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Table 1 Encoder module configuration
Stage Input size (heightxwidth) Number of block Number of channels Downsampling method
Patch embedding 256%256 - 96 Conv (4x4, stride=4, padding=0)
Stage 1 64x64 2 96 -
Stage 2 32x32 2 192 Patch merging (stride =2)
Stage 3 16x16 6 384 Patch merging (stride =2)
Stage 4 8x8 2 768 Patch merging (stride =2)

(2) 3 T ConvNeXt 49 i 24 35 W %
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AP 4 MRS B, 239000 B T2 b 2% R 4 AN (]
T HERZ 9 (Stage 1 & Stage 4) (1% HRFIE . 7R
T b, B S g A 2 AR it 110 R J2 SRR P T o X 1t
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S G5 1 DX I R 1 S

EE 2 RERER A 5, i3 5] N &L
) ConvNeXt Block LA — 25 %t filt & 4 AiE 14E 47 U8 B B 7t
HFRIEW . YOl R 2 B S R AR
AR IE s DS I S Il | o Nl = = A
4 LayerNorm V5 — 142 5 GELU ¥ of 38 s JE 2R 3R
IKRE T S RHEIEFENE . BbAh, fEIEE 4 S A M 4R R
5| X\ Dropout 1F W46 5 W& , 4 2% 22 fift ik 0GRS I 32 T

PR AR RE AR 2% 2 A P it 3SR R A A AL
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Table 2 Decoder module configuration

Input size Number of )
Stage . ) Upsampling method
(heightxwidth)  channels
1 16x16 512 Upsample (scale=2)
2 32x32 256 Upsample (scale=2)
3 64x64 128 Upsample (scale=2)
4 256%256 2 Upsample (scale=4)
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RGeS FIR, 455 A ML AR — P g5
TR ALPERE A R LI A R A SRk AR
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.. FUVE N HE A5 Y (Baseline) « 32 3 45 Hi X 4% %A% Fib (1) it

Fl _ 2-precision-recall 10 N e _

-Score= precision+recall B U, THRELSCIG T s RNk 4 s

A, TP S AR S EIG oy B 45 o itk 20 43 1 1E
MM 22 05 B FP O S ML SRS 43 81 45 SR v ok 43 1]
AR A AEGFN N SARH ARG 5 B R 1 5
FEN Y ENHE R BB R 58S
3.2 HRESCIE

N T SRR BT ) CSDA BEHR 1 et | 76 1 il 4
HIEGEAEE LI T M. ks 3 E M E

FH 3 4 7] %11, Baseline + CAM + FFM Lt Baseline 4374
$2 51 2.02% (1oU) F10.86% (F1-Score) ; Baseline + SAM +
FFM Lt Baseline 73 7] #2& i 1.78% (IoU) 1 0.78% (F1-
Score) ; Baseline+CAM+ SAM +FFM Lt Baseline 7 7l $2
= 2.98% (TIoU) F1 2.09% (F1-Score) ; Baseline+tCAM+
SAM-+FFM-+dropout Lt Baseline 43 7l #2 %5 3.26% (1oU) Al
2.39%(F1-Score) . 43 #13% 4 7] 1, %J It Baseline, 5 A il

%3 SwinGrainNet BT FhLEHg5R

Table 3 Variant structure of SwinGrainNet

Network variant

Detail

Baseline
Baseline+CAM+FFM
Baseline+SAM+FFM

BaselinetCAM+SAM+FFM
BaselinetCAM+SAM+FFM+Dropout

Baseline model Swin Transformer+ConvNeXT
Channel attention module+Feature fusion module

Spatial attention module+Feature fusion module

Channel attention module+Spatial attention module+Feature fusion module

Channel attention module+Spatial attention module+Feature fusion module +Dropout
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T SEHETE SCop 1 X 28 78 AR E 5 ERAT T Aok 23 0t
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Bl 3 O % XS L T VR AE S AH i S R oy o B A R

MIE BN A, B2 151 Input i A R 1) 440 B &k
&, %5 2 %1 Ground Truth N B SARZE R . 53512288
%143 53] A FCN | Unet. SegNet . DeeplabV3 . PSPNet ., Swin-
Unet 53 138 43 #1145 3R, 28 9 %1 Ours Jy A& 3C T i
SwinGrainNet i X 73 #1458 .

(DEM T Bl 3a~3g /il [ sk 4 2
AFAEZE ARUR 0 AN 5] V28 i S d Rl R REAE
ANE R R 25 00N BTt (1) SwinGrainNet 5 H 4 26 i
HZmas R R, SEKRE, B MEZE
SwinGrainNet #H#¢ T FCN ., Unet. Swin-Unet 55 5. 7% 5

R4 HRMIBLER
Table 4 Ablation experimental results

Method 1oU/% F1-score/%
Baseline 65.01 76.78
Baseline+CAM+FFM 66.32 77.44
Baseline+SAM+FFM 66.17 77.38
BaselinetCAM+SAM+FFM 66.95 78.39
BaselinetCAM+SAM-+FFM+dropout 67.13 78.62
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Fig.3 Qualitative comparison results of metallographic image dataset: (a)—(g) OM images of different areas for the sample
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Table 5 Quantitative comparison on metallographic image

datasets
Method 1oU/% F1-score/%
FCN 60.47 72.37
UNet 64.87 76.44
SegNet 60.27 72.25
DeepLabV3 59.34 71.18
PSPNet 59.98 71.95
SwinUnet 66.58 77.89
SwinGrainNet 67.341 78.62 1

U K 4 AH 2H 2B Aok 1 23 T 2015 45 U8 DA S S oy
7, {815 SwinGrainNet 8 %5 1 H 22 fifd dvoRi a2 5 AN 17 b 1
B8 i B R SE TG B BT 5 2500 2 A A 1 i)
0T BB R G AR BRI L, 40 1] 3a.3d i
77, Xt H FCN L Unet. Swin-Unet 28 5353, i #& 1 51 e ks
Hiff (1) S0 B 235 B R A 25 5 X 3T HR 5 AT S BT
2 B 5% G 2R 52 A 55 K AR S RS R 20 1) s B 3
3¢ 3g o, A A 23 G v ) B S 30 5 52 B i oA 1)
51 J 28 S AR ) JB 52, FH T FCNL Unet. Swin-Unet &5
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Research on Segmentation Algorithm for GH4169 Alloy Grains Based on a Joint
Attention Mechanism

Deng Bowen, Li Ke, Zhang Xinyuan, Zhao Yanru, Shi Puying, Wang Hu, Gao Huixian, Yang Chao
(Western Superconducting Technologies Co., Ltd, Xi’an 710018, China)

Abstract: To tackle the segmentation challenges arising from the complex morphology, significant size variations, blurred boundaries, and tight
interconnections of superalloy grains, this research presents a grain segmentation network integrated with a joint suppression attention mechanism
that fuses channel and spatial information. The proposed network combines the global modeling capacity of Swin Transformer and the local detail
restoration capability of a convolutional neural network (CNN), and embeds the aforementioned joint suppression attention mechanism, which
integrates channel and spatial information, into the decoder. Results show that this mechanism effectively suppresses noise and texture
interference, enhances the abilities of feature screening and generalization, and reinforces the fusion of shallow and deep features, thereby
markedly improving the continuity of grain boundaries. Experimental results demonstrate that the proposed algorithm achieves an IoU of 67.34%
and an F1-score of 78.62% on the self-constructed metallographic dataset, with all metrics outperforming those of mainstream grain segmentation
algorithms for superalloys.

Key words: superalloy; metallographic image segmentation; attention mechanism; CNN
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