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Automatic extraction method of air bubbles in icing microscopic images
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Abstract: In view of the problems of high missed detection rate and inability to separate adhering
bubbles in the extraction of icing microscopic images by traditional image segmentation methods, a
method combining deep neural network and traditional segmentation algorithm was proposed. Based on
the attention U-Net network, a two-branch fusion prediction strategy was adopted to extract the bubbles in
the icing microscopic images. For some bubble adhesion problems, histogram equalization and local
minima were introduced, and a watershed algorithm based on distance transformation was used to segment
the adhesion bubbles in icing microscopic images twice. The experimental results showed that the two-
branch prediction prediction Attention U-Net network was more accurate for the extraction of bubbles in
different icing microscopic images, especially the detection rate for smaller bubbles was higher. The pixel
accuracy, mean pixel accuracy, mean inter-section over union and frequency weighted intersection over
union of the test images reached 0.9767, 0.8916, 0.818 8 and 0.957 5, respectively. The watershed

algorithm based on distance transformation also showed good performance in the segmentation of sticky
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bubbles, providing quantifiable data support for the subsequent statistics of the number and area of

bubbles.

Keywords: aircraft icing; bubble extraction; image segmentation; watershed algorithm;

two-branch fusion prediction model

RALEE VKR AL AT L R R 2
— o BV CHLAY B PERE, T H 2 FE
IR AT AP R AE, A RALAY RAT R BT
R E LA, S E N n] RE S BCAT R Ik,
WF5E RALES PO AR IE RAL AT 22 4 i HE 2P
Z—

H1 T 45 VKGR A AN TR, 25 DK LA Y 45 1 1
S DA R A BEALE o AR 3% o2 W AN S0 R
JE, 5 45 viEVER o3 W OK . FR DK AR A kP
FEl P A TRAILEE Pk s 22 A5 DK pKOE B 45
VKA, B 235 ISR R Bl 5 e o A ) 45 D T AT
9T, T B R 45 vKAME | 45 vk B S5 o B gl
UREGEEURIN 2R Z T8 5 A%, B X 45 UK P9 TR o
SRR B A o TRALES DKL B v KR
B A S UK AR, TEROES H T A 3 R 7K B AN
W v & R AL BGRAR, IF B RDE s,
A A A R R A IO O A P R AIE | 2 Wi
W] SRR S 0K BE Y BN R Y, du s 5 4
VKBV 2 T 2L BRI, LU R | AT R BE
5 B AN, e AT U R A L FLARRE SR
TR DRI TS R R i ) 2 B, S vIOE SOl &5 4
FHIE S A RS EIEZ R R . TRAERE UK
A A B R AR, AT A T S Bk A K AR 4G DK Bl
B DRSS RS AE T B0 AT 2 B e St P

FURT, 2R A oK oML 48 4 5 1 B 1Y 2 20T
FEIT R PR A v B R P iy <™ T
S5 UK AR A R B N R BDE, Bl a2
B, SRR R 0 BRI I 2 AT SR B A
AR R R A AR O R AT SR 2
A A SR A 53 43 1 75 2O 25 vk UL 25 4 v
A REAT SR, BT ik AR AT DR G H
A WL R A 9 S, R0 B3 SR A I, B
B R M e A 5, ) 2 3 T R /N ELA
IRt AR — R A RN BT . BRILZ AP,
M FE KRB % | BB S B E . AT A
FIE BRI B 19 22 57, S5 0K B RS h Y
A REERR /MR 22 5, AR B
3 AT BE AL AT AT 25 AR A 8, 2 B0 A
USSR 2% . AR GEIRIR 3 FI R 2 2 A
BRI R JZMF B, TCRE X 2 Fh 25 vk S F T 25

VKR R P R AR BT 55, R BASORG i 19 <
WK 5 2258 T M0 BRI T AR A5 R AR > TR
KM, 2 T 52 00 J5 S (] 245 DK % 5 45 DR B 45 4
Z [R] A

VAR, TR 2 2 A R 43 B 5l 32 1
A AN i o 2] s b ok R R T AR 3, 38 fig 78 43 )
R E U5 B, S5 AT, se s gt
TS i 5L 0 4 L Bl A B 28 I 24 (con-
volutional neural network, CNN) f{j [~y v i, —&&
5T CNN IR BE 2 2 B AU AE KR 43 1 45 B B
AEEI ST . FONUP SR H 44 BRI I 25 B A8, 4
T EME S BIROR, BEE T BB 2 > fif o (K115 45
E YL R AE S ; SegNet!™™) | PSPNet!" 1 ICNet!"™) 43
) SR FH XTI 2 5 k) L 23 ) A5 FRORT 2 K ) 4%
W TR IR, 2F— DR F AR BRI
U-Net"% SR FH 4 ik 15 1y JEL o Ak R 0% 422, Ry /N
A Gy BB ST 52 AR o AR R T O %8 R2U-
Net!"” J£F U-Net BRI 38 )9 5% 22 B A M 4%, H
T4 B B2 2 B4 ; Attention U-Net!'™ 7F U-Net W 2%
I AGE R IR, R T EIR R . AL
T G G 538 7 1, X BE R 2 3] Ty vk 34 S
TEERE R BRI

50K B ER SRAEIEE . AT T
55 I 2 0 A A0 I Y 240 B AT AR ARl 2 Ak, ) B
5k R EHR B T RGP R R 2, SR S
PR PRI, 326 26 UG /MR AR 23 B RS R ] B AR N )
PRFERA . i —20 i T45 vk i B R b R A e A
AU, 8 R OR I SO AR EUR R A HAR TR
PRI X, 5 S5OTR B 2 2 BRI M DA 2 ) HRRAE, 33X
1R 58 7 1 B 5 Rl B 2 HORG A0 . ARk, [
WAHMF 22235 P2 AN R J7 060k % B AR kAT 40
w0 SR A % AR o0t [RJE i R E bR AT 45
FU SR BRAC 45 1 43 K 04 SR ARG 3 3 1 A 022
FIR FH T A I ) 7 i 43 B oRG i B AR, Hor,
FET AR A 43 7K B B A R ) 43 7K WA Y
it 3 FI IR, (R A G M AR R D R R AT TR A
Gy IK UL 8 T MR X8l o B 5k, A3 IR
B AR IR R TR (AR PE A g 2 28 R 30 , 7 =5
[ 457 b A A LK B A T AR 2R s B A



2740 o= 3

VAN S 1

38 %

B ) aE S AR iU 9. S S ek ot [ N = A7 S
TS BRI PR SR AR 51 4, Bl 1k 4

PEIEE VRGO 4548 U RRAE 2 8 B IAIRZS 7K
2 AR AR AT ER . AR SCER R 45 UK I s ]
G T S AL B A B RIS A A 1 DRI 3 =it
R [R), B8 ) — i 25 5 TR B2 o 28 IO 24 A% 52 43
FIBE Ak A Sh R ELES VK B R . i
T EE S5 R A Attention U-Net W 2%, Fl| A X 43 =2
il U0 SR W P 7 v A T A I A AR A Y
PRI, 38 328 2R 46 003 SN 3 B 53 357 il 4 B s
KB B SRS AT RS, DA A n R
o HOR, MRS AN B AL TR
SEFAE, SR H 2 TR B AR 1Y 43 K e B AT
WK G35, il DR A3 Rl 3 T, D S e
ST 4 UKTEOWLZE A8 55 45 DR S A BB A R S 3t K
B 00 5l S A%

1 HAXEBRENA

1.1 REF3) 5 E4ZE Attention U-Net

Attention U-Net 7E Ji% 4 1] U-Net ¥ 4% 25 #4)
I B TIHLE], 76X G i 25 B4 20 HER LA
TIE 55 At g vh X O AR AR 2R AT 3% 4 2 T, A — A
£ & /1 (attention gate, AG) i, iZARHLGE H sh
FEARRIE R R EE B HARGS A . AG BIHLZ5 4 4n
B 1 PT7R, xi x 3l R Gl o3 ) AR 21T 1 R A i
BB A3 B R AR P, H 28 0k T ER ) A AR Bk ofE AL
(batch normalization, BN) J5 AHill, P& 3@ i 28 1
B PR 2N (rectified linear unit, ReLU) . &2
Sigmod TG PR BIALEE 1A, 5l 5 g i d
R RRAE [ AR TR, 153 %, B R A ER
ASHH O X3k, [ 28 H 7m0 HIME 55 A H B9

FFE
]
i v
[ vags | [ vaEsl |
i v
[ ftpfite | [ fthsifeft |

Sigmod PRI %X

By

Bl 1 AG KRkt
Fig. 1 AG module structure

Attention U-Net 148 19 AG 44 AF5#E U-Net
Ry, DLoE H EEERRAE, ELA Y X 2% 25 0 DL K] 2.
fife B 0 ) AR ] e 2R AT R AR AR S B R, 5 i
0 ) R AE ] — TRl 26 A AG B He 45 2] 47 AiF AL A
FENEAER [ -5 i i a1 RAE R4 [ 14 A7 3%
$% . TS U-Net #i% Attention U-Net 7 J
i B 43 B L Y RRAE 55 A5 25 o0 0 AR A
TR Z AT, T AG BEH RS A 6] RBE (Y R AiE
A AN R AR, % R R REAE B AT 3 A
TR, 3 98 AR5 0 DXl R A1 ) AN AH 56 X3 1)
TR, DT A 2550 1 A 7R T 00 g 2R 0
Rz .

»3x3 4] > BBl o AGHh

L vkt - B
_ﬂ 2ALRFE odmm @ AMERE

2 Attention U-Net [MZ545 44
Fig.2 Attention U-Net network structure

12 BETHEETHRNSKIE

BT R R AR A S0 KU BN B AR IC I o
KW SRR, B AR P RIE A I FFR U B i
P ) e A B A A A A LAk Y 2 15
PRA I B AR B o T B AR 48 4 73K e
FER B A Z 5, R R B AR R —
Pl 5% 014 1 g A5, e R (L0 1 R R et 2 D7
SR BUbR 12 Az AR I, PR 0 K e 728 48k, 25 R
rEIE

2 ZkBHEGKIERNAE

A SR XL GE IR 53 80 07 15 B B 4l vk i s 14
B AR TE IR 2 1 L R 25 K AR [R] R, 42 4
K FHUR B2 27 > R AR G 507 R A PR 1 AE 25
G 7 AT A B, DUAR S SO B A S R
R G BL G AR LA S ST AR R 45 K k2
[F] P R 2 i {4k ORS00 B8R S F . AR SO T s
LR W53 32 il A P 5 W (1) Attention U-Net 43
S ) A0 B B K b SRR A, PR
BE T IR A A 1 K U SRR AT R 43 il b
TR UK % Y [) L

ARSCHR Y B B4 B R D7 AR A 3



AL MR — g vk AR Y [ SR U 5 2741

g
R

IREE Attention

i U-Net
| PIE EF
| i

B
Attention

e

DB REsME

lErE ) me |
if Ptk |

LT Attention U-Net i B4y 32 fili-& 7l

TR AR ) 70K 731

K3 S5uk BB P A S B0 AR R

Fig.3 Flow chart of automatic extraction method of air bubbles in icing microscopic image
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Fig. 7 Bubbles in icing microscopy images extract results in different models
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