Computer Science and Application HE PRl %5MH, 2019, 9(6), 1183-1191 Hans X
Published Online June 2019 in Hans. http://www.hanspub.org/journal/csa
https://doi.org/10.12677/csa.2019.96133

Indoor Flame Smoke Identification
Based on Convolutional
Neural Network

Yan Bai, Zekun Xu, Sen Huang, Xianchi Yu, Tan Li, Wei Zhao*

Northeast Forestry University, Harbin Heilongjiang
Email: "861421488@qg.com

Received: Jun. 8", 2019; accepted: Jun. 21%, 2019; published: Jun. 28", 2019

Abstract

The biggest problem people face in life is the problem of indoor fire. In recent years, fire detection
technology based on image pattern recognition has attracted the attention of many researchers
and developed rapidly. With computer technology as the core, combined with image processing
technology and pattern recognition technology, it can effectively detect and identify fire flame and
smoke characteristics, gather people in the market, and play an important role in fire alarm in of-
fice areas and production workshops of enterprises and institutions. This paper analyzes the dif-
ficulties of smoke and flame pattern recognition, and uses kinematics detection method, feature
extraction, convolutional neural network and other methods to solve the shortcomings of the tra-
ditional method of indoor smoke and flame recognition which is not accurate. The result shows
that the accuracy of the scheme can reach 93%.
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Figure 1. Flow chart of moving target monitoring
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Figure 2. Convolutional neural network diagram

B 2. BRHZMLEE

B 55 A0 JHAFRAT 3 70 R F PR R 22 X 2, A0 5 R0 3R AT TR A 1) 52 mobilenet W 2%, Ak iR il 3K
AR HIFZAE Y tensorflow [ CLF& G HIAHZR I E% S5, TXARE AT DU IR R 5515 1) B A O U RACR [4]

Mobilenet & —Fh e TR FE A 7 B SRR Y, VR BE W] 3 B B R — Pk b dE AR 7 il R 2 5 A1 A
Je—A 1% 1 BFIBRRNZ f B KT MobileNet 11 5, IR FE A AR RN BN i\ I8 T8 I FH BN IR 2%
BEAT RN, ARG RN 1 x 1 B IRERIER S & A R B GRS B 0% o MRS v AR — 2 RO e
A NBAT S SRR — RV . RN 7 BB T PR, XA B R AT IR AR
JG R BRI G IX RO iR RE IS AT R R B D T R LSRR ORI

AT T RN B RE, BAVEH /2 mobilenet-ssdo SSD 24 1 SLBLSLI B ARSI TG 3111
Faster R-CNN 4 F — > [X 38 i 1 /¥ 4% region proposal network (RPN)™= A= 1] Gg A & 4 74 1 el 3 X ek (— M)l
SR 2000, WIS 600), Ff H A X S0 g W XA T RO X PR 3R 4T 4r A1 E 7 . Faster RCNN 24k

DOI: 10.12677/csa.2019.96133 1185 THENUR 5 N H


https://doi.org/10.12677/csa.2019.96133

E|

Ly

%

PR RZRAERD 7 W1, X078 AS R A2 SEmT M. SSD JEITHUIH RPN RANE# A 2 . N T 9R M I
HIEE N

SSD SRHX 1 — L it 77 v

1) $EEC T AN ROBE ARk PSR AR I, DR RO BEARAIE BT R 1T PRV RFALE BT) o] DA SReAsr /N, T /)N
JROBEHRRAIE I R I PO ARRAE T FH SRAS I DR A Ak o 3K e Mgk 77 v Ao /e SSD A F AR 70 2 i Gl vT LLIA
FI| Faster R-CNN [R5 B2, 1f BACEREEE SR, AT EIPTLAE H, SSD IAF 2 b HH ¥ 18 FE 5 HLUS BEE
58T Faster R-CNN. (FiFEIIFMFE AR S m AP-TRISF- 3K ) o

2) KH T AR R FIK 55 HE IR S5 36 AE (Prior boxes, Default boxes, 7£ Faster R-CNN H I {4 (Anchors).

3) K CNN R E ST, A Z1% Faster RCNN Yolo FREEAE AR Z 2 G kel s34
B

4) ¥ AR R T B As kil .

BN JAERAEH B QBRI ML, WSR2 —~& - il - B8 - il - B - ik -
BIEWRE - AEEE - 2ERE, WA IR T2 W 45 BRI 2R IR G, & ML iR I
TRIETI 26 TR0 R REORAS — 38 22 ARG, AFR IR BE R R IR A 22 0 2% R 1R 45 SR — & AP I . FEFE I
IR 28 [ 3k A2 HR 4 FH 1 tflearn, 3X 52— N tensorflow BB — N A =7, FRER# tensorflow #5 #
P 28 3o T 52 2% 1) )

2.3, RISFFAEHREN

MK AEFIHH 25 1) SCERRFAE AN T LA REAE N T, SEEINT KB RN 25 B A 0[5 ]

KIGHTEY RS B A I — MR A LT RRAE 23 BT o SR KO B (0 5 28 B3 e I H ) PR X A A
No JURTRFAE L AE S BRORH AR P L TRIAR B K A0 5] 2

1) $eERHRE

HECHLRE R fe A B K S I A 2 e BT RIARIA R, ERZEEL T, K
B IR R MR, HERE KR T e s E K. Bk, TR E R, YRR R T —
SE BIE I, NI AT REA KA X, IO FE R X SR AR B an T ] 3 B

Figure 3. Characteristic diagram of flame area

B 3. K AaXIEHHEE

2) R E
[ 2 ] — K AR s R U B . iSRRI OR B RO, G ks B, FEREE 2, G,
AN CHHMETE 0 AT 1 2| [FFE, BT KIERARARN, v LB RE C (I 1/2.56)
4nd,

- 2
k

Ck ,k=1,2,---,n (1)

DOI: 10.12677/csa.2019.96133 1186 THEAURF 5 R


https://doi.org/10.12677/csa.2019.96133

ol 4SRRI, P RFKBIRA K, CARRKSHRE.
3) mAK %

TERK KGRI B KHATE R T BT AR A WS K. R iR, KIETARI R itk — €
FEEEM IR, T — R TR S & HE AR . DG, 38 W] DA B B R 58 AN IX 3802 75 7] Rg 2
KIEX I o

R) — R
Gi _ area( l)t area( l)to (2)
t—t,

area(R,), B IXIF R AEIN 18] i ¢ FITHIRME, T G AN 10 ) ¢ INF[R] BN R, X3 THIAR AR AL 32

FERRIIFIIEM B, KIGFE G P AR BT . FERRR I R, RIETEAR AR At &t ok — &
FERE AR, T — BRI HARA S ZE AR . I, 38 W] DL B B R 5 AN X 2 5 ] g2

KX I

JURTRFAEZE R JOEAE B A — NS IR B . R SRR BRBIR I, 3 55 B RF A A sl A
e P& R EIRAAE . Shi, A A AL A QAT I AN AR, T LA R T
BLas = > IR T59

SUMURFALIE AL RIS B M 2 JG AT 70 M o TS B AR TN X 45 1) SO AR AL AS o AR 2 A
22 [R) 224 A e THRFIE

—Brgiit: IR IER RS MR R EAR SRR, ABEGRRESHBBER AR R. FIHX
WK ETT BRI G IE . W LI — I ST R AR T BRI AR

—ZBrgeit: SRR R R ER SRR MR MR AR, RIS K ET
B2 B B AR R NI KB SET S5 R, MBI A M R B R @ P ME R I —
IRFERIGETHEE R o H LI — I TR A AR EERE o SO IESR BUE 0 R 4] 4 P

\y f
UltimateChase.com

:

Figure 4. Flame feature extraction figure

Bl 4. KIAtFERREE

2.4 B MEFFHENG T

XTI 55 R I Zhad AR s Je ot R B0 InER, o RN SREeE S AR e 5, I s SR AN I 25
IR AR, HT AR 2 RBEATRE, INE AT Rk, BB M4, — i
MM ITCHISE, BEEE—MRAKAT loss PLEIR ] accuracy [6]. X BT keras #E I LS, i
H B0 St 2 45T mobilenet, 4R 5 /& model mobilenet.predict(x).reshape((7 * 7 * 1024)), 5% — &3 ¥
s, REHEEH CEEIMAENLE, RGHREECEEMEMNERTNSR, RaffBREsr 2
H OS2 1251 7]. monilenet Z5FAAHEZE W2 T AR FEAN P 5 s, — NArdERIEFR 1(a) o iR
FRIRBEB L 1(0) LA S 1 x 1 BIZE B 1(c).

DOI: 10.12677/csa.2019.96133 1187 TFENER S N A


https://doi.org/10.12677/csa.2019.96133

HE 5

R -0 00 - OY-

Figure 5. The working process of convolutional neural network
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Table 1. Mobileenet neural network architecture

%% 1. Mobileenet 122 PW 4% 2244

Type/Stride Filter Shape Input Size
Conv/s2 3%3%3%32 224%224*3
Conv dw/sl 3%3%32 dw 112%112*32
Conv/sl 1*1%32%64 112%112*32
Conv dw/s2 3*3*%64 dw 112%112*%64
Conv/sl 1*1*64*128 56*56*64
Conv dw/sl 3%*3*%128 dw 56%56%128
Conv/sl 1*1*128*128 56%56%128
Conv dw/s2 3%3%128 dw 56%56%128
Conv/sl 1*1*128*256 28*28%128
Conv dw/sl 3%3%256 dw 28%28%256
Conv/sl 1*1*%256%256 28%28%256
Conv dw/s2 3%3%256 dw 28%28%256
Conv/s1 1*1%256*512 14%14*256
5xConv dw/sl 3*3*512 dw 14*14*512
5xConv/sl 1*1%512*512 14*14*512
Conv dw/s2 3*3*512 dw 14*14*512
Conv/sl 1*1*512*1024 7*7%512
Conv dw/s2 3%3%1024 dw 7*7*1024
Conv/sl 1*1*1024*1024 7*7*1024
Avg Pool/sl Pool 7*7 7*7*1024
FC/s1 1024*1000 7%7%1024
Softmax/s1 Classifier 7%7%1024

4R 240, T 2 G #E BN Relu, 41N & 6 AT, 4% 2% Softmax i T4 2% . MobileNet
35 28 Z[8].
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Figure 6. Layer connection diagram
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Figure 7. Schematic diagram of im2col
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Table 2. Other parameters
*2. Hit2H

Type Mult-Adds Parameters
Conv 1*1 94.86% 74.59%
ConvDW 3*3 3.06% 1.06%
Conv 3*3 1.19% 0.02%
FullyConnected 0.18% 04.33%

MobileNet 1 FH i1k 7775 4 asynchronous gradient descent, 5 Inception-V3 #[H, [F A& /N5,
AL E S FrBh RS A& A IR S 2 s g 5 10].
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Figure 8. Flame and smoke identification results
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