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Review on Smoke Detection Algorithms for Video Images

Chen Changyou, Yang Jiansheng”
College of Electrical Engineering, Guizhouw University, Guiyang, Guizhow 550025, China

Abstract The smoke detection technology plays an important role in preventing early fire spread. An accurate and
fast smoke detection algorithm has very important practical application value. In recent years, with the rapid
development of machine vision and image processing technology, smoke detection algorithms for video-oriented
images have attracted extensive attention due to their non-contact and strong robustness. The smoke detection
algorithm based on video images can effectively overcome the deficiency of traditional smoke detectors working close
to fire sources. However, the smoke detection algorithm based on video images still faces great challenges due to
the complexity of scenes and the uncertainty of environmental factors. First, the basic process of the smoke
detection technology is briefly introduced, including pretreatment, feature extraction, and classification recognition.
Second, the preprocessing method based on color and motion segmentation is introduced, and the visual
characteristics and movement characteristics of smoke are further analyzed and the related smoke extraction
algorithms are introduced. Third, some of the current commonly used smoke detection classifiers and the deep
learning network models are discussed and summarized. Finally, the deficiencies of the smoke detection algorithm
are mainly introduced and the future of the smoke detection algorithm is prospected.
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Fig. 1 Flow chart of smoke detection for video images
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Fig. 3 Examples for smoke detection under different scenes

[15]

9, 0 1 B 55 4 ] RE MR R R
, Ny U,]
P = bZ:;W,, N
AW, AR E R &5 RIS K g
Fr B LT U, S — R & 30 A 0 51 R A 4R 55 G

PSR 0 NS RIE R R . & PR T
5 D) Kt A AR T 7 U AR — R S

(16)
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J
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Fig. 4 Smoke detection based on multi-feature fusion
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55 1R RO ROR By . EOR i TR Rk
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FERSE e 5 a8 S R 1k, R ORI Ak TS B
3T AR RT A5 R A 5 A B v

Table 3 Smoke detection algorithm for video images

ARG AL AL SHF ) 1 AL IL . ANFIS-Bayes-MR
R HE T dw /N XU £ DL e Sy e 5

) o Accuracy/ False False
Method Pre-processing Smoke feature Classification . .
% positive/ % negative/ %
) Color
Method in ) Texture, energy, Neural
segmentation 80 - -
Ref. [57] ) and motion network (NN)
technique
Color
Method in Energy and
segmentation SVM 96. 29 3.71 1.74
Ref. [15] i texture
technique
) Color , fuzzy
Motion
Method in feature, shape
segmentation . . PSO-SVM 97.16 2.84 -
Ref. [5] ) irregularity. and
technique .
motion
Color, texture,
) Motion energy, HOG
Method in AdaBoost-RB
segmentation feature, shape 91. 25 0. 31 -
Rel. [52] , , , FSVM
technique irregularity, and
motion
Shape
Motion irregularity,
Method in ) S ANFIS-Bayes-
segmentation diffusion 99. 09 1. 94 -
Ref. [67] ' MR
technique property, and

texture
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Network
RCNN) " URHESL R, R FH R BERRAE R 5 o 35
FIRR 25 & /Y T i, EAT M 55 AR AE VE TN . 7h i 4
SRR T T H bR X A B2 R 4% 0 I
5RO 7 s Al T T I Bl A D A A AR 28 I 4%
#& # ( Motion Detection Convolutional Neural
Network Model, MD_CNN) , 1% #4 %1 38 #:f iz 2l #6; ]
SRR JC SR IR IX 8 25 B, BRHER T 25 10 H bR X
BB A2 H bR DX A A B BRI 28 I 2% b E AT R
BRI SR R 3k 97,25 %, IR KRN 6. 28 %, HTFX
L Y FRR AU ) 45 08 40 FF Fast R-CNNW
Faster R-CNN"Y &5 45 781

( Recurrent Convolutional Neural

5.4.2 AT wjaes A irien ML

YOLO B3k 02 i i Bz 9 B br Al
SRV HA R PR | 4 A TR R AR S SR T — A
M CNN B R 5 A 52 B0 3 o 35 (4 1 A 4G -
YOLO B iy & ek # ik, VF 258 & 7€ YOLO
B R RE b HE AT T o dE. AH 4k I BT
YOLO9000"*) | YOLOv2""*) | YOLOv3"" % g
Bk, BRIRLT AN R T @l ot 0w TR A
AUFN Y OLOv2 48 Z5 A6 0 835 X T ZRARCK I A 55 1Y
ol 2 Ak 98, 106, BRKRALH 0. 8%, A A
WFoE 3 AT Bk YOLOv3 23 DL Jz SSD 4
HEAT H AR, A T ARGF i 45 5

TR 2 ) I 28 A5 AU e s A 00 0 8145 43 25 43
BORAR TARGF M RE AR, R 4 SRR T — SRR
2] I 4 A5 A A KT B AR ) A Iy T 6% g
(R

F4 RIRITRBE 27 5T I 2% A58 7 A AL AT 1] 5 0 25 e D) 445 3

Table 4 Smoke detection results for video images based on different deep learning network models

Reference Network model Accuracy/ % False positive/ %
Method in Ref. [89] Deep normalization and CNN(14 layers) 97.52 0.6
Method in Ref. [90] RCNN+3D CNN 95.23 0. 39
Method in Ref. [91] CNN(AlexNet) 99. 44 0. 44
Method in Ref. [92] CaffeNet CNN 98 1.7
Method in Ref. [93] DN-CNN 96. 37 0. 60
Method in Ref. [87] YOLOv2 94.7 5.2
Method in Ref. [87] GMM-+YOLOv2 98.1 0.8
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