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Microscopic bubbles segmentation of porcelain relics
based on improved UNet ++
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(1. National and Local Joint Engineering Research Center for Cultural Heritage Digitization, Northwest University,
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Abstract The segmentation of microscopic bubbles of porcelain relics can provide a clearer observation of the
morphology, quantity, and distribution of micro bubbles on the surface of porcelain, which is of great signifi-
cance in assisting relic experts in classifying porcelain cultural relic fragments and identifying porcelain cultural
relics. However, the bubbles in porcelain microscopic images are complex and varied, with uneven size and
distribution. Existing image segmentation methods are difficult to adapt to the characteristics of porcelain mi-

croscopic bubbles. Therefore, a network named AGUNet ++ based on convolution attention unit is proposed.

1575 B 87 :2024-04-20

EEWA : K ARBARE (62271393) s BT E HH T — M0 H (19JK0842) 5 MR BLSLHOR 5 R 4 4 [ T 5 55 00
(AT AR ) JFRGR AU 42 (VRLAB2024C02) .

FE—1EE XA, 2o, TR, WG BEAT SALHL PR AL BRI , yyliu@ nwu. edu. en,

BEIEE K, 2, 20, W AR S0, AR e (R S B BB S 5 T AL 7T, ghgeng@ nwu. edu. en,



-+ 130 - VUL R 2F 240 HARBRE AR

555 %

This network utilizes a zigzag connection approach between nodes to fully extract image semantic features and

prevent information loss. Meanwhile, a convolution attention unit is introduced by combining the dense skip

connection of the convolution unit with the attention gate. The CAU enhances the learning of bubble regions

relevant to the task of microscopic bubble segmentation in porcelain artifacts while suppressing irrelevant re-

gions. Deep supervision and cross entropy loss are applied to the output of each sub network layer during the

training process, which effectively enhance the ability to extract microscopic bubble features in porcelain arti-

facts and refine the segmentation results. The experimental results of this method on the SD-saliency-900 and

PRMI demonstrate that AGUNet ++ exhibits certain improvements in MIoU, Precision, Recall, and F1 _score,

showing better segmentation performance compared to classical image segmentation networks.

Keywords porcelain relics micro image ; microimage segmentation; U-Net ++ ; attention gate
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ZUNet ++ 0.863 9 0.917 0 0.9356 0.926 2
AGUNet ++ (w/5AGs) 0. 866 2 0.921 8 0.9329 0.927 3
H4 FIURIVECREE BT AGs HOF BT L
Tab.4  Comparison of indicators with different numbers of attention gates
Dikes MIoU Precision Recall F,
AGUNet ++ (wo/AG) 0.863 9 0.917 0 0.863 9 0.926 2
AGUNet ++ (w/4AGs) 0.848 5 0.902 6 0.932 8 0.917 5
AGUNet ++ (w/5AGs) 0. 866 2 0.921 8 0.9329 0.927 3
AGUNet ++ (w/6AGs) 0.863 9 0.920 6 0.930 0 0.9253
AGUNet ++ (w/7AGs) 0.853 0 0.906 3 0.934 9 0.920 3
AGUNet ++ (w/8AGs) 0.863 5 0.9259 0.925 7 0.925 7
AGUNet ++ (w/9AGs) 0.863 5 0.9259 0.9257 0.925 8
AGUNet ++ (w/10AGs) 0. 860 6 0.9156 0.9325 0.923 9
(27 2 AR T X AL A9 ), B 3R EEA
5 #iF IFDEAR /N 9 26 88 309 5O E , 045 3

REARAELE A A B A i B AL e 22 7= A AR
A HLEE Y , o3 B H A S A R e 2 o SR N 5
HA R0 8 B30 B B <t
SR HAT R BUN L A S 5 o BEXEE AR 3C
Yy i o AR AP B R A R, B — A R
AGUNet ++ [, J 5 30 8 ol 18 5 b <l
oyl ZMZETE UNet ++ JEfif] R Z 592 BRR
TR AN [R) R 19 3 TR0 1 P e, i 3 5
B SO WA BT 55 DGR O X BURAIE

54 1R SCE E B A5 30T ER A0S0 4 4G
o IR ELH] A SCHR Y AYECE AGUNet ++
PO 288 Tl A T 45TABRF) rly 9 ke o BBHfE 4R SD-sali-
ency-900 DL K a5 2 Sl B 15 B di 4. PRMIT X 3R 3
H U 19 0 E R, H: MIoU | Precision |, Recall 1
F\ 73 BUEYSA —E $ T, 15 0. 866 2.,0. 921 8,
0.932 9 F10.927 3, [EA}, AT Ab 255 5
AR TE AR S | 5 21 1) MIoU | Precision , Recall
FF, 53 B E R
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