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Smoke Senmantic Segmentation Based on Uncertainty Calibration

LIU Zhi-Hong, YANG Hai-Bo, JIA Jun-Ying, LU Xin
(School of Information Science and Engineering, Shenyang University of Technology, Shenyang 110870, China)

Abstract: Smoke detection is very important in early fire warning. The existing detection algorithms are basically based
on deterministic convolutional neural networks. However, deterministic neural networks tend to give very confident
prediction results, even though they do not know whether there is a target object in some regions at all. In particular, the
smoke edge region is more transparent, making it extremely easy for these areas to be confused with the surrounding
environment. Therefore, the detection algorithm cannot make a good judgment on this region, producing a large number
of false positives. So, an improved DeepLabV3+ algorithm is proposed. First, the algorithm optimizes DeepLabV3+ based
on Bayesian ideas to output non-deterministic feature coding, so as to quantify the measurement of uncertainty in the
predicted image and calibrate the learning process of the model. Secondly, feature coding is preprocessed based on the
preprocessing idea to reduce the amount of information of irrelevant interfering features, and the feature fusion capability
in the DeepLabV3+ network is strengthened to make full use of the multi-scale feature information extracted from the
network. Finally, the upsampling operator in the DeepLabV3+ network is optimized as the CARAFE operator to reduce
the loss of important information in the upsampling process. The model achieves good performance on the open
SMOKESK dataset, with the MloU index reaching 92.41%.
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+ AL (6, w|x) @)

3 SEESr T

ARSI BT F 9256 R GUEA 5N Windows 11,
il 47 & CPU A Intel % 19-13900HK, 32 GB W17,
GPU 4 GeForce GTX4070, 8 GB A7, i Fl I & 27
SJHEZE N PyTorch 2.2.0, CUDA 11.8, Cudnn 8.9.7.
3.1 HIBEMITMNIERR

ASCHAE SMOKESK ##a 5 FdkAT 78 73 5256 LAIE
B 7RY F A 2% . SMOKESK ¥l #6125 400 7K
1B, IS LS % 3 5 G U 5 3 5, 28R SRR
PEK, PR AR TR A 12 30040 4R B AT DAR U b 2% S 25 1)

FHEgRAS(E B, HARE KA B HIRE ARG 4
LG BLGR, tAE A ) ) AR AL T DL B G & N S
B FRAEAE A [ 0 25 Ao I A 55

TEREBYHEAT YR 2 11, 75 B H0H SR R 4 45 21
RS R UIE £ . B0 B 1 R 4y A0 4 BE L AR 7 1
B UIZRE ARG L 1) W BEALECR T3 E
0, PAERESE RN 3 B I SR 52 A5G IR S AH [7), 38 4 1)1 25
VL AT S A e Y A M NI I8 = | 24 X S
EEE LU & B 9:1.

SMOKESK #4588 r ity MG H G FoxF R ¥ B4
PR, HARZAGE N 0 Fi1 255, Hrp I S AR E XN 0,
JH 5 X 38N 255. 1T DeepLabV 3+l 25k F ¥
HEA N VOC #8378 VOC k5 3Urb, b8ty SHE R EN
0, MFRZE AT SR R 1 IF4h, PRI RS 2% SMOKESK
ol S AR TP AT SR R AE N 255 AN 1.

RN IWSL RV 2 (G | CIL SR S g i
(RSP 4058 3 L. e AR A () P 34 52 I Ll B ol B AR
SR BT R E R E TR S AR, P
EHHE T ARG A S A A B IR 4R
HA A, Pk B A A ) S RE A2 A BE 7, ot
AN

1 & Pun
MioU = 5
U= D E ©)

K
=0 Z Pyy+ Z Pjy— Py
J=0 7=0

Hor, K RN 5 CLAMATE RS EL Py, 48R
KJETH H R NE T RVBEREE; Py 248
AR T 56 J R N H RN BREE, Pyy
FRIEAJE T H R B N H BB REE,
2 AR IR R TR S FIVE R Hh i E 4R AR
3.2 IIZLETS

T 52 HR 4E 1Y) RESIZE A3 5%, RESIZE w] LLf#
B BB R AN FF— B XA AT DL A 5 o
£, T HL B 4 ma A A0 2 ROBEARFIESS B 4 B 1R
DR P BEATL G e« B R s R ke 8 0 B
L2 FEME. BURIG s J7 v T DR THE 2 A e I B &
FFEAR, T 55 2 S R R, L BOHERR T HLAL
/D, R I A 25 B 4R 1) BRI 5 o AN AT 2D (7).

FLR R VI ZRH 4 A R i 5. A SC P A FH )RR AE
it 25 /2 ImageNet ZHE4E L Hill 2511 MobileNetV3.
A5 AE AR 5 4 b T Sk A R AN ] DA 285t
TP A B TR BAR T AT S5 BRI SIGE B, B B
WA TE KU 48 b BN ZR ) a6 A B B 7E HARAT:
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55 b HEAT RIS U s LAYSC S, TA] M A P 31 i 2
FEARH IR, thAEIERS S ST A% O B AR,

B J A VIR B I P 5 22 (R DA 4 S e A S i
P AERA E T AR 2 ), AT LA A R AU
W% 326 AR KRR P b 5 M S T P W B85 T, i AR AL 2%
ANIE A S RT DA #5458 2R 1) B 4 140 75 [ DL A, 38 B
N Jm s A A SC R I DA &% s Zh & K SGD
PLALES, ML T SGD fifb s, Je5I A3 & K5 K Fip
PRI BN SR B doe DIEfige. Oy 1 ik — 20 et G B R B N R 2
AR, AT T AT 22 2] R AU, B4 gt
Poly =7 > SN, 12 D00 SR T LARE 5 > 956 VR 2 it
) AT B A, A5 I R BEAHZEA
NI, BAARIEA:

POWER
ITER
LR =BASE LRx|1- ———— (6)
- MAX ITER
Horr, LR FoR M RTEAE K K% > 3 K/, BASE_LR

RPIUE 22, BN 0.001; MAX ITER s KiEAR
FIR, BN 500. POWER NEEIRAEEL, 59 0.9.
3.3 REMMRENTAHRASIE

AT 3 Ay, B 1 AR SRR SRR Mobile-
NetV3 Zifd#5 . RFAEAL BRI AT CARAFE ERFES
TR Rk, %8 I R MobileNetV3 g it as £ 4
4 Bayesian_MobileNetV3 Jahd#%. 5 2 #i5r SL 50 55 ik
Bayesian MobileNetV3 Zifil 2% #H L& MobileNetV3 4wt
A IARNE. B 3 R SR A T AR SO AL S H A 22
B SN EIBALTE SMOKESK i 45 13RI
331 THREESEE 1

AFNEE 1A KEK, %iE MobileNetV3 4 fi%
25 PR FEAL LA CARAFE L RFESE T 5.
A AL R DeepLabV3+ (Baseline) 2 fi% 2% A
MobileNetV3, 5| N4FAEALFEAEH 1 CARAFE | SRAf
HF, HSEE MobileNetV3 A ¥4ty Bayesian
MobileNetV3, ZHfE HEMA ML, 10 1% A Certain
DeepLabV3+. #1555 Baseline (Xception) /1 Baseline
(ResNet101) #HAT LLEL, 455 W A DeepLabV3+fTH
s, B 7 MR 2 23l R 1 AN [RIASE B f s ) 5 R
FYERE. 24T 7 7T LLE H Certain. DeepLabV3+AH#;
T Baseline (Xception) I Baseline (ResNet101) BN
BIRARTE. 20 #r 3% 2 AT LAMS 4518 #1H MobileNetV3
GRS A% . FRAEALBRAEH DL X CARAFE ERMEETH)
Certain_DeepLabV3+H# T Baseline A Jr#&7t. Fh 5|

8

NFFIE AL ERBEEL, MIoU $2& 7+ E] 91.54%; Hpdsiest -
KEEREER, MIoU #2713 91.49%; o] LAF S kit %
FERSERLI S TH /0N, {H 2 25 A RRAIE T3 AL B AR B ) A5 45
KHIHRTE, Tt B R 3 G IR FH 2 R B 0

Baseline

Baseline
(Xception) (ResNetl01) DeepLabV3+

K7 A % S R I
K2 VHRERSEE 1

KB  Label Certain_

ZHE FRTEE MU

1

o M) (S) (%)
Baseline (Xception) 54.709 166.841 89.90
Baseline (ResNet101) 58.037 89.862 90.86
Baseline (MobileNetV3) 11.725 25.515 91.43
Baseline (MobileNetV3)+Fp 11.801 27.153 91.54
Baseline (MobileNetV3)+CARAFE 12.236 33.232 91.49
Certain_DeepLabV3+ 12.312 34.870 91.77

332 JHmhsER 2

AT 2 Hor s, L 2 H K AE T 5T
Bayesian_MobileNetV3 4 2, Bt A 7 S 56 6
Certain_DeepLabV3+H1 1] MobileNetV3 £l #5 & #:
Bayesian_MobileNetV3 Zfd#%, 3 Hic iz N5 Ky
UnCertain_DeepLabV3+. 5] A\ Bayesian_MobileNetV3
) = I DR AE T 1% 9 i 25 P DA SN € 11 RN B
1k, 51\ Bayesian MobileNetV3 J& i LLFil 45 4E & 24
&I 2 TR E SRAEE KD, RIEET
AN 58 M R /N R AR A B R 1) 2 2] 7 1m) . [RGB IR
Bayesian_MobileNetV3 A 24 1% 1) S BEAE T 460 H AR ek
Horh AN PR IR AE A 25, B (4) TS H0 4, 1
AR B 8 FIFE 3 73 5 AN IR Y pg G 235 SR A


http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

http://www.c-s-a.org.cn

i H AR G N A

i AT £ 0 55 445 S I R R DU B, AHACT Certain_
DeepLabV3+, UnCertain_DeepLabV 3+ I 2 S A Fr
FEFt, I XTI ZS Rih 2 56 AP AR EE. ISR 2
AIDLE H: FE B AT E TN 3 2 5, AR & A E
PEZHOR HE 40 % B 3, BB RS I 1 RE SR AT T — 8
3R T, S8 R/ AR, (HR A T4 T &
£ AR B/ SEEGIE B Bayesian. MobileNetV3 Af
LT MobileNetV3 £ B 47K, 51— J7 B 77
Tt D T 25 X R BB . & W AU R AT B
M5, AR AN E SR s A 28 2 G 2, mT DL
GBI AN 1 1 1R 5 X e (0 H R 55300 4 X 30
PRI T B A BT, AT 75 381 5 4 1) T 45

1
!
!
!

!
]

Certain_
DeepLabV3+

B8 B M 5 AN R MR A 45 SR 0T B
K3 OHESLER 2

UnCertain_

Rl
o 1% Label DeepLabV3+

Certain_
DeepLabV3+

13811
IRENN]
1182
1 0}

UnCertain_
DeepLabV3+
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~ I

DENSEASPP
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10821

Ko 5 At gl o3 IR RS I 45 Roxt LE

*£ 4 NSz

Y ZHE M) FRITEE (G) MloU (%)
UnCertain_DeepLabV3+ 12.665 36.653 92.41
Certain_DeepLabV3+ 12.312 34.870 91.77

333 HHAMBALHAT L

HNit— B4 UnCertain DeepLabV 3+ %1,
AF ¥ UnCertain DeepLabV3+15 HiAh 28 i iE L 43 #|
P27 SMOKESK ¥4 FLLAL, f45 FCN. FCNV2,
DENSEASPP. PSPNET. CGNET. BISENET # ICNET
S5 &9 FIFE 4 J3 9 AN [RIASE AR Aol 445 BRI R

i ZHE M) EATHEE (G) MU (%)
Certain_DeepLabV3+ 12.312 34.870 91.77
UnCertain_DeepLabV3+ 12.665 36.653 92.41
FCN 30.021 641.731 89.02
FCNV2 35.308 52.839 90.00
DENSEASPP 9.173 31.397 89.87
PSPNET 46.583 52.946 90.71
CGNET 491.956 7.110 89.10
BISENET 12.795 26.094 90.61
ICNET 26.119 20.343 90.67

9 MIZE 4 o B AT LAAS B 4598 A SOt i
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