$£52% F5H/2026 £ 5 B/HENTE SZiR i

HEEFEGSENREFIRURG SR TME T AR

FHE R Ak
(L LS TR A BBk SR 2 L5 10002052, th H A2 BB BE BB L3 100029)

W OE EFER S BITE RS AR B Hh 52 B ksl 25 04 015 38 e v 2 S P B2 5 11 R DR 5 1) S AR A T
55 o EEXT R 2 G O3 E I 28 R AL TR AL 5 VP 8 AR AR AE 18 B Bt ARG R, B 7E R o R I 2% 25
F&) AT 55 R AE R $5 bR =38 18] A9 38 e 56 28 - 4678 1k & J A2 S5 PR B s AL, A s T 1) 52 o 7 FH 75 2R 19 265 44 -8 A
VCECHLH . LT 2020—2025 4= Web of Science 40> 848 i A0 AL 8 Pk SCRR . 15 e Hi PR Transformer, B #1224
(GNND P R Y 45 =+ 20 13 TH ML 5 AL A s SRR B as b R A 450 R 5 | VB 0 G B R AE s 352
HEEA NS TGS SRR ST AN [R] W 28 25 KA 76 2% B L R 5 i 20 20 25 ML BUAT 55 b i) 0 Bk e A o e o LE L T
952658 2 R HE B (HD95)  Dice AHEL R £ (DSC) A3 H (ToUD 25 HIF8 5 » 31 U510 H HD9S. 7 . 5 52 24T 55
HE K CDSC X/ B AR U AN 2 ToU 75 245 K4 X 43 J7 1 A7 7 Jmy B 45 [R]85 I )i i — 25t 7 T g A i H S5 4T
55 FFIEANVC D B e AR R L KA A T AT 55 45 K4 48 b M 2 WL, 12 3656 AT 5507 52 19 38 At 8 g . O 41 sh 45
4% B WB R ) SRS AR A Ty [ XA Y AL RE T R AR R HEE A

KEEIF . B RR N E] s R T 24 2 5 IR 50K s PEM PR AR 2 5 1T 45 18 B

HRESES: TP391. 41 XERERERD: A DOL:,10. 19678/j. issn. 1000-3428. 0253035

Review on Deep Learning Model Architectures.and Performance
Evaluation Methods for Medical Image Segmentation

LI Hui', LIU Jiayu', XU Yaping2
(1. College of Information Science and Technology, Beijing University of/Chemical Technology, Beijing 100029, China;
2. Department of Orthopaedics, China-Japan FriendshipsHospital, Beijing 100029, China)

[Abstract] Medical image segmentation enables pixeltlevel localization of lesions or anatomical structures in
multimodal imaging data and serves as a key foundation for computer-aided diagnosis and clinical decision-making.
This study addresses the rapid evolution of fnedicalimage segmentation network architectures and the inherent
limitations ( semantic ambiguity and statistical. inStability) of existing evaluation metrics. This study aims to
systematically examine and delineate the alignment among network structure, task characteristics, and evaluation
metrics; reveal the method development ‘path and performance boundaries; and establish a structure-metric
matching mechanism tailored to practieal clinical needs. Based on representative literature from the Web of Science
Core Collection between 2020 and*2025, this study first reviews the design mechanisms and evolutionary pathways
of core architectures, such@sIransformers, Graph Neural Networks (GNNs), and Diffusion Models (DMs), and
then summarizes the es§éntial characteristics of lightweight, hybrid, and prompt-guided paradigms. Subsequently,
by integrating empirical studies on public datasets, a quantitative comparison is conducted across different
architectures in typical segmentation tasks involving organs, tumors, and brain tissues, covering common metrics
such as the Dice Similarity Coefficient (DSC), 95% Hausdorff Distance (HD95), and Intersection over Union
(IoU). The results indicate that HD95 exhibits high variability in boundary-complex tasks, DSC shows limited
sensitivity to small targets, and IoU presents insufficient structural discrimination capability. Furthermore, this
study reveals the statistical causes underlying metric misapplication and task-metric mismatch; constructs a task-
structure-to-metric recommendation mapping; proposes a task-granularity-based metric selection strategy; and
explores how dynamic networks, self-supervised learning, and cross-modal modeling contribute to the enhancement
of model generalization.

[Key words] medical image segmentation; deep learning; network architecture; evaluation metric system; task
adaptation
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The DSC is strongly biased towards single object, therefore not appropriate to
measure the detection of multiple objects.
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(a)Improper formulation of the problem
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(b)Poor metric selection
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The hierarchical data structure is often neglected when aggregating, metric values,
especially important for different numbers of cases per varlable.

(c)Poor metric application

ES5 DSCERRABEREER
Fig.5 Schematic chart of DSC common misuse issues
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I FFEBR LA GAT: 55 5 7/ BRSSO T E
T HDI5 ANEAE i — 5 S8 bR . 85 i R
[1E HbrAS &, i E i EE T

Sy ik HDIS FE/)N B AR H Ry EREE A7 H Y i 2l 0]
B, SCHRE39 14 i Boundary F1 Score UL K BB {k
HD(Localized HD) , % 5 FE 7 A — Bk 5 1 etk

Ut ST 6 ARG 1R V0 i ) 5 SR 1PA
3.1.3 RBURZETE IR

AIXHAR R 22 (RVE) o 71 5 A fL S B
SEARFR A AR T 25 5, PPAL 43 H0 45 SR 1) 22 48 M A 7 o
HAh B A 454 Volume Dice 8548 5 A&FH 2% (AVD)
T 2 R A8 B 30 A AR — Bk 5k, DU 3 4>
LR AE 2 R AR S AR e .
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ZE W MCC (Matthews Correlation Coefficient) Fl
Cohen's Kappa i iz [F] i % p& 3 P  FCBAE A8 FH
P BB, S A 2R 2 5 BT S, It
#b, Precision-Recall {1 £ 9 i £ CAUPRC) A %5
ROC-AUC W gE S WL E SREA LU A 1Y 3 25k
RE. TE/IN AN b B P Je e FB-score . MCC &,
AUPRC, MI7E 2 &% B 43 # b W iz e it DSC 5 BA,
DLEAT B AT P4

W 1 prs , NE B A B AR — 3k

*x1

GER—EUE 4 ANYERE DA TSRS AR AR, H
Hi: Topology Error $§ 142 43 H 45 578 45 44 1%
[ NPT 3 S T = N o S o d o N B e
(Entropy) i Fii 25 A0 Ml (s B2 40 5
FH T A E PR A 012 A o R 22 (ECED PRAk #5275
B BE 5 S BRE  0 D 22 A B T4 I PR T A
BEMEANZE 42 s Uncertainty Dice S22 B 0 A & M
I DSC A, 2545 i it 43 B 4 5 A5 0 g HH R
Wtk Z MIME R,

AR TS S

Table 1 Common metric categories

Metric Dimension

Representative Metric

Typical Use Case

Overlap
Boundary Accuracy

Volume Consistency

Structural Consistency

Uncertainty

Class Balance

Dice, IoU, Tversky Index

HD95, ASSD, Boundary F1 Score

Volume Dice, RVE

clDice, Topology Error

Entropy, ECE. Uncertainty Dice

Sensitivity, Specificity, BA,
Ep-score, G-mean, AUPRC

Basic prediction region aecuracy
Evaluates boundary efrors in sensitive structures
Assesses lesion volume
Ensures connectivity and topology (e. g. » ventricles, blood vessels)

Reflects modeél uneertainty regarding input/parameters

Detection and'recognition in class-imbalanced or few-shot scenarios

3.2 EBELEE

DSE, HD95 $5FRIZE I, W% 2.8 3 s, Hid, 2519

AN RGP Z MR E 2R AR b PO PR R "R IO S,
x2 ARE-HHRE-DSC R

Table 2 Maodel+dataset—DSC table %
Model BTCV ACDC LiTS BraTS KiTS AMOS Synapse
A3DS-SegResNet" "] 80. 69 90. 69 79. 28 90. 79 81. 11 87.27
A3DS-SwinUNETR") 76. 54 82, 68 68. 59 89. 90 52. 82 85. 05
CoTrk 81.95 90256 79. 10 90. 73 84. 59 88.02
MedNeXt-L-k3M"] 84,40 92. 65 82. 14 91. 35 88. 25 89. 62
MedNeXt-L-k5"] 85. 04 92. 62 82. 34 91. 50 87. 74 89.73
MISSFormer! ‘! 87.90 81. 96
nnFormer[ 1! 80. 86 92. 40 77. 40 90. 22 75. 85 81.55 86. 57
nnU-NetH] 83. 08 91. 54 80. 09 91. 24 86. 04 88. 64
STU-Net-BH 83.05 91. 30 79.19 90. 85 86. 32 88. 46
STU-Net-1.l"] 83. 36 91. 31 80. 31 91. 26 85. 84 89. 34
STU-Net-8-%) 82. 92 91. 04 78. 50 90. 55 84.93 88. 08
Swin-UNett! 90. 00 79.13
Swin-UNETR-*! 78. 89 91. 29 76. 50 90. 68 81.27 83. 81 83. 48
TransBTSH1-12] 81. 31 90. 66 87.03 86.52
TransUNett 4! 83. 80 89. 71 77. 49
U-Mamba-Bot"*"] 83.51 91.79 80. 40 91. 26 86. 22 89. 13
U-Mamba-Enc-*” 82.41 91. 22 80. 27 90. 91 86. 34 88. 38
U-Nett! 76. 85
UNETRMY 66. 06 85. 29 81. 20 84.10 81.98 78. 35
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Table 3 Model—dataset—HD9S table %
Model MSD-Spleen ~ MSD-Brain WT ~ MSD-BrainET  MSD-Brain-TC ~ MSD-Brain-All Synapse
AttUNet™ 4,09 9.00 10. 45 10. 46 9.97
CoTr w/o CNNE! 4.75 11. 49 9.59 12.58 11.22
CoTrH 3. 86 9. 20 9.45 10. 45 9. 70
MISSFormer*! 18. 20
nnFormer!*!) 10. 63
SETR-MLA! 4,09 15. 50 10. 24 14. 72 13.49
SETR-NUP!! 4.12 14. 42 11.72 15.19 13.78
SETR-PUP-* 4.11 15. 25 11. 76 15. 02 14. 01
Swin-UNetH! 21.55
Swin-UNETRM! 10. 55
TransBTSH — 10. 03 9.97 8.95 9. 65
TransUNet*! 4.03 14.03 10. 42 14. 50 12.98 31. 69
U-NetH4! 4,09 9.21 11,12 10. 24 10. 19 —
UNETRE! 1.33 8.27 9.35 8.85 8. 82 18. 59
UNETR++ 4 7.53

3.3 ERMES

4Gt TEERIRE TP IR G R, BdE
Gt 53—k )5k BRI T RS [ A T389ME
35 ; Min-Max I — 4k, Norm (Cpge ) = (Cpse.—
52.82)/(92. 65—52. 82) s Norm (D ppes ) = (D s =
1.33)/(31. 69— 1. 33); MALZE AR > Sseore 0. 6 X
Norm(Cpg) +0. 4 X (1 — Norm (D ypgs ). SH T,
D yyps i‘%ﬂ? HD95,

*x4 HAUGEE

Table 4 Model comprehensive score

Model ComprehensiVe, S\ omi(C)  1—Norm(Dyp)
Score

MedNeXt-1-k5 0.874 0. 905 0. 831
MedNeXt-1-k3 0. 865 0. 889 0. 831
U-Mamba-Bot 0. 860 0. 861 0. 859
STU-Net-L. 0. 859 0. 867 0. 847
CoTr 0. 857 0. 861 0. 851
nnU-Net 0. 855 0. 848 0. 863
STU-Net-B 0. 854 0. 845 0. 863
TransUNet 0. 853 0. 851 0. 855
U-Mamba-Enc 0. 852 0.838 0. 867
STU-Net-S 0. 851 0. 840 0. 863
A3DS-SegResNet 0. 849 0. 832 0. 875
TransBTS 0. 848 0. 826 0. 887
nnFormer 0. 847 0. 830 0. 875
Swin-UNETR 0. 844 0. 809 0. 895
A3DS-SwinUNETR 0. 834 0.778 0. 907
UNETR 0. 825 0. 661 0.918

Transformer 2844 (41 UNETR. Swin-UNet) £
3D IR 73 %) (BraTS) R IR 7 FEAR BT E
i K¢ £ . DSC Fl HD9S £ BUL T 1448 CNN,
il CNN 284540 (40 U-Net,nnU-Net) 767N B 5. i1
SO 55 Cn TSIC H548) v 50, RETE 47 52 HURy
FRANTT SRR . TS RLTE 3 FORG B TR
B £, ASSD il F KT 2. 0 mm, 78 52 2% X 4 5 4t
HSCR AL TFRifE CNN,

IRE 5SS CNN JHRE S Transformer/
GNN 4 J5y 8 , KRB 45 49 7 %1 3Z 1k % 5.
Prompt i 8 AU T 1Y 42 78 5] S AL (40 SAM-
Med) B A& FREAR //DHEARMERERE 7, 36 H T ES B
RCR T B8 A8 S PR 3 55, BN B s A (H A
2D LS5 R RIG M AL EH IS 1R

SR o T 1 R AR BB AZ 2 Fh SE U0 SRR 24, 4
F A R BT IR A S EOR I B
VS DR TN i o I N I E AU RE = T g i =2
D7k (A2 A A& 25 FLU) 3 FURDRE B2 b 31D o mf
RERZ M e ZTAG 5 S . PR itk s LA Rz R vz kit Xt
AR PR ISR L T 4 & 2 4EVE 54T 55 5
ar B RN WSS A AT A FIWT .

4 ETFESHEIRRRASTSIERE

4.1 iEHRRASH
TE B2 R BT 55 BOTFAG b a8 G bn 9 2
SCT L FHAEE T Oy EWPHAG TR SR . 7E4TE
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55 LR HEAT IR

AR 55 R R BB ) EERAN[R] , B —FE pR g T
IJEAARER BT A AL 55 09z Ak fig 07 1 R, ] 4
Transformer Z2#4J7E BraTS i il 985 /£ % h DSC I
FRTH(3 %0 ~5%) HFE ISIC AT 55 2 T A 2
150, XIFARBEARYPERE T B, 1M 2 BRI AT 55 XS RRAK
AR Y T 5K B 5, Transformer 19 42 Jr) £ A5 fig
FEIZIEEE N T ELL 3 I Rz Bk 28 4T 55 TR At i S
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DX 3R LS DX 5 ) B e ) e 21 T AN 1) My A 4
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Error* LS BT R 1 25 F0 e
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TN AN
4.2 ETFESHERERE

ERRG G EUE SRR, 2 E 2
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fig. AU ST AT 55 OB B PE A R R AR O
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A S EE 55 IR A T IE il 150 AR AR A
FARTR 21 L35 WA A0 e i) 25 A0 . 3 2K 468 g 3 5 i3
FaE VH A 22 S5 W G TR RS 1) BE AR TR SR ORI 254
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422 ISk

Jieg S kb o3 ) R A TP UNIE S 2748 1 B
B S B S A R DX R TS A N i R
TSR] I S0 AN XA AR ) L 3 A i )
SRR o ik DX SR A R RN JES
% T HEASHN , 5155 BV (R 4) JK BE A 22 57
055 5 Il P S T 1 o, A FE IR DX B 5R IX L S
X AEAN R AE 21X s AN Al 7 L /N AT ]
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Loss ™ 5| A focal ¥ N F v A9 #4128 . DSC/
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Table 5 Segmentation task—feature—metric table

Segmentation Task

Feature Keywords

Recommended Metrics

Organ Segmentation
Tumor/Lesion Segmentation
Brain Structure Segmentation

Vascular Segmentation
Multi-Organ Segmentation

Interactive/Weakly Supervised Segmentation

Large volume, clear structure
Small target, blurred boundary
Complex topology, multiple brain regions
Slender branches, critical connectivity
Multiple classes, large structural differences

Uncertainty. interactive optimization

Dice, HD95. RVE
Tversky Index, HD95, Entropy. Focal Dice
Dice, clDice, Topoloss, ASSD
clDice, Precision/Recall, Boundary F1 Score
Mean Dice, Class-wise Metrics, HD
Entropy, ECE. Click-based Accuracy
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