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Video Flame Detection Based on Fusion of Multilevel Features
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Abstract: In the early stage,the flame is usually small target,but the general flame detection method has poor detection
ability for small target. To detect early flame and improve fire prevention ability, a video flame detection method with
multi-stage features is proposed. Aiming at the problem of missing target caused by the lower sampling resolution,a de-
convolution module is introduced , and the features with strong semantic information in the deep layer and strong detail in-
formation in the shallow layer are combined to effectively improve the detection rate of flame. The experiment of the pro-
posed algorithm on the Fire database VisiFire data set of Bilkent University showed that mAP improved by 10.0% com-
pared with the Yolov2,and the detection rate was higher compared with many classic deep learning algorithm models.
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BN_Inception W45 35, 5k F Z2 M 70 R A 1 22 0 28 HAb 3 > 52 2 e v IO B0 22 ROBE AL RPAIE. 1%
FEEME T HARBTAL i 5, 4RI T8 F AR AR (A Jm 25 HARASAE. YLPESE' LA RetinaNet [9 4% Sy 5t
Bl 7 — b R AR ISR TR0 LR IR 5 5 B8 R 25 R D I, IR 48 7 1 B I A5 45 4 R i A B
25 WA T BRI A B S0 R AR AE G 0 o e s AR v ) 3 2 1 2% 0 A T
F 4T R g AT A .

JLARSR IR LA 2 U S, A VR 2 75 (TR BE 2 T AL, i SSD™ R 51 Yolo' ™ R 41 46, #RBI 1
T BRI, f25 T B 00 YU ™ 454, SSD R 41t iy DSSD''' 5 B e /1N B oA I 7 1 2 LAl 6 40 75
Yolo R eI Yolov3™' I Yolov4 " R A il 2 A I 28 J3E & AR IH S . {HJ2 1 T AN Yolov3
THR AEE AT KGR B FR 224548 IR R T RFIE & IS5 M, 0 A [ R/ N R FEA T 3 Uiy, ki J32
PRI T RERISE R INER T 2R EE A R TR I EOR B R AR T . B R RS L INER 1 PR,

®1 BRESRENL

Table 1 Comparison of the model complexity

Model Yolov2 Yolov3 Yolov4 Proposed
FLOPs( BFLOPs) 29.33 65.28 59.55 51.33

DRI G MR, FH A BEE SR A 7 BE £ AR SCHE Yolov2! ™ BEIE LA -, Al A ZGURFAE , 5843 F 85 )2 IR
BRI F B A U IE S B 5 1Y feature map , 42 S5 A /N H AR 044G I R 7 60 5 4% 1 6 00
L.

1 T2 ERL E B K AR5 i

1.1 Yolov2!™

Yolov2 J27E Yolo fEEA AT Bl AL 1 XK1Y % £ (Tocalization ) Fl1 47 7] 38 (recall ) , AT
KEEE T HASK I RS . [R] s , Yolov2 A T%MI\E{L( one-stage ) RGO R 00 3 R A A

Yolov2 ¥ Darknet—19 1E-~ F T K ,@/H\T 19 NEFZEH 5 4‘%7@&4&}%‘“” y N2 2. Darknet—19 3
17T 5T REE, A T 132 &0 HER [ RHIE E (feature map) , e f5 — 2 & RBA It fL)=.

Yolov2 7E&:E RS HEBE N T Batch Normalization /= , LA Batch Normalization = % dropout,iﬁi
Batch Normalization JZF1 dropout A — R 1Y IE AL SR . {H-2 Batch Normalization AJ L) 3 F} 455 A1 ) i Sk
B — BRI F] IR K A, 7E Yolov2 Hif il A Faster R-CNN'"' H1 ) anchor HL WA
K-Means A F XAEVNZRAE h RIS TH5 B 47 s B A A0 8, FH T 54 H 100 bounding box. 7E 51 A
anchor HLHIJE , BLAR Yolov2 FREFEAE /IMIEE T & (B recall FTF T, Ui Yolov2 A B 2 n] HETH 1K) 55 [A].

# 2 Darknet—19 M4 4514
Table 2 Network structure of Darknet—19

Type Filters Size/Stride Output Type Filters Size/Stride Output
Convolutional 32 3x3 224x224 Convolutional 256 1x1 14x14
Maxpool 2x2/2 112x112 Convolutional 512 3x3 14x14
Convolutional 64 3x3 112x112 Convolutional 256 1x1 14x14
Maxpool 2x2/2 56x56 Convolutional 512 3x3 14x14
Convolutional 128 3x3 56x56 Maxpool 2x2/2 7x17
Convolutional 64 1x1 56x56 Convolutional 1024 3x3 Tx7
Convolutional 128 3x3 56x56 Convolutional 512 1x1 7x7
Maxpool 2%x2/2 28%28 Convolutional 1024 3%x3 %7
Convolutional 256 3x3 28%28 Convolutional 512 I1x1 7x7
Convolutional 128 Ix1 28x28 Convolutional 1024 3x3 7x7
Convolutional 256 3x3 28x28 Convolutional 1000 1x1 7x7
Maxpool 2x2/2 14x14 Avgpool Global 1000
Convolutional 512 3x3 14x14 Softmax

1.2 ETEZRFERMESHRNERE
G B BEAR PR, DU B AGEI ) KOHE  B7 - BRI KA RITIYI 22 /s H AR, ALk
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THRC e -8 =58 B X, B e s 2 ARz
B8 SUE B AR TR A, 75 20 0 S B T [a] 05 47
EHE RIS 55 i A0 2 RUOE ARAE ], DL ok 2
I RIIRE . BIAE 5 W RS RS TERG IR
T & FURSE He A BN R Y 26 %2652 % 52,104 %
104 3 3 F /N BRUZE 1544 FUZ 9 S5 B i
/NHLAT Ay DBL (45 #1+ Batch Normalization + Leaky
relu) , FAELFUZ P 1x1 (/N BB H s />
PR ) R R S R I 1 R SRR
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Concat

1x 1 Conv
1 x 1 Conv
1x 1 Conv

1 EEEEZN
Fig.1 Model structure

FEE K 2 s, 76 R SR 224G 34 75K 8 9F 4% (Concat) , BIRIEAT G, 15 2 B K A9 feature map
Jii , Concat T LUKyt R/ IFE Y feature map #4763, 97 ok & B9 4EE 6 = 2 FMIRZ 1918 A5 Bl
FrE—E. ERHTRE 13x13 1 26x26 K/NEFUZIY reorg JZ i E T2 Z [EARF /N EHG H B RHE AR
B A DMERECE 35 1Y feature map , $2 S AR FRUAG I K
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Fig.2 Flow chart of the model
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(3) 5 T R4S 3 1 K438 7 Batch Normalization JZ#E47 1E 4L AL B

(4)f#H 3x3 BB RUZAL B feature map , 153 BIMBEIEHENT B B (5 FE FMBEBEAE rh 28 51 434
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(6) ¥ HFR 5153 i) K158 13 Batch Normalization /2 347 1E N fk AL B

(7)#5d concat K 9E 4 FEER 6 K/NHIR G FLZ 5 H 1 feature map @A K ;

(8) i o J 45 FRAR He vp ) 5 FRZ AL AP B 7 A Y feature map , FEUIE i3 concat BF3% , A= BB AY
feature map;

(9) A UG T/IVINTF 104x104 B NI BkAE AL B8 3, 7500, 453140 H Y feature map , BB EHE N & B 15
J3E MG A Hh 2 1] 53

(10) 715 H feature map I I BEBEHE FIESZIHER ToU {H ;

(11) 45 ToU {E R T S, WIH BR 12 e R HE 5 75 D | £ B A E

(12) i A I [ R g e E A e AE A 7026
2 SRS R BB
2.1 ELEIME

SCEGIAEE . CPU : Intel ® Core"i5-7500 3.40GHzx4 , GPU : &4l GeForce GTX 1080-8G, INA7:16GB, 1
YEZ 4 . Ubuntul6.04.

2.2 SRRHIEE
AN SC I S0 B HE B 43 M TR 43— 0 i Do 454 A R B i A 1 SO USRI | o e s

W AN 5 B BN FireData 30854 ; 55— ®3 MEEHR

ﬁ:}‘ IEIL: Bilkent j(% k%ﬁ%ﬁ E:F VisiFire E@{ﬂ'ﬂlﬁ}% @q {B“J Table 3 Dataset description

UL S 2 PR AT ) -, 80 1 o A fem FirDaa  Visifire Tota

%?T*ﬂ?ﬁfﬁ , %E % EE j‘j VisiFire ;}:&?}:ﬁt % ﬁ *E % E‘ Pictures 5267 1163 6430
— . Objects 9274 3740 13014

RNZS N2 3 B,

2.3 xtbbikne

AR SO AT B AR IR 5 R SO R N TF A B 4 TmageNet _EiEA7 I 25, SR J5 7E FireData 50354 I
PEAT A, B0 IS 78 JE ST ) VisiFire $0H5 8 [ UEATAG I, 2 B 45 455 700 M B e A ) — R E AT HL AR, LA mAP
(mean Average Precision) fE NPT ARIE, NZE 4 7T LIE HHF Yolov2 [ R ib 2 2 #5565 B
mAP A T IR S T 2.3%.

MFE 5 AT LUF HAE R e SOt AR 2 RS IS G B AR R B 5 T, AR SCR BRI 22 18 5 | ok
HEJE AR mAP AHAL AR 5 T 10% , AR Yolovd X T 0.7% ,(H MR E ZL (KT Yolov4.

x4 EBEUERELLR x5 HEBEIMRELLR
Table 4 Comparison of model performance Table 5 Comparison of model performance
Model Yolov2 Proposed Model Yolov2 Yolov3 Yolov4 Proposed
mAP/% 70.2 72.3 mAP/ % 70.2 73.6 77.8 77.2

24 WINEIWEER
SCEIRAEH E Bilkent K2% AR BHEE VisiFire HP A JCH AT | A SCORE IR TR0 JCHE o 4G 00 45
WE 3 fzs. KSR 107 SCHRL 12 SCHk[ 13 ] FISCHER [ 15 ] B3R AR 5 AR SCRE RS A7 % b, X e il 56 245
FnF 6 M 7 Fron. Ho TP AR KGRI FP AR Ik R, TN AR R IO UM IE %, FN AR 3R 1%
F6 NEMFR NG R

Table 6 Detection results on flame videos

‘ o 3CHR[10] 3Lk 12] 3Lk 13] 3CHk[15] A3
L ISLUIEd
TP FP TP FP TP FP TP FP TP FP
Videol 134 98.0 2.0 99.6 0.4 97.8 2.2 100.0 0.0 99.3 0.7
Video2 170 97.8 2.2 98.0 2.0 96.2 3.8 99.2 0.8 98.1 1.9
Video3 264 97.6 2.4 98.8 1.2 97.5 2.5 98.1 1.9 98.0 2.0
Videod 595 95.5 4.5 97.8 2.2 95.9 4.1 97.5 2.5 97.9 2.1
P 290.8 97.2 2.8 98.5 L5 96.9 3.1 98.7 1.3 98.3 1.7
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Fig. 3 Detection results
F7 FNERFENER

Table 7 Detection results on non-flame videos

) ) kT 10] k[ 12] k[ 13] SCHR[15] A3
e ELUiE 3
TN FN TN FN TN FN TN FN TN FN
VideoS 600 96.7 33 98.0 2.0 95.3 4.7 97.1 2.9 97.9 2.1
Video6 100 96.0 4.0 97.2 2.8 96.1 3.9 97.4 2.6 98.3 L7
-2 {H 350 96.3 3.7 97.6 2.4 95.7 4.3 97.3 2.7 98.1 1.9

SCHER[ 107 SCHR[ 12 ] FSCHR[ 13 ] B2 BB B I 45, SCHR [ 15 ] A2 28 S WU B BeAar T #. SCRR[ 10 ] 1Y
DSSD il g8 R FH T Vo™ 454, LAtk 4 SR T/ B AR BRI RE 7, SRR T 00 3% 420K 5 2 Rk
JEVE SUE BT Rl (R Xz 45 DA AE TS 2303, JF A 38 43 MR TSRS B AR 218 SUM5 L. 3C
Hk[ 1212 Yolo BYEHTMIAS Yolov4, Yolov4 HIHRE BEIE =5 T Yolov2 , [HJE Yolovd AYMEHIAT AR 40 = X T ik &
HER A, — S PRIg s AN . SCHR[ 13 ] H A9 Yolov2 il #5 4H LT Yolo A T passthrough layer,
fAT FA M1, SR KE 26%26 [ feature map FIASJZ 13x13 [ feature map #EATIEEE, H RN T 15 /N B irk:
AR AHRLE T 20T R B2 RE R B W B TE R R L E I E & 2R T, X —ZIFARA
RN, FTLL Yolov2 #9/7N HARKIN FEAIE 4 BEAR | 41 Video2 F1 Video4. SCHK[ 14 ] H Y Faster R-CNN A %5
e IR TE ARG 38 0 A B ) 25 e KA A, JEHJRTE Videod X ARG H AR A 5 22 R BN T,
Faster R-CNN [ 5800 15 T HAW AL A &5 | (HU ol TR rh AR R 6 0 R 2 i 0 2 5 B e 45
TR X T B A PR REZE R AR il &, I ELAR R A2 S A IR
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ATSCHET Yolov2 Ut A M8 AR | 3 it 234 i AR RIBARJZ R AT REML IR B 1 st I RO ARAE AR L, OF:
Had i S B BB concat H#5 J2 FIMIRJZ BOFFIE S B Rl S B K, 78 Video2 , Video3 H3F /)y H A5 A K6
RORBT T HAE Videod 1 HARS 1T R ZFE/NREOL T, AT B BRI .

3 45w

ASCL Darknet—19 S F M, $2 1 51 ASCE BB il 42 A 2 R IEE R, —E R 5w
TR/ B AR ARG TN A 3 1 DL A B i KM AL 2 X BRI TR A, o RARJE bt 1P (R
B BRI B TR AR BRI 2. 2 X T 5 4 C B BOR B, SC R, ol U 2 2 95 KM
Kl oK.

[ %3k ]

(1] BEHI. SRR AR R R AT T [ 1] 324, 2020,35(1) :59-64.
] HOWARD A G,ZHU M,CHEN B, et al. Mobilenets ; efficient convolutional neural networks for mobile vision applications[ J].

arXiv preprint arXiv;1704.04861,2017.https ://arxiv.org/abs/1704.04861.

[3] SHARMA J,GRANMO O C,GOODWIN M. Deep CNN-ELM hybrid models for fire detection in images[ C ]//International
Conference on Artificial Neural Networks. ChamSpringer,2018.245-259.

[4] LEE W,KIM S,LEE Y T,et al. Deep neural networks for wild fire detection with unmanned aerialehicle[ C]//IEEE Interna-
tional Conference on Consumer Electronics. Las Vegas, USA;IEEE,2017.

[5] ZHANG D,HAN S,ZHAO J,et al. Image based forest fire detection using dynamic characteristics with artificial neural
networks| C]//lita International Joint Conference on Artificial Intelligence. Hainan Island , China,2009 ;:290-293.

(6] BSCEE ARIMME, PNKSE. JET 270 B A 22 28 5 KRN [ J . RSMIR 27274l (T2 ,2019,40(5) :80-84.

[7] VL¥E, 5. BT RetinaNet L2 > BRI JOGERIIAR 5E[ J/OL] . R K223 ( AAREFRR) :1-7[2019-12-12].
http://kns.cnki.net/kems/ detail /46.1013.N.20191119.1528.010. html.

[8] LIU W,ANGUELOV D,ERHAN D, et al. SSD :single shot multibox detector[ C]//European Conference on Computer Vision.
Cham ; Springer,2016:21-37.

[9] REDMON J,DIVVALA S,GIRSHICK R,et al. You only look once:unified, real-time object detection| C ]//Proceedings of
the IEEE Conference on Computer Vision and Pattern Recognition. Las Vegas, USA:IEEE,2016.779-788.

[10] FU C Y,LIU W,RANGA A, et al. Dssd:deconvolutional single shot detector[ J]. arXiv preprint arXiv;1701.06659,2017.

[11] REDMON J,FARHADI A. Yolov3:an incremental improvement[ J]. arXiv preprint arXiv;1804.02767,2018.

[12] BOCHKOVSKIY A,WANG C Y,LIAO HY M. YOLOv4;optimal speed and accuracy of object detection[ J]. Computer vision
and pattern recognition,2020,17(9) :198-215.

[13] REDMON J,FARHADi A. YOLO9000: better, faster, stronger| C]//Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition. Honolulu, USA ;. IEEE,2017.7263-7271.

[14] 5RA0 A=l R0 BH 5. ZET 220 i b 9 YOLOV2 B (U HARKS TN U7 i [ ] 22 B2 HoR 2441, 2018,35(6)
616-621.

[15] REN S,HE K, GIRSHICK R, et al. Faster R-CNN ; towards real-time object detection with region proposal networks[ C]//
Advances in Neural Information Processing Systems. Montreal ,2015:91-99.

[16] BelmlEL, ) E B E . He TR AT AR AR [ )] PR TR 2274 ( HARFL) ,2019,33(4)

98-109.

[ REMRE  fhIAHT ]

— 136 —



