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Fire Detection Algorithm Combining Adaptive Gaussian
Mixture Model and ResDN
WANG Wen-biao, SHI Qi-heng, HAO You-wei

(School of Marine Electrical Engineering,

[ Abstract |

rates, poor adaptability, and low efficiency in complex scenes.

Dalian Maritime University, Dalian 116026, China)

A lightweight and efficient two-stage video flame detection algorithm was designed to address issues of high false positive

In the first stage, an improved adaptive Gaussian mixture model

(AGMM) was employed for rapid background modeling of video image sequences. Suspicious candidate regions were extracted from the

sequences by leveraging the flickering and surging characteristics of flames. In the second stage, a residual deep normalization and

convolutional neural network (ResDN) was used to discriminate these suspicious candidate regions. A simplified residual block was

introduced to replace the original convolutional layers for a lightweight design, enabling accurate flame detection and localization.

Compared with traditional classification algorithms, the proposed two-stage video flame detection algorithm effectively overcomes

environmental interference in complex scenes, rapidly and accurately identifies flames, and demonstrates higher detection rates and

adaptability.
[ Keywords |

network ( ResDN) ; machine vision; deep learning
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Adaptive gaussian mixture model target extraction flowchart
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Table 1 ResDN network structure

WA H HE BRERT K
Input — — — —
DN1 DN 32 3x3 1
Resl Residual _unit 32 3x3 1
DN2 DN 64 3x3 1

MaxPoolingl Pool — 3x3 2
Res2 Residual _unit 64 3x3 1
Res3 Residual _unit 64 3x3 1

MaxPooling2 Pool — 2x2 2
DN3 DN 384 3x3 1
Res4 Residual _unit 384 3 x3 1
DN4 DN 256 3x3 1

MaxPooling3 Pool 2x2 2

Flatten — — — —

Densel Dense 2 048 — —

Dense2 Dense 2 048 — —
Output Dense 2 — —

Res3 Pool2  DN3 Res4 DN4 Pool3

/384 2560 7256 L2048 ,72 048”7 2

Yo e/
12X12 |2><|2 6X6

12X12 12X12

Input | INJE
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Fig.2 ResDN network structure diagram
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Fig. 3 Simplified residual block structure diagram
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Fig. 4 Background modeling results presentation

TR A A 7S ofe 4 T VP Al i S6 58k iy M g
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TEOL T, HSV (hue, saturation, value) #5558 4% AH X
Kl AR KA R . SR, Ry 1 B £ 4 BB M 1
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A I e 25 B R B AR HL AR, T AGMIML AR AU A1
FEL S 2 AL, T 58 BT 5 5 A9 TR T, B 4R U
AT EET,
2.4 REHRETR

2 PG T ARG A HSV . GMM (A
SO IR A5 B Y REAS K I 4 | B3 54 B IR
500 sk E R, GoitHr JOEREA R

7E Video4 il VideoS H1, i1 T TH H KK D,
3 kB SRR B = BRI FE 1T 7E Videol |
Video2 , Video3 H, 38 1 i TR A1 7Y 19 14 5E B ik
LT HSV BEALFESE 1 i iR A AL HSV AR AL iy
T2 RN U6 AR AL | B2 AN RS DL B0 8 A T 9
PO RE /SN I 1 (A el W s W N =

R2 BREUE

Table 2 Sample detection rate

- LIl B

R HSV GMM AGMM (A SCARAY )
Videol 0. 546 0.854 0.926
Video2 0.834 0. 608 0. 644
Video3 0.816 0. 854 0. 906
Video4 0.912 0. 822 0. 906
Video5 0.924 0.938 0.930

ARG R T i 20 o0 A R [, S REAR A b 7 52
FB . MHILZT, H N m IR G A B BE 8 Rk
TR ZHL R E B sh Wik SOt ik GIR
SRS 5, 7R HT SR BUE S5 R B S, 7R A
SR T Y H AR P ICIOR W 200 T AL I Rh 7 12
ELA T R 98 ST A R 3 1
2.5 MEIIZEBFE

15 4% W 2 I id 72 MER 32 (ACC Rate) |
K2R (DR Rate) B2 (FAR Rate ) Al 2% oA 4K
(LOSS) A AL H:

MEs FTULE 1, U204 5 50Uk 5 & A A
10 00075k H. & 44 b 4k 2R, 5 58 Y1 ZR B AL Ak K 36
5K, 4 1000 %8, HP7ESS 150 S 2% th LAl 5 A
T, SRt PR AR B P
2.6 Xtbikg

T FH 3 N e T TR AR AR R A 1A T AL B
TR AL PR 515 3] 0 TE SRR AS HEA T R 8 3G 5 JE )]
AR . S (o FHAS SCO7 5 R 2 ML) o FR M 28 ) 2%
( convolutional neural network, CNN ) R 2% ( 40

VGG16 \Res18 Fll Res50 %5 ) Xl i 48 i 47 X Lt ik
%o IPHEERAETLAER 3 o,
®3 ILLXWE
Table 3 ComparativeExperiment
ik MERR R RER BIRRN/MB
ResDN 0.97299 0.969 42 0.022 94 97.8
DNCNN 0.969 04 0.96448 0.02575 195.0
Res18 0.970 56 0.970 89 0.030 95 46.9
Res50 0.969 95 0.966 00 0.025 51 170.0
VGGI6 0.933 64 0.89574 0.023 16 526.0
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Fig. 5 Training results display
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