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[Abstract]

This paper proposes a method for efficiently detecting flame regions by extracting color-based
features from RGB images and applying segmentation training using a U-Net architecture. The goal of
the proposed approach is to accurately identify flame regions commonly observed in fire scenes. To
achieve this, the fire images are preprocessed through smoke removal and color correction, followed by
a reflection removal step to eliminate surrounding reflections caused by light. The segmented flame
regions are then used to train a U-Net model, enabling stable flame segmentation in other fire images
as well. Since the proposed method relies solely on RGB color features, it is lightweight in
computation, allowing for efficient and reliable detection of flame regions. This makes it highly

applicable across various device environments and market settings.

» Key words: Flame segmentation, U-Net, Fire detection, Flame region, Reflection removal,
Fog removal, Learning representation, RGB image
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I. Introduction
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Fig. 1.

The flames, smoke, and environmental
features of a wildfire.
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III. The Proposed Scheme

1. Flame Image Collection
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Fig. 2. Comparison results of between original image and

the photo applied with the 3c algorithm : (a) original
image (without 3C algorithm), (b) with 3C algorithm.
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2.2, Detection of Flame Area
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Fig. 3. The result of haze removal based on the
color—corrected photo with the 3C algorithm: (a) with 3C
algorithm, (b) with fog removed using Guided filtering.
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Fig. 4. Features for each channel in the CIELAB color
space : (a) L*, (b) a*.

N
-~

gjgo] upEs e 79lo] o7lurt A4 Aol
o ST FAlof o WL AP 0l83] ] Alde]

(L*), BA /d] 3ha*)o]l BT ARES E2 4%
=0 8p2% R0z WAL (Equation 1 A=),

£l g

L* > a,a* > 3 (1)

oM %t g 2A7h DAL} a*Ado] 7
sb] 9Jst QARLOM B =BoE 27t 1002

A

=2
c o] ol W% 2 29 Bofl sl o] 2 ol

e

rulo
=
o 2

= 25 AR”= o).
£35) ALRAP] Yot 3}

P17t Ak g 7

7]
ol 29 34 FFol2tal st} (Equation 2 AX).

It
R
1o

o
=
1B
1
C
(¢]
N
=
[
x
1o
T
\I

(@) (b)

Fig. 5. The result of detecting the center of the flame as
the gamma value changes : (a) y=40, (b) v=150
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Fig. 6. The result of image preprocessing through the
reflection removal algorithm.
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Fig. 7. Comparison results of between the original image
and the detection of the fire area with our method : (a)
original image, (b) detection of flame area.
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Fig. 8. Comparison results of between previous
method(a)[25] and our method(b).
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3. Solver Extension : Learning Representation
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Fig. 10. Learning results of U-Net.

IV. Experiment and Results

1. Uniqueness and Originality of This Study

2 A= RGB oJufx] 7|¥to g S}HZ Aldfshs a8
Al wp g Aotsto s 710] sixf A| WhalTt chgat
72 AP SR FHAICE AR, 7150 9 sl o
A] A-50] RGB-D, RGB-T 22 5§ Al 7|9He] 1A}
2 tojelg FEsP gilego) gre st YEYT 1



38 Journal of The Korea Society of Computer and Information

o0l ol CIELAB 43219} WI(+) Aidat ey
a2 Lgstol Pao g FA JIe FUPY &
Fstoict. ol2igt M B A7), W), £= Wt 5

= gy

rlr _J|-II

st 34 Qolof| 7Hst 31 AF0] 7tsste
oA 71 71Ee] $%i?f ArEEE
A, 2= 71 A4 oh
(SP-Net, BT-Net)= @.%%QE/H T Ur =A| BH|A
HRARGIe gl Uik} 015t 31l A7
2 sigstet. olE Eoll 2A A 0“‘”011*15 EUr
gt ot AlEebt 7hsshAl Hlen, o= X
o] A84e ol 242 AHgaTh
R, Rioket RAje] skl sle) A Aag B8lo]
U-Net 7]ute] ot 2 24slgion, ol Mdzd
89 TlA3S UYOR AGFORM B HRHS
o]aL, E|AE Hlo]E oA 82%2] dHES 25
o} Zo] B A7 FA2, 35 B, WA A, B
2 g SUHOR neelo) AR oI Xg 7t

2, Color Characteristics of the Data and Scope
of Preprocessing
2 TolA Aotat ge] AlRel ZEe CIELAB A2
o ¥p7\(2*)oh B Ad(a*)e) ZhE TIeto R st
2 7o) mRol, 22 B Ade) sei(RA, &
S 50l ol 2 5@ sol 54 9l A2
RGB ojujx]oflA] -2 7|2o] sjeie Aty
4 52 Jol, 2 Aol Yueo] 7
A5k F70]r,

Kagglet 4 2E5 S5l A1t oF 8,0000] 71O of
A oJo]Al= tiRE AA el FHS 7[vteR sy,

g
HE #2199 228 mgsta sl ol Ui
s Y

E

=

ok&'i i) l‘_\,i

= Ao EﬂOlEW lL 7H ZHE] l Akt
Eot 2 =2oMe S8 A AL =

2 RAshe RAE] gL 88sHA] okttt ok, 3C &

v2]Ed QPR A|7(DCP, Guided Filter), WAL A|A

(SP-Net, BT-Net) 52} Ax|2|= AAAQ I 24 &

/\b_} l,__o]x 71—}\5' H@_]— ﬁgi‘ 1\_11/\01—01] = }\15_11

7 oj2olx|A] erolet.

L. L= R
st DAY %%" =R 9$°“‘°ﬂ EHOH 2 35
o

A ARl

3. Solver Extension : Learning Representation
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Fig. 11. Flame segmentation with our method.

Fig. 112 U-Net& st
s B2 e Zlojo) o] &
HE Foff TtEojFon, X train
oJu]x]o] 1, Y_train £9] olu]xjo] A
= = AMl=g} opaZoloh E?j pred_Label&
=3 29 MlEet o

5

h= o

Fig. 12. A comparison of flame segmentation using the

previous method and our method : (a) original image,
(b) Gunawaardena et al.[30], (c) Premal et al.,[31],
(d) Chen et al.[13], (e) our method.
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