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An Efficient Video Flame Detection Algorithm Integrating Motion Features
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Abstract: This paper proposes a lightweight and efficient flame detection algorithm of videos. The flame
detection algorithm is based on the convolutional neural network of deep learning. Considering the motion
characteristics of the flame in the continuous video frame, this paper evaluates the flame detection results
by the motion object detection and removes the false positive results caused by stationary objects or lights.
The motion object detection algorithm based on the Gaussian mixture model is highly efficient. In addition,
we collect and label a set of fire detection dataset (FDD), including 2 487 flame images and 15 fire videos
under various scenarios with different flammable materials. In conclusion, the proposed algorithm obtains
98.94% accuracy on FDD test videos.
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Fig.1 Overall structure of the system

2 NGB AF IX SR P 585 1K TF 4R 332 B, 3 RE T — ARG T3 B0 30 1 PR 1A TH 38 LR A BT A, 5 2 i S B
B 6] 3t 25 A — 2 AR, O3 Ik B SRR o AR SCR A WU AR B8 5, 0l <7 A9 % o X 3, 3 O A
T Py 2 T B0 BT 46 A AR 418 BBUASE Bl 28 A DX P Y PR 32 B Ok, O 7 5 O A AT ST 1 2 o DX il AR AR S
B 11 2 iofr DX P 7 A 40 e S I 1 LA o ARG 00 2 R A i 3 2 oo DX A S BB PR R A ) S e

Xt KA G I 33K o 2 4 A T ARG I ) 2 R e R A R 43 AT O AR TR ) IR R oA
B PR A AR bR . H AT O 2 AR B AR A U Y AT 4 BSR4 o R B I £ R R
B 2%, WL B H AR RS R 2%, 3% i RCNN?' Fast RCNN"/F1 Faster RCNN"™ 4 46 ) i) i) 4 4 H o
B R 5 BB BE R 45 i 4 Yolo ™\ Yolov3"® \SDD'"/#il RetinaNet' "' 45 , i Ji P {H #E i R A HAH .
TR 2R G5 2 R FH A AT 45 R, o] DL FE — S B[R] ARSI 22 UK, o 3R 100 SR AT LGS X RIS, R O T
JE SR R AR SO PR A B B BE I 45 Hh Pk e AR R A Ol SRR L Y ARG T AR T KR

[ 2.y, w,h]=NMS(CNN(I)) (1)

K y AR R HARHEZE b S BN A AR 5w h s B ARHE 58 5 H ARAE 85 BE 5 NIMS Ay i K {410
il it 8 R — H AR 2 AR, (8 B3 15 50 05 8 # s CNN R B BN 2 9 4% T AT

AR 30X BAT R I 25 AT TR EE SRS o MR ST B A5 IR AR SCE AR Yolov3 A S H AR A i I 2%
BER 3 S T Yolov #6945 45 4 SR JH T SRR 4 745 W 4610 b RBE AN 22 R R fE i A, LA
A A TR R A0 2 K AR SR R AE 5 A O 22 R A N R A 0 7 2 R A AT R A
R REA 1 SUAE A B R A5 BURRAE 18, T DL Sz B AR [R) R B AR AG 0 A4 R0 R K 1 0 4% 235 4
AT LA /N b i Mt B A TR B 0, T DA K A /NI R it TR O R B AR B AR o T R A
EE BB B 0 265 458 22, L pR AR SCER S8R R0 ARG T Hh B 9 B I 45 T EL A G R ) A mT DA B
T AR [ B TE8) P AG: 00 22 it R0 451 1 45, BT 3k A6 O A 36 ) S 2
1.2 EzhBir&

AR KRG T T S s A AT RS T, T OB TR RSB L AR SE BRI R, = B
M LTI KT SRR SR — 2 AR IR o A R T OC R B A i R R 20t — A [ A A
A2 I — A iR R, W 20778 o o TR EIH BR X SE iR ), A S22 78 50k 3 — L6 5 Ak B 4
YEo BT MG I8 B B AR SCHF 98 SCARAT WA 0% U5, vl LA 4 408 Lttt A7 45 4 | A1 ok 326 4% ) FH 32 sl ke
IS A DX 3R 2 A G 0 BB 5 2 A 32 Bl T LA R — S A R R



FNAE T 5 Rk A-3E Sh AR AR A B AAL I K M AR ] ik 1279

iz 8l BRI N 22 40 UG AL BRARAE LR N R < e &
BRPEAZTE 5 T ALAR AR AU PG S i A 5 2R R 2 T s i
£ BRSO IE By AR R I B 4 BUIZ Bl XL 0 R SO A
Hd Jn 1T b 5z 3 DO i i A O IR BE P TR S
T2 Fhy KA B gy S T 2 5 T R, i e 0 A T 3 ik 5

1 (x—p) .
P(xl0) = ZEXP(_ Py ) (2) B2 R 25 SR 1

2no
A BRI R o N B IE B ME 22 L AE KA R I S5 b B S B
P R 22 4R | TR UG v T A B 5 A ol

Fig.2 Some false detection results
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(a) Original image (b) Foreground extraction  (c) Denoising (d) Denoising (RGB)
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Fig.3 Flow chart of motion detection
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Fig.4 Some sample images of FDD
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Table 1 Performance comparison of different detection networks

ik HER R/ 6 H a2/ % RIRR/ % AT /ms
Sspt 91.16 80.49 16.06 61
RetinaNet50" 96.17 85.85 11.65 73
Yolov3"” 97.89 90.73 7.63 25

(a) Correct sample images (b) False positive images
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Fig.5 Correct sample images and false positive images
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Table 2 Detection results of different color filter intervals in the first experiment

B IX 38k 50~75 75~100 100~150 150~200 200~255
KIGEH 37 33 21 16 8
K EH 2 3 6 12 14

WK% H 4 8 20 25 33
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Table 3 Detection results of different color filter intervals in the second experiment
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Table 4 Comparison experiments of motion object detection module

GPUizfihf  CPUIizf7H}
£ /ms /s
CNN 94.28 96.51 4.67 26 2.16
CNN + iz g m 98.94 96.51 2.26 30 2.16

G A5 75 e/ FRREEER/ G SRR/ %
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