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Early Fire Warning Algorithm Based on Deep Learning

LI Mu, HE Yun-Shuai, LU Jin-Bo, WANG Fen-Ting, YANG Heng
(School of Automation and Information Engineering, Xi’an University of Technology, Xi’an 710048, China)

Abstract: Traditional fire warning methods have low detection accuracy and cannot give early warnings in time before
the fire starts. Therefore, this study proposes an early fire warning algorithm based on deep learning. Firstly, an infrared
thermal imager is used to collect infrared images in a specific scenario for dataset construction«Secondly, the improved
YOLOV4 algorithm is applied for training, and the network weights are obtaine&. Thesconvolutional attention module is
introduced after the three output feature layers of the backbone network to-improve the ability of the network to extract
key information. Convolutional layers are added to the backbone network and path aggregation network to promote
feature extraction capability. Finally, the proposed intelligent fire detection (IFD) algorithm is employed to process the
predicted image and evaluate the fire hazard according to the score. The experimental results reveal that the mAP of the
improved YOLOv#4 algorithm on thé dataset reaches 98.31%, which is 2.7% higher than that of the original YOLOv4
algorithm, and the EPS is 37.1 {/s; the accuracy of the IFD algorithm is 93%, and its false detection rate is 3.2%. The
proposed early fire warning algorithm has the advantages of high detection accuracy and timely warnings when there is no
fire.
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1) FOR i=1, 2, -+, 256

2) IF & KRS HI &

3) IF RGB_mean>1

4) i EZR A

5) ELSE

6) i++;

7) END

8) END
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10) IF RGB_mean<1)
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12) ELSE

13) i+t

14) END

15) END >
16) END \
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RGB_mean, score UG AR i ¥k B4 1) 5 K384
FAHAE KPRk BRI NP IR AR ST E.

3 SEEG K g5 R

ARSI HAE RS9 Windows 10, 1 FH 11 g F2 15
F 4 Python 3.7.10, 71 & T. BN Spyder 4.2.5, FF K HESE
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tube) 7 26 HARHIME T 2 011 3K FIG. Y ZRea Al ik 244
e 9:1, YIZREE 1 809 7K, MIBLEE 202 3K, J A H
Labellmg 14 % BE EAT bR vE, #5313 56 BUE A4 R
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DML AR DU TE 1 R MR 5 R R T IR A8
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T
A = 8
ccuracy Total ®)
FP
FP rate = ——— 9
FP+TN

3.2 YOLOv4 BEAKHRIEXTEE

7E YOLOvV4-CC SFIE M 45 Il g, BN ik
T2 100 #&, 77 50 F&INZRIF I %R 0.001, FFHIEAR
203 &, BNk 8 TkEME, J5 50 BN I N
0.000 1, FEESEARRECH 814 WK, FHIRINZE 2 Tk E 4.
AN ZrALRAR 50 850 Ik, &3t 100 F2IEAR 5, 12K 5
s, Bk Ok R S Bk R Bt 2k ] 4 Bk,

140

——YOLOv4-CC
120 ——YOLOv4

100 H

80 H

Loss

60 H

40

20 H

0

0 20 40 60 80 100
Epoch

4 SRR Sk A A Ok R At G 1
Xof S SO AT S &S K AP (B LLEL, sl 5 B
N, WKL S Hrmy LB H SR Bt IS A S
AP EHEA Frd s, Forh, KA (water cup) ) AP {EHI
HERTIR R 2, 155 5.39%, ¥ T (chair). HEELk
(electric iron head). HLI&EHLYR (electric iron power

supply)~ *T% (lamp tube). A (person) HJ AP et |

I RS T 3.3%. 2.63%- 2.67%- 2.23%~ 2.69%.
33 YOLOV4-CC RS HME EME «

¥ YOLOVA4-CC Sy 5 HAth H A ar il 557 147 %
ke, W7 1 TR, YOLOVA-CC S5 ) mAP {H It
YOLOv4 5L mAP HIE % T 2.7%, Ik YOLOv3 &
%, SSD-VGG #.i%. Faster R-CNN-ResNet50 574/
mAP H 7 AT T 5.96% 7.15%. 4.82%; & J& J7 TH,
SSD-VGG 5% FPS #1f, Faster R-CNN-ResNet50
f) FPS # %, YOLOv4-CC LK) FPS 2~ 37.1.

M4 LL_E 45 B30T, YOLOV4-CC HE AV RET &
SHH R I 0 75 R, I 5 MR T SR RS IR
3.4 BREARKMNELERDH

YOLOV4-CC FyE& it I 25159 3 W 24 KL E, i 445

B A T 0 IR, T4 PR R e ok AR I A ik
IFD 52— s BUIHE B R A0 B] 0 5500, BRI, TFD 50k
U VEE B 2 1) v (IR B T YOLOv4 Sk IHE FE LA K
TR HESE.

120
zZ2YOLOv4 [CIYOLOv4-CC
100 949398'23 M01007 057567 4.71%'941_5"4'2794,259964
80
g 60
< L
<
40 |
D %
"‘ O " I WA I < I S Q
- N & S ) J N
&\Q’ N z?" & S e go
© S ST T
& O
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¢
Class

K5 SRkt an e %280 4P K
R 1A H A VAR BT

| mAP (%) FPS

Faster R-CNN-ResNet50 93.49 26.5
SSD-VGG 91.16 51.6
YOLOV3 92.35 412
YOLOv4 95.61 37.5
YOLOv4-CC 98.31 37.1

okl TFD B 1 A, AR08 70 5 34 £
BIME A F1735) score, M 6 A REBIE 4 T ERFE
Ak — B0 B P 1 K bR i H bR, L
55 200 5 B A 0 TR, AR R A b
TR ARG F A ik B T 315 18, W
SEBME A V5N 164<4<166.

BIE A e )5, S LA RS 4 $5 00 F A A7
TR A, W 7 B, NE TR, 24 A4 K
164 B, PG EERIEEY 0.191 $ 0.907; 4 A
165 B, PG EZERIEREY 0.159 #] 1.209; 4 A
166 i, “FIMERZEMTEEN 0.033 F 1.099. BUA [H] 5
A F VB EMEOCE, WEB5 score 5 H A
0.191<score<0.907.

35 BHINREBEEERSW

A 5 TS 3 2 X 46 B RS S G
IFD HE R, I 8 A IFD Bk Ak im A2 . B
KA ARFFAC ) BR, R TED 435 17 UL b7 50004
BR T KR
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A=100

A=140

A=160

A=175

() FIGTEARbR L IR B

K6 ANFRBME A FAIERFCYE K —E T

10
——A=164
A=165
8 F ——4=166
E\
S
2 4
#
2 b i
0 R —
0 20 40 60 80 100
Sampling point

K7 AR AEREL AR CYR TR R A

DR TFD B3 78 700 AE B8 B i &R, 1A
IFD BEXT 200 ik FEEEAT S8, Fordt 69 Tk N B AR bR
W EME, 131 T A Rbrc R BHE. sk 2
Fii7n 2 YOLOv4 Sk Bt A Ja TFD 0925 i ar il 5 bl
3T, N 2 T, 4 YOLOV4 Hi%45 8| T R FRric ik
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(b) IFD Sy 153 (1) —AH ik 5

(o) B RARICEIER  (d) IFD SkA 2010 —E L ER

\ \‘3

AR AR AR PRE) FIAR Ef%), A SCHRE ) IFD ik
LT A B 1 o R 2 0 91.30% A
85.49%, 1 K I HETH A9 87.50%, WK 209 5.08%, i
] IFD S Re 15 21 R U7 1 K o B JBoR W s 2R () 2
IFD HiETE YOLOV4-CC HiE1S B 178 sb 3 il I,
IFD B354E YOLOV4-CC H2:45 2 1) T HE FEHE 1
A6 I HE B FEE 43 T3l A 94.20% A1 92.37%, S ASH I vHE iy i
9 93.00%, 5K A 3.2%, BV IS TRV R EORS I v
WS T 5.5%, RASH NFE T 1.88%. 1E IFD R U7
KR R R, #E— 25 0 YOLOv4, 15 3158 5 25 16
R KRR _E AR AT, TFD B3 T HE P 45 1 G 0 22
R, I H, YOLOV4-CCHIFD Hik i Z# e 7 5
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