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MELSASESFEANGTRMX, ARG R ELRIEGEL, PR A XBFIEN TR, RS 42T
AR B AT R R IR 89 5 ik 4 Dice £ 2% Jaccard AL E KR E S FE Ao B R
e R 5 A A 94.82% .90.16% .94.54 % .98.80% #= 97.97% , A8 CCNet.SPNet#+ TA-Net 5 7 %,
CA-Net b4 A s it 48 s o2 B BIL T 40 i A2 K 3o 5 F 2 R,
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Segmentation of Al-Si Alloy Microscopic Image by Fusing Class Attention
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Abstract: An improved model of class attention network (CA-Net) incorporating a class attention block
(CAB) is proposed to extract the primary silicon regions of the microscopic images of Al-Si alloys in this
paper. The correlation information of each channel to each class is calculated from the feature map by class
attention block, and the correlation information of different classes is fused to generate attention weights for
correlating the weights of feature channels with their contributions to the class in the task, thus the
representation of important features is enhanced and the interference of irrelevant features is suppressed.
Experiments are conducted on the Al-Si alloy microscopic image dataset, and the proposed method obtains
sults of 94.82%, 90.16%, 94.54%, 98.80%, and 97.97% for Dice coefficient, Jaccard similarity,
sensitivity, specificity, and segmentation accuracy, respectively. The proposed CA-Net can effectively
improve the segmentation effect of the primary silicon region in Al-Si alloy microscopic images compared
with CCNet, SPNet, TA-Net, and other methods.
Key words: microscopic image of Al-Si alloy; image segmentation; attention mechanism; convolutional

neural network; deep learning
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A9V, FOAE T i I E] LN AR AR 2 5 B o FERX AT SRR, — o A RE DA & 3 3 0 ) 22 TR A
T 2 10~20 4F (it ), ™ T BHLAS 158 ARG BF & DERE o R 28 85 4% SR 10 bR IE g A8 2, i s v
B RIAIF &, FZEAE 2011 FE MRS T BA 2B S ) M B LR 411 R 7 (Materials genome ini-
tiative for global competitiveness, MG, #1443 [H 41 5l A — 4~ %2 K B9 H b, il 2 4 26 0 4 RE Y %
BT % (3 AR (T B e R R SR TR L R v B A R G A, S R
P RE B A A B % FH TR RRL T T EL AT LA Ay A S B R A S R A o A R BT R 1 R
K5 b AN AT B ) A
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PRI, DR A 4 B AIF SR T 2 55 198 00 2 23 PT84 B80S 0 o ik 10 45 580 B A R AR TR 7 R L 5
FREZ 80, 91 5 SCHR b i A 52 3045 8 — B A AR 2 b, T LASE s M RHI A3 VLS A R
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1) G o3 80 7 ik 22 B L F BRI K B R (23 1] SO AL AA] B R 55 R AiE R DX 43 R o 198 AN ] 2 8
91 o MGG o3 B T3 vk B B 4 F ik DGR DL DL R TR R A 2 B SR R R T I
KT R T E T 3 M S5, B2 AE T A sh b 3 2 R

AR SR B~ 2] M 98 BUS T B K 280 , 45 BUM 28 9 4% ( Convolutional neural network, CNN)'"/7¢
P A3 265 R A 0 R BRI 2 2 A TN SEAT 45 B U T A BB B k. BT IR E
5 2] B MBS H 52 RE S 1 2l DA v B BRI Y B & R AR, OF P AR BGRs 9i UIE B R B
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2 (Fully convolutional networks, FCN)""™ 45 ¥ , 3 Fh 4% k4 R % 52 B 35t 3 35 (19 /1% 4> %) . Ronneberger
2451 o B R Y VR B O T T 22 B R AR B A L B T U-Net, DI HE X /N B0 4 2 R
B B A IS 2 R A A U T iz B g AN AT . Badrinarayanan 5 UR H AL R 51 IF 6 0
B (0 R S 5 T BN 75 oK M T SegNet. B FEME T & A A F RN XS, HAS R KN
4 I 52 B A 2% 52 o A A X B SO B L T A AR 2 TAE B0 TS 2 RO R AE 19 48 ORI Rl S o
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TR R %% 42 . H SENet' " 7F ImageNet 2017 Pk & 6 WU 76 72 J5 , T 7 D ALHI A 3] 77 2 i 6 .
SE 5 e 1 1o 4 Je P 14 vt Ak R 2 )2 AL R 2 2 A i T A AR, LG R R A AR, S5 A0 R
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Table 1 Segmentation performance of models using different numbers of class attention blocks

A 00 i Dice R%/%  Jaccard AHMLEE/ Y0 BURE/ % FERE/ % WEFER/ %

BaseNet 94.74 90.01 94.30 99.00 98.15
BaseNet + CAB(1) 94.72 89.97 94.43 98.96 98.15
BaseNet + CAB(2) 94.93 90.35 94.82 98.95 98.22
BaseNet + CAB(3) 95.25 90.94 94.97 99.07 98.33
BaseNet + CAB4) 95.31 91.06 95.19 99.05 98.36
BaseNet + CAB(5) 95.26 90.95 95.03 99.05 98.34
BaseNet + CAB(6) 95.32 91.07 95.08 99.07 98.36
BaseNet + CAB(7) 95.47 91.33 95.37 99.06 98.42
BaseNet + CAB(8) 95.46 91.32 95.22 99.11 98.42
BaseNet + CAB(9) 95.48 91.37 95.29 99.10 98.43

MR T AT LA Y B A T CAB BB T &7 SRR 8 AR E 9245 R 2 T BaseNet, X & B
CAB A &4 3t tie it 78 B Xk 0 o i DX SR A 20 I BE 0 o 75 CAB RN EON T3 2 4 DL N 538 2 7 iy i 72
SR Dice 22 8 Jaccard ARBLEE | ABCRRRE FE B A W LT, X R T CAB A it B2 | B8 9 1
AESCHE S . (H, 2 CAB AN T 7 1 B AL Y Dice R Jaccard AHAULBE AR 2 H 724 T 4E
AN, AR AT T R K R R L R 19 0 SR RE T B M LU AR O ) 4R L, AT BR ) T
FONER N HBIVERE . NI, AR SCHe & e PR AR i 74 28 TE T B
2.4.2 RALBARRAZE 7 &8 REYHw

O R T2 B TE ) B BB 1 fE R S
Wi, AR SCAE 56 IR A b xR 2 W B RO [ Y T

®2 FREXKREREH

Table 2 Different experimental configurations and

Bk AT T IH RS, T A Y SE R R descriptions

WK 2WR . LG ME 3R, B9 1 W ]

HESE RN AR 7R o R R 3 AW, B A BaseNet AV 75 9 o R B
TR M B Y RS R A T B A Y RS X X BaseNet + DS AL fE P R 3

TR P B AHF Sl T — Sb ol b X 1 I IR W BaseNet + CAB 200 =

FE % A R0 B R W S B B A A5 R . X T BaseNet + SE 1 FHl SE # bk
BaseNet + SE g & , Dice £& %X . Jaccard A 1) BaseNet + SE+ DS T SE AL HRMIER B2
FE BRI R 5 FIE R 5 A 1L BaseNet 43 BaseNet + CBAM fECBAM

$FF0.18%.0.34% .0.22% .0.03% #1 0.08% , _BaseNet + CBAM + DS i F CBAM FIT i W5 %

BaseNet + CBAM [t & #H It T BaseNet, 18 5

g3 B FE0.41% .0.75% .0.36 % .0.11% F10.16 % . b iR 45 3 15 B SE B8 Fl CBAM ) fig 48 A 20 ik
LR BE , L CBAM [URCR M F SEBibk . %FF BaseNet + CAB BZ &, #] Et BaseNet + DS & , Dice
A Jaccard M BLIE | BHRREE R S BRI A R 43 G B T T 0.7206 11,3000 . 1.0294 ,0.07 %6 F10.27 % ¢
R 2 SR WY AR SR B 28 ) T R HOAS A A TR R B O T L B TE X AN AL b ik — 2D
G R 5 2 1] A A OGP AR R DT A A58 FH AR 1Y A RIPE RE o Horh | U R 4R T R TR R S
TG 43 000 A DB R S B A 4R O U T SRR AR AR B T s o XU R T R O A
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W a] LA 3, BaseNet + CAB it B 7F Dice £ %1 . Jaccard #H ] BF . B0 FIME R R 4 D848 EHUS T &
FEM 25 5 #H AT BaseNet + SE + DS L #, iX #6458 b5 3 5 2t T 0.12%6.0.20% .0.17 % F10.05% , #H
T BaseNet + CBAM + DS At # , X 245845 730 #2 7 17 0.1126 .0.18%6 ,0.37 % F1 0.04 %% , 3% & B A
Eb SE 5 HL A CBAM , 28 il v 52 7 B B 5 25 H0CE B 5L 40 550 1 ) AR AF DA T 8 A 76 5 380 B R 1) g g

x3 TEERREENSS B MELE

Table 3 Segmentation performance of different model configurations

FERIE Dice 2%/ Jaccard MARLEE/ %0 WURE/ Y RSB/ HERRR/ %
BaseNet 94.74 90.01 94.30 99.00 98.15
BaseNet + DS 94.75 90.03 94.35 98.99 98.15
BaseNet + CAB 95.47 91.33 95.37 99.06 98.42
BaseNet + SE 94.92 90.35 94.52 99.03 98.23
BaseNet + SE + DS 95.35 91.13 95.20 99.07 98.37
BaseNet + CBAM 95.15 90.76 94.66 99.11 98.31
BaseNet + CBAM + DS 95.36 91.15 95.00 99.11 98.38

2.5 EAFEFEARATRL

SR T RS TR ) B R A R A L M A B R A 5 2 0 22 R A DA R AR SR 45 R
F 55 2 A ST T I B AT T AT AL o AR SO Sl DA IS S T B rb BURS AR DG MR R B T B — AT R (B
I /INME R I ) 38 T8 S5, AR R K A REAE A K B g A S TE B IR AR B R R R o AT
WAL ZE AN 3 s, Hod Class 0 min A1 Class 0 max 43 3 227 T 55 0 47 B /NME A1 fe K AE 6 7 38 18 19 45
fit:, Class 1 min #l Class 1 max 735l 78 T, 55 147 $5c /BRI S5 JOARDR 0 380 38 19 RRAE , T, 19 55 045 e 147
A3 AR BRI A A

s RO 50 Bl -
f,"’. -

(a) Image (b)ClassOmin  (c) Class 0 r;lax (d)Class I min  (e) Class 1 max (f) Result (g) Ground truth
3 P4 A o5 24N S0 T 0 M ity ] R Ak 45

Fig.3 Visualization results for the 2nd class attention block in the network
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O AT ) 5 A 300 0 K S X AR AT T AR e B o A, DA IRT 3 Hh s AT R & B, i K &Y Class O min
SRR A TR R D A DX, AT BT R AR Y DX BREE 1L Class 1 max 7>, iX R WA [ Class 0 min, Class
1 max JI 6T 07 14 380 38 5 E 500 b ik 2000 2 T AR OGP L 1T Class 1 max O T, 55 147 Hh B 5 R X 1z
14938 18 ¢ 1IE , Class 0 min Sy H A8 1 A FFAE 33 2 DA U A [F] 48 A1 38 18 5 28801 =22 ) A DG ME 9 5 55 ¢ Rl
RBRE] T T, H
2.6 HRSH

ASCHEM 5 B APAL T CA-Net 5 H Ml i) 8 Bl Jy ik, SE g 25 40 38 4 fir s, o ATHLIA AR i T 4 —
G B a5 . S5 R, CA-Net 75 Dice 5 8 Jaccard AH YL BE | S0 BE A B % 4 A F5 45 L ABEUS T
R AEPERE - A L SPNet, X S8 58 b5 73 0 42 71 1 0.81%40 . 1.43%0 . 1.73 26 A1 0.29 %4 ; 1 It TA-Net, 3% LE 45 47
Gyt T 0.8620 . 1.5106 . 1.46 0% F10.3204 o X 2 W & Sl i =0 7y R RE A5 A 00 b 94 5k e AR e 36, AT B
U A T2 2] B ARAAE o AL, R 4 R g i T A5 5D B 2 0 R AR T s KB FLOPs, 25 2R
7R, CA-Net 1 2 $i it 2 7.59 10", 4 b 2 Ui 2> 1) MultiResUNet £ 0.35X 107, 1fii CA-Net #J FLOPs
g 22.89X10°, 78 FIr A7 BE AU 37 B 565 3, 555 1 44 CE-Net H A 22 3.44 X 10°, 3 136 B 7 SCHE H A0 05 2t
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Table 4 Segmentation performance of different methods

A Dice &%/ % Jaccard MLE /% BURIE/ % F5E/ % WA/ % 2406 /10° FLOPs/10°
SegNet"” 93.74 88.26 92.58 98.81 97.58 29.44 83.68
PSPNet" 93.92 88.57 93.16 98.74 97.63 49.07 97.94
CCNet™® 93.58 87.96 92.07 98.85 97.51 52.28 109.53
SPNet™ 94.01 88.73 92.81 98.89 97.68 47.72 92.63
U-Net'™ 93.83 88.43 92.79 98.80 97.60 7.76 27 44

MultiResUNet"*" 93.92 88.60 92.62 98.91 97.65 7.24 37.21
CE-Net® 93.82 88.42 92.60 98.86 97.61 29.00 19.45
TA-Net™ 93.96 88.65 93.08 98.79 97.65 29.56 20.34

CA-Net(Proposed) 94.82 90.16 94.54 98.80 97.97 7.59 22.89

& 4 &7~ T CCNet,SPNet. TA-Net #l CA-Net ¢ 4 A 7 B4 F 4y 145 58, o Ha @br it 17
CA-Net B 01 B ok 384y . AT LLE S, CA-Net iR 9 7B 2 89 9) SR 2,15 3] 1 0 58 5 A4 4 30 %
G, H A4y E0 0 52 B R B2 0T T I FR 2
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(a) Image (b) CCNet (c) SPNet (d) TA-Net (e) CA-Net(proposed)  (f) Ground truth
K4 CA-Net 5 HAhJr ki o> B 4551

Fig.4 Segmentation results of CA-Net and other methods
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