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Spatio-temporal deep learning fire smoke detection
WU Fan, WANG Hui-qin", WANG Ke

(College of Information and Control Engineering ,
Xian University of Architecture and Technology, Xian 710055, China)

Abstract: Smoke is an important feature of early fire detection. The extraction of smoke features by
traditional machine learning and two-dimensional convolutional neural network smoke detection algo-
rithms are limited to the spatial domain, and cannot extract temporal information. The existing three-
dimensional convolutional neural network detection algorithm has the problems of high calculation
cost and low detection time efficiency. which leads to unsatisfactory detection accuracy and false alarm
rate. To solve the above problems, a smoke video detection method based on deep learning in spatio-
temporal domain is proposed. The block moving target detection method is used to extract the moving
targets of the smoke video and filter the non-smoke targets. At the same time, the three-dimensional
convolutional neural network is split to form a two-plus-one-dimensional spatio-temporal network

module, which extracts the characteristics of the spatio-temporal domain and improves the detection
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time efficiency. In order to suppress irrelevant features, an attention mechanism is introduced to in-

crease the compression and incentive network to recalibrate the weight of feature channels to improve

the accuracy of smoke detection. The research results show that the average accuracy rate of the algo-

rithm used in this paper is 97.12% . the average correct rate is 97.06% , the average false alarm rate is

2.74% , and the average detection frame rate is 10.49 frame/s. The needs of fire smoke detection is

met, and the detection timeliness is improved significantly.

Key words: smoke detection; deep learning; spatio-temporal; moving target detection;attention mechanism
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Fig.7 Part of the test results. (a).(b),(c) Smoke

videos; (d) Non-smoke video.
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Tab.2 Performance comparison of different network

structures
(=RTS AACCY% ATPRY% AFPRY%
RN 94.03 93.58 1.92
Bk 2 96.19 95.47 3.44
AL 97.12 97.06 2.74
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Tab.3 Performance comparison with other algorithms

Bk AACCY% ATPRY% AFPRY%
Hk[19] 82.05 83.78 21.98
CHRL20] 92.1 90.68 4.60
CHik[21] 94.78 94.24 3.98
CHk[11] 96.05 95.60 2.91
AL 97.12 97.06 2.74
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Tab.4 Comparison of detection efficiency

ks FPS
SCHRL11] 9.25
Wik 10.67
AR CH 10.49

HI 4 S5 R AT, A SCHY o — 2 ) 4% 53k



1194

GRS RN

836 %

FO A v 9 = 24 0 265 A6 00 3 R A7 ] S 4R T, HOR X
SENet JZ BUMTA Hi 8 A g 3 AR 1y B4 X L B ik
3 KN HE R A TR T ER A RO A

AT T RS 3t AR A I A 55 L 580 $ X
PR (14 Bf 22 T AR o [ ol == 2 ) 24 A A8 1ty A T
R LIV R A b ) AN 5 = W ] 1 I 1 R
2 SR JEE o S R I R . R 23 B iy 32 Bl F AR

R IR, 1 DR AR 25 H b, 28 7004 3 i A3
T — 2t 22 X 45 A5 R R AT 6 25 SRR AE B . Sy
il JC R AR, A 1 3 AL BB A g R IE 38 A
25 4 VA A R ARG 45 R I N R 357 DX 43 B o
TSI K5 Hi 42 0 415 3 A0 45 L SR R R R
97.12% . F X IE# K 97.06% ., F ¥ i & R N
2.74% X3 FPS Jy 10.49 Wi/s, 5256 B8 % 0,
AT LIAT 0 2 F s R bR X 25 R
TR T A L BA = 48 CNN B 48 T 746 I
RS T R AR AR .

5

=z

[1]

[2]

(3]

[4]

(5]

[6]

[7]

[8]

[9]

[10]

[11]

% X

L2 AR LT S A N B ST (T ] F B B R B F 4R, 2018,233(3) :303-322.
SHIJ T, YUAN F N, XIA X. Video smoke detection: a literature survey [J]. Journal of Image and Graphics
2018, 23(3): 303-322. (in Chinese)
F FU TR 2 20 1 R R B 1 9 5 S BELD T BT« Be o o 7B R 24, 2020,
WU F. Research and implementation of fire detection algorithm based on deep learning [ D]. Hangzhou: Hangzhou
Dianzi University, 2020. (in Chinese)
FARR VAT M. R PUN S B4R 0 Gabor 45100 BB £ B $4R8,2019,24(2) :269-281.
YUAN F N, XIA X, LI G, et al. GaborNet for smoke recognition and texture classification [ J]. Journal of Image
and Graphics, 2019, 24(2): 269-281. (in Chinese)
BARMPOUTIS P, DIMITROPOULOS K, GRAMMALIDIS N. Smoke detection using spatio-temporal analysis,
motion modeling and dynamic texture recognition [ C|//Proceedings of the 2014 22nd European Signal Processing
Conference. Lisbon: IEEE. 2014. 1078-1082.
PARK J O, KO B C, NAM J Y, et al. Wildfire smoke detection using spatiotemporal bag-of-features of smoke
[C]//Proceedings of 2013 IEEE Workshop on Applications of Com puter Vision. Clearwater Beach: IEEE, 2013
200-205.
F 2 dh s AR A R G 0 SUHUM I G R GF B LR AN 25 K T ] B B R BB 4R, 2015,20(6) : 772-780.
LI H D, YUAN F N. Image based smoke detection using pyramid texture and edge features [J]. Journal of Image
and Graphics, 2015, 20(6): 772-780. (in Chinese)
ZHAO Y Q. L1 QJ. GU Z. Early smoke detection of forest fire video using CS Adaboost algorithm [J]. Optik-In-
ternational Journal for Light and Electron Optics, 2015, 126(19). 2121-2124.
Bk Y], TN, E A4 T IR 2 o) IR b 32 i Bk b B R AS I [ )i b 55 27,2019, 34(9) - 879-887.
CHEN X M, WANG A C, WANG C Y. Image detection of wood surface defects based on deep learning [ J]. Chi-
nese Journal of Liquid Crystals and Displays. 2019, 34(9) . 879-887. (in Chinese)
KIM Y J, KIM E G. Image based fire detection using convolutional neural network [J]. Journal of the Korea In-
stitute o f Information and Communication Engineering » 2016, 20(9): 1649-1656.
HRAR R 2 F AN L R B 3R T GBS Bl 20 15 2% 1) LA Bl A5 M 25 R [ ). v F A B K 5 R 201646 (6)
992-996.
CHEN J Z, WANG Z J, CHEN H H, er al. Dynamic smoke detection using cascaded convolutional neural net-
work for surveillance videos [ J]. Journal of University of Electronic Science and Technology of China , 2016, 46
(6): 992-996. (in Chinese)
FNAE T 3D Bk 22 9 A W 2% B AR 35 A IR [ DT AR < AR BT %, 2019,
SUN Y. Video smoke detection based on 3D residual dense network [ D]. Changchun: Northeast Normal Universi-
tys 2019. (in Chinese)



%8 F Lo A ¢ I s SR BE 2 2T KOOI 55 A D 1195

[12] Afir, Bgk 3 REEE S BUEMRAENT S YOLOv2 @A 0% K 5L ]9 & 4 4R . 2019,40(5) : 798-803.
CHENG SH, MA ] Y, ZHANG S ], et al. Smoke detection algorithm combined with improved Gaussian mixture
and YOLOv2 [J]. Acta Metrologica Sinica, 2019, 40(5): 798-803. (in Chinese)

[13] &4, &% 2T Surendra F5 598 FR V5 AU 122 4305 09 B AR A U ST [T )31 Hodu e A 55 k4, 2014, 31(12)
242-244.

JIQ H, YU S P. Object detection algorithm based on surendra background subtraction and four-frame difference
[J]. Computer Applications and Software, 2014, 31(12): 242-244. (in Chinese)

[14] TRAN D, WANG H, TORRESANI L, et al. A closer look at spatiotemporal convolutions for action recognition
[C]//Proceedings of 2018 IEEE/CVF Conference on Com puter Vision and Pattern Recognition. Salt Lake City:
IEEE, 2018: 6450-6459.

[15] IOFFE S. SZEGEDY C. Batch normalization: accelerating deep network training by reducing internal covariate
shift [C]//Proceedings of the 32nd International Conference on Machine Learning. Lille: JMLR.org, 2015;
448-456.

[16] GLOROT X, BORDES A, BENGIO Y. Deep sparse rectifier neural networks [ J]. Journal of Machine Learning
Research s 2011, 15.: 315-323.

[17] HUJ, SHEN L, ALBANIE S, et al. Squeeze-and-excitation networks [ J]. IEEE Transactions on Pattern Analy-
sis and Machine Intelligence s 2020, 42(8) . 2011-2023.

(181 3R A2, Bk L 3 L T I 22 S U B2 ot 28 0 4 1) BEF X R A0 00 25 K 0 [0 1. 34 SE AL A 55 4K 4k . 201936 (9) : 236-
242,259,

ZHANG B, WEI W, GAO L X, et al. Wildfire video smoke detection based on spatio-temporal deep neural net-
work [J]. Computer Applications and Software, 2019, 36(9): 236-242, 259. (in Chinese)

[19] YUAN F N. Video-based smoke detection with histogram sequence of LBP and LBPV pyramids [J]. Fire Safety
Journal, 2011, 46(3): 132-139.

[20] Z&.&T4 B XA ETRESTOMERBBTFT] 2 FH A2 M .2018,44(10) :131-135.

WANG T, GONG N S, JIANG G X. Smoke recognition based on the depth learning [J]. Application of Elec-
tronic Technique , 2018, 44(10): 131-135. (in Chinese)

(21] Z & Axae, X8, 5. —Fh 2 P AE R B0 S5 K I D7 L LT 13 S 42 5 A4 52,2019, 41(10) : 1771-1776.
WANG Y, CHENG J H, LIU T,er aL. A smoke detection method based on fusing multiple network models []].
Computer Engineering and Science, 2019, 41(10): 1771-1776. (in Chinese)

ERE

£ R995—), B wdbikE O AL A ERF (o0 % llljﬁk( SN
) L 22,2002 4R TP 42 A58 R AR
T 5T AR L 2018 4R T b T TR A o
\ / LR AN S N S Y DS I

e AR A5 24 -2 A0 32 B N R G Ak B K
W 2% 2 J5 B W 5%, E-mail:
13294068818@sina.cn

BHS 5N F B HA LS 7
HRE I E AL . E-mail: hqwang@

xauat.edu.cn




