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Abstract

Objective: This study aims to analyze the value of a segmentation model based on U-Net# network
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in the segmentation of pathological images of prostate tumors. Method: Based on the classic U-Net
architecture, combining dense skip connections and full-scale skip connections, integrating feature
maps of different scales to better capture the semantic features of prostate tumor pathological im-
ages. A prostate tumor image dataset containing multiple pathological changes was constructed by
amplifying and preprocessing the dataset provided by Renji Hospital affiliated with Shanghai Jiao
Tong University School of Medicine. During the training process, Dice similarity coefficient (DSC)
and Intersection over Union (IoU) are used as evaluation metrics to assess the segmentation per-
formance of the model. Result: Through experimental comparison of different types of UNet net-
works, the U-Net# model achieved the highest DSC (85.43%) and IoU values (74.27%) in the task of
prostate tumor pathological image segmentation. Conclusion: The experimental results indicate
that the redesigned skip connections in UNet# successfully integrate multi-scale contextual seman-
tic information. Compared with most advanced medical image segmentation models, the method
proposed in this paper can more accurately locate organs and lesions and accurately segment
boundaries.
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Figure 1. The model architecture comparison between UNet (a) and U-Net# (b)
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Figure 2. Node matrix for U-Net#
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Intel(R) Core(TM) i5-12600KF, 1A NVIDIA GeForce RTX 4060Ti 8GB, f#H pytorch 4% 2= > HEHL 4
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Table 1. Experimental hardware and software configuration
1 LHRREHRE

%H BB

BIERG Windows 11
CPU Intel Core i5-12600KF
EF GeForce RTX 4060Ti 8GB
WE 32 GB

FRES Python 3.9.19

REEIESR Pytorch2.3.1
TAE matplotlib3.6.2, numpy1.23.5 £
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PEASZIG o, FRA 18 28 X545 2k R B (BCE Loss) [11]41 dice 1% 2k & ¥ (Dice Loss) [12] 3 #i &A% 7 i
MR G EHIEZ AN ZER . & SUMPR BB B T 04T 5%, RS R 1l il ME 2R /0 A 5 LS
DA AR . ST IR 5, 28 U R BN RiA N

Binary Cross Entropy Loss = —%Zi“:l(yi log(¥,)+(1-y;)log(1-¥,)) )

Hrr, nZFEAEE, v, RFEARIESR, ¥, AU IZ A A o
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BB FEE AR R B0 T 52 SR A K R HORT Dice 457 2% BRI AL, SR M 2, AR SEZIG 451 2K Bk HIORL
HATH 0.5, SR REREAN:

®)

Dice Loss =1—

Lot = 0-SLgce + 0.5, 4)
S i% 48 F Adam(Adaptive Moment Estimation) [13]/F N4 59, B 454 T RMSprop & 1)

DU, P UARIN T SO0 2 S B AR BE T 7 (1 @ MR B, IR VF 2 IR 2 MBS h R B R .
HOR e AR 2 SR

SB AR
BT g9, =V,L(8)
—M%E% m = ﬂlmH + (1_ ﬂl) 9,
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SR AE I ZR A MRS BRI, BLEMIRS: IRy 0.001, fH Adam DAk e Hoit SEACE
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Table 2. Model parameters

#Fz 2 RESH
¥ RE
=B 0.001
EZER 0.0001
Batch Size 4
Epoch 5
R & Adam
KRR BCE + Dice

2.5. VMG GE

A SEI6-% H Dice % 2 %(Dice Similarity Coefficient, DSC)AI loU {fi(Intersection over Union)ff: Ayt
BPPAG 4R bR . Dice VP& Be 5 BUR 7> BT 55 vheies - FE AR, FH T VRAS A2 g 23 1) 45 5 S SuhmiE 2 [T
HBBE. UHES AN BAR o EE S . e — Ml REES AL RIENR, EE 0 3
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TR ) 2 B 1k B T AR B M B (RT R A S BT SS), S bR I RIA W T
2|PAT|

Dice coefficient P 5)
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|PUT|

Horp P R ARSI (0 B S5t X (TS o AT SR R ISR ), T Rom FSL M RT 5 X (O SLHE mh  Al
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Table 3. DSC coefficients and loU of different models
# 3. FEIHEEA) DSC A loU (&

R DSC (%) loU (%)

UNet 79.80 66.36
UNet2+ 82.79 70.73
UNet3+ 83.54 71.53
U-Net# 85.43 74.27

B R ERIE A U-Net# R 7E 5 51 IR i o BE 5 0 BT 45 |, T3 21 DSC AT loU 435N
85.43%F1 74.27%. AHH T34k UNet B, DSC Al loU 43 7l#2 7t 1 5.63%A1 7.91%. AH# T UNet2+,
DSC Al loU 737l 52T | 2.64%7%1 3.54%. [R]IAHAS T 24 i S A Se k) UNet3+, DSC Al loU t4 1.89%71
2.74%MIHE T 45 A I e AR AR 45 4 (1) SRR A L O 4R B0 o3 R B 3 R .
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Figure 3. Segmentation results of different models on pathological im-
ages of prostate tumors
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Table 4. DSC results of ablation experiments with different connection methods

%= 4. TENEZFHERISIIE DSC 4R

R DSC (%)

UNet+ 81.66
UNet# F 83.96
UNet# D 83.74

UNet# 85.43

A UAE HHAE UNet+IERE b, Toil e 2 SR BRERIE IR 2 4 ROT BRRRESE, B P AT RESR T TR R 1
rEIVERE. BEAh, K RPEEEOER R S R R, A RIREIRE EE IR T . kel W, EORT BBk
BRIE P TT A RO G S 2% 52 5 B W IRHER R, -7 7B B RE ) AN > RS RE e & A B

e EE 2 L
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