 R 2 <22 4 M G 12
High precision detection method of safety helmet based on convolution neural network

Wi 5 . 2021, 36(7): 1018-1026  https://doi.org/10.37188/CJLCD.2020-0309

BT Rl Y OLOV3 IR AE S 2T 4 AGH
Detection of foreign fiber in cotton based on improved YOLOv3
W5 R, 2020, 35(11): 1195-1203  https://doi.org/10.37188/YJYXS20203511.1195

RO 22 RUBE IS 75 vk
Improved multi—scale flame detection method

Wi 5 . 2021, 36(5): 751-759  https://doi.org/10.37188/CJLCD.2020-0221


http://www.yjyxs.com
http://www.yjyxs.com
http://www.yjyxs.com/CN/10.37188/CJLCD.2020-0312
http://www.yjyxs.com/CN/10.37188/CJLCD.2020-0239
http://www.yjyxs.com/CN/10.37188/CJLCD.2020-0227
http://www.yjyxs.com/CN/10.37188/CJLCD.2020-0309
http://www.yjyxs.com/CN/10.37188/YJYXS20203511.1195
http://www.yjyxs.com/CN/10.37188/CJLCD.2020-0221

H36% 410 (GRS N Vol.36  No.10
2021 4£ 10 A Chinese Journal of Liquid Crystals and Displays Oct. 2021

NXEHS:1007-2780(2021)10-1445-09

BRABEEE AR YOLOv4
R 2 4 T 4 B

HEEH, kKXHE, B B, HTH
(BZ2RBEAY GREEH IR R, BT BZ 710048)

FEE 4R R K I 55 R I AR AR A M R L DL e G BB Y T TR 25 R AT A B0 R L AR SCHR B — B 3 TS B b & W 4%
YOLOv4 By KR ARZERG M AR, 1% )5 2 Lk CSPDarkNet53 2 3 T M2, 78 £ T4 Mg — 2 MA T 13X13.9X9.5X
5.1X 1 PUASA R R i e Rt Ak, 2 RO FRAE Rl G R Fl T PANet(Path Aggregation Network) UL 5 ¥ 48 43 11 42 L fig
T35 T HG A T 4 TR S AR A AR 5515 B A RE T, A5 I 4% T S i AT G A O %, g U 55 O AR % TR AE
B RS ) K-means #E47 58 35 LA B0 58 AT 4 W5 3 9 00 55 508 42 09 RSE sl T A9 SCOCIR ) ke kAR 25— Fh 2 51, e LA
R 87 451 2 bR, IR 43 2R 25 L (R e A SRS SRR . DN B B 1 LA 0 e ke 0 0 o AL 2 Bk 5 5B 34 5 T 12k LA R IR
AL R JRURS: S 25 SR SR B, T R L 19 A I R 5 A I ASE TR R v L L A ] 92,506, 4 I A B 87.7 %6, [ B A U
TRk 5.1 W/ s, B T ok U N B A DA TR Y M

x & W.KkeMEXAEM; YOLOv4; @#E & H M%; K-means

FESES TP391.4 XERARIRAD A doi:10.37188/CJ1.CD.2020-0312

Firesmoke detection model based on YOLOv4
with channel attention

XIE Shu-han, ZHANG Wen-zhu® , CHEN Peng, YANG Zi-xuan

(School of Information and Control Engineering ,

Xi'an University of Architecture and Technology s Xi'an 710048, China)

Abstract: To improve the precision and recall rate of fire smoke detection model in multi-scene fire
smoke detection applications, and avoid the tedious manual smoke feature extraction process, a fire
smoke detection model is proposed which is based on convolutional neural network YOLOv4. In the
last layer of the backbone network, four different scales of maximum pooling are added: 13X13, 9X
9, 5X5, and 1 X 1. The multi-scale feature fusion uses PANet (Path Aggregation Network) to im-

prove network feature extraction capabilities. In addition, a channel attention network is added to the
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network prediction head to enhance the ability of the YOLO Head to extract effective smoke informa-

tion. For the fire smoke data set, the size of the candidate frame is clustered using the K-means algo-

rithm to get a size closer to the fire smoke data set. Due to the identification of smoke, the loss func-

tion is simplified, the classification error is eliminated, and the algorithm converges faster. Data en-

hancement methods such as image flipping and random erasure are used in the training phase to reduce

the risk of overfitting. Experimental results show that the fire smoke detection model has excellent

performance. Its precision can reach 92.5% ., Recall can reach 87.7%, and the detection speed can

reach 5.1 frames/s, which improves the performance of fire smoke detection model in multi-scene fire

smoke detection applications.

Key words: fire smoke detection; YOLOv4; channel attention network; K-means

|

Uu\«

W % 2255 10 & 8 K B 5 A 0 R AT 55
ol T A 8 TR T A Y v A% JR A A A T
B 1 22, K DU KT 5 A2 45 Bl TP 2 I 52 i, ML
TSRS 000 4 A R AR, B AR A A A
AR WIS K R L 45 b 5L B 054k 2 47 AR 17
IR 55 8 00 B3 e B 1 A A A R B 3 Ji] R AG
5 PR B E . MR T KA R EmE L,
FLIR 25 HLAT B KR B i T B0 L HE AR Sk TN 2
S Tl B 00 55 S L T AR 25 A6 T A k9 A AT
55 i i AR AN B

H AT 5 503 F BRI 1% k9 AR 55 6
BRI NS IR B SO I B
SRR IEAT K I AR SR  AF 5T 4 30 2 T 55 JH 25 1)
— Bl 2 FhAREAE A5 RO R 9 3 2R AT 2k
KM R A, Genovese 25 N HFSE MM ZE E YUV
23 (] ) 0 £ R P 75 0 00 55 4G I B30 R X 9
B2 AR 25 L S 45 5 1 00 25 AT A5 SR N A
Sedlak V 2 NS F5E T 40 %5 132 sh 4 A0 25 1 2
o, RS KRR Bl 7 1), 5 2 AR E AT 4 28
U AR5 /N XU 25 DL R A B 8 A 4
%5 X BRG IN R SR %5 2% . Gubbi %5 A ) — Fp &%
B /I AR i (8 AGI E 25° 7 R /N U 43 A A5 3
G SR IO JL TR 25 AR AE . 22T AR N Tl
of R 4 5 B A AL B4R L S 0 LOBP #1 EOH
J5 e A5 B 55 FRAE 2% B L i e TR SRR 1) B AL ik
FTUNZEAT B K I AR Z5 U AR A

X BB DA 55 11 AR B AR AR E AT A 5T, 3l 5
PRI 55 (1) — Fh 2l 35 22 AR IR AT 00 55 U . X
TGS DRI T 5B — 1 A0 55 L RS L A5 ¢

{14 A AT AR 25 K6 1000 3550 R 858 g o (LS ok 5 ) 9 LA B
BB R 55 AT PR 5% s 0 B DX AR A 0N, I s
G 3SR A 2% s B RS9 0 M L T LS BE AR £
Yse At .

Bifi 5 45 AR 22 ) 2% CNIN (0 % J2 L &t B ik
[ {5, Zhang 45 NV FI 5K A5 26 N FI ] Faster R-
CNN X 4055 R HE A7 00 55 1951 . Frizz 58 A
FZ G A5 N0 il FH 4 FEURR 28 I 26 1 by R AF 42 1
i 5 B 554G B, 55 4% G R SR BT B
SRR PERE . B S N0 O o B Rk
A B B DX 38, 5 1 IX I8k 48 1k CNIN ¥ 4% 15 %)
1o EARAE 35 5 O SR ) ALY 25 L 15 3000 255 6
RT3 B A4 NP I T MD_CNN 41 %5
AT 38 3 T 525 4 A5 B3 gh B bR X 8
iz B bR Xk A CNN W 2% 354740 25, i )5 15
FIHHZE I 00w 4 48 N R SSD x4 25 1A
B rr .

T KGR B G 0 3 — R A 1 40 L Al R
220 J5 ¥R WIS FVECH R SR AR D AR SR H—
FRECHE 1 Y OLOvA™ iy ok G AR 55 46 0 53 3% L 78
YOLOv4 B 5ERl i A T8 3 5 70, DL & M 4%
T Sk A SRR AR HRECEE J1 5 18 ] K-means 23R ML
FEAF 5 K IR Z5 6 00 £ 40 255 HE R ST 5 AR 40 0 I
S5 R IX — A3 A RS T T 45 eR B IR By
Beol A B AL BR bR 25 - DARRAR G A AU .
WHLE R R XTI T 2 SR Sk
TEAH %5 K I

2 AXLH*

2.1 YOLOv4 LB B fRid il 1E 28
YOLOv4 2 — Ff i 21 o 09 52 B B by K I HE



55 10 3 WA, i A IE

HEEIIH) YOLOvA KT AR Z5 A6 I A5 HY 1447

2. i YOLOv3 "Rk, YOLOv4 BRI &
1, YOLOv4 EE A CSPDarkNet53 $R1F #2& B
£ T W45 SPPNet(Spatial Pyramid Pooling Net-
work) \PANet(Path Aggregation Network) £ R
JEE SR P 4 DL Ko I 2% $500 3k (YOLO Head) ,
' CSPDarknet53 Hi 5 > K5k 22 HL2H 1, i 5 4>
KBk 22 B do & 0y /NG 22 BT B3 ol 1. 2,8,
8.4, W HIE WA CBM 45 RS FI— 4~ CSPX 45
FUBE B dt oMo — A~ KBk 2% B
CSPDarknet53 i fJ5 — AN R AR J2 f t Z /A
SPPNet, 53 il I FH 4 AN AS R RUBE 1) fie it Ak i2E 47

CSPDarkNet53
-

b3 F5 b AR LA A% /NG i R 13 X013, 9 X
9,5X5,1X1(1 X1 FKRITCALH) , 3 s Ak B 4F
A AE A JLF- A 358 fin S 260 (3 46 B ERE 0] 1) 155 O 48 =
FERL (K HE PR AE 11, PANet f B REER T RAEW
L7 305 A v 75 DS E T S 1

YOLOv4 A 3 A~ 4 150 3k , 3 > I 28 F3 0]
Sy IR 4 R (13, 13,18), (26,26, 18)
(52,52,18), fela—A~4E B 18, J& o IZ A6l
SRV T KR B B A A L AR KR 55—
HH M YOLOvA B X B — A4~ [ 24 350 00 3k £ 78
3ARIGHE , B SR AE (5 A 6 4EfE R,

*2 *2 2
con R o ] o G o

co [ v o [ o

416*416*3

*35

SPPNet

A 4

13*13*18

*5

P

Concat

26 *26 *18
Concat

52*52*18

PedH O'TOA

- - —,

1 YOLOV4 ¥ 454544 &
Fig.1 YOLOV4 network structure diagram

2.2 fESEER

V8 245 T S H fi i R < 1 18 R )
(1 o BB BEAF B M0 55 R /INRRAIE 1 i 16 AE R~ R LA
Bl A0 5 000 A7 0% [0 U, A I R 55 A T
AT 55 v S e A R~ R A7 i

AR K {E 28 (K-means) h kK%
B HE A BT I 4 3 A R~ AR SCRE R I A 2k
KANEE A5 R sF o 416 X 416, ff ] K-means %}
416 X416 1y K T MH Z5 FR A B 9 S 9T A 4 ik
HERSF 483k 12 X 16,19 X 36,40 X 28,36 X 75,
76 X 55,72 X 146,142 X 110,192 X 243,362 X 322,

2.3 M ke
2.3.1 @EEES

DB R, — G 2 n) TR EA
] R A b 2% A1 7R S GE b, 5 S0 2% 1 R R
i, R AL A b 2 R 2% b AR 3 T T B Al
FHE S B 2 %o 3 3 B 0 PL A TR AR 5 A
L R SRR PSP TBIER e XT%EYE%‘EW%K
(7] P ASCAEL o R 4l ASCAEL DR /DN XF 38 3 {7 I, 1 AT 0 3, 3
FEREA MR T PR B RS20 . 38l T 207 i
WAL # & SENet (Squeeze-and-Excitation Net-
works)"'™ o WA 2 fiR .



1448 NI

S ETYIN

% 36 &

qu(.) 1x1xC

F_(-,w)

IHET X
Y/
Flal9)

Kl 2

3
»>

WEEES

Fig.2 Channel attention
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