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[Abstract]

This study proposes a deep learning-based segmentation framework for accurate needle monitoring in ultrasound-guided biopsy
procedures. In this study, we propose a semi-supervised learning approach utilizing a frame-prediction diffusion model, Masked
Conditional Video Diffusion (MCVD), to address the critical challenges of limited labeled data and insufficient high-quality
unlabeled data. The MCVD model generates additional realistic ultrasound sequences through temporal frame prediction, thus
effectively addressing the issue of unlabeled data scarcity. Subsequently, through the pseudo labels algorithm, the teacher model
generates pseudo labels from unlabeled data for the student model to learn, where both labeled and unlabeled data are utilized to
achieve progressive performance improvement. Comprehensive experiments demonstrate that the proposed framework outperforms
existing segmentation models including U-Net, Attention U-Net, and Swin U-Net across multiple evaluation metrics, including the
Dice score, IoU, tip-position error, and trajectory-angle error.

MOI0] : o w3 £om M7, Bal, FAIE 8%, B oY

Keyword : Image Segmentation, Ultrasound-Guided Biopsy, Deep Learning, Semi-Supervised Learning, Diffusion Model

http://dx.doi.org/10.9728/dcs.2025.26.10.2839 Received 04 September 2025; Revised 25 September 2025
@ @ This is an Open Access article distributed under Accepted 02 October 2025
@ e the terms of the Creative Commons Attribution
Non-CommercialLicense(http://creativecommons * . .
.org/licenses/by-nc/3.0/) which permits unrestricted non-commercial Corresponding Author; Suhyung Park
use, distribution, and reproduction in any medium, provided the Tel: +82-62-530-1797

original work is properly cited. i .
E-mail: suhyung@jnu.ac.kr

Copyright (© 2025 The Digital Contents Society 2839 http://www.dcs.or.kr  pISSN: 1598-2009  elSSN: 2287-738X


https://crossmark.crossref.org/dialog/?doi=10.9728/dcs.2025.26.10.2839&domain=http://journal.dcs.or.kr/&uri_scheme=http:&cm_version=v1.5

C| X" 2El = &5[=&X|(J. DCS) Vol. 26, No. 10, pp. 2839-2848, Oct. 2025

.M 2

Z5dk 5 AR RS do) AR olgell A oF Ak Bl =
e ets B AT AR ARG A dxke
AR Rdskar IEH 1], o] Al AARE Z259F G 7hold
2 8lel] =3 A vhse 4] Ajlste] 24 AES A
Fohz HoR, 7 = o] €Ak ol3kEE dAs
AN E 2 A AL=E Aledch 53] 7, 3L
A, AHA T v 719 =4 W XIeke] ot 11 9]
oe gol FHLIsHAl Aol slom A AAA o=

2

¥ 7e] 225 I A AAPE s g
29l 22 AHsh FAke) HAE A AN ks

.
kj

4%

F7 9 A vk A7} BRI o] Alge] 43

S5} g0 Andrh et 285 Yol vkl

AR 2t el IRE B4 A, 29 wmo)x,

&% YA Qs whs 9 24 e o] ok

58] nho] gt Wk 0] opl 2wz Akl 1) Y

Shz 2w b 28 v

A2 whso] 7S A AstAlRih &
Foubse] FAVE &9 RG2S o Yehses
comet-tail artifact®} £ 4 T2 A3 vl 9F]
sloks v L o] P A T o] s Bl Aleko® ] &
Hyl o mRlzAf B3hgh s 5-8H4 S0 A vhes FAsHE
o] oJE S Fon o= A& AlTke] AT k) b A
3= oJod = gltH[2],[3].

H G Ve 553 21T 3 95 93 A
ofoll A gk Ad¥kseo]l dEhtar itk Convolutional
Neural NetworksE 7|92 2 & U-NetZ} 2 o7 |HX 5
2 o5 G Al o) Aol A Holdk Adeg HolF3lom
259 vhs FE wobllM e thFek Bl AljkEo
ZcH4]. =3k Vision Transformer 7]HF HPHEL
self-attention WIAYES 53) global features &}
2 WA 7)E CNN 714k ¥ did] 9573 A
sk ey o] 3 A& shE Nk Held i
o2 tj#ke] 114 labeled datals Q82 g
Ql IS 7HA AL Stk o], o5 G4 ok 54
7ol sk 4] o] 8 FE = labeled data?] FH=
L2 AghAoln dolg 3 B ehdly] dAolA sk
T2 H]E AIRHA A|oko] AA| A Ao Fo HHoR

(

¢

A

1 o
rp rllo ﬂl[O
P rf ol mtl X

rron
A HE 1 oft oz [o 1]

0%

olglgt dlo|] B EAIE #dsly] 1% ke =A &
| FEa QItH6]. 53] pseudo
-labeling®} 722 7] unlabeled data®l thal] 2do] A
43t d55 pseudo labelZ -850 g5 dlo|H & 43}
= gl slAa oz AaEa ek 7]. Pseudo Labels
= 3 -3 FEE 53 pseudo labeld] FHS HxA o
2 e ¥ =2 S @ WHESR Atk
labeled data 3HEolAe] a37F YFHATHE]. 1Lt 9

N
y
QL
>
z
i

!

n
(]

http://dx.doi.org/10.9728/dcs.2025.26.10.2839

5 9 BopllAE %2 9] unlabeled datazxl A g1
B97F Wol degk FAE SEoRE St A
& 7Itat7] ofgith olelgh Wt A A4 RS &85 v
ole] S4e] F7HAQl Ao w Fakstal U9, [10]
3] Diffusion model 32 #F9] @AH3 95 J7d A
3 o Qs F wAlS whaL JlvH 111

olgd FAES aldst] sl B Aol Masked

Conditional Video Diffusion(MCVD)S Ealo] £} dlo]
EE A4 2 o]& F3ll 571421 pseudo label & A48 § nl
A=A HIAUSS B3l Ssete X% g Zddela
& Ars[12].

MCVDE &3l 251 vt Alf29] ATH dads
ggele] dAAd vhs Y AIRERE AATEe=
unlabeled dataE @&¥Ho=n  FAsial
unlabeled data ¥ A|$Hd labeled data®} €7 Pseudo
Labels®]| wA-8HAY g5 w71 Fol -3t}

2 AT FQ 7| e v gk

1. 259 719 A3 v AES S H

5
Al

X

ol V&

diffusion models €83+ A5 Ho]E
Aokste] AxHolz AT = vlE Y
7Fs A &

2. Pseudo Labels ¢aL2]5S 2 S
o] FAel Eslate] A-gA171aL HAggo e A|ghE b
ole] 3ol A A% FAE TES T

3. Labeled data, unlabeled data, 2]z A
synthetic datag TH4 02 &§3h= s wA-3H4) s
HAYES &3l A ks AE A4S 24

il

o32}o] o) Al|1HlE]
X

2

[UIO K

2-1 APYHE U 2 B DALY 72

D g =AY a 7=

B o513 A8k labeled data 73904 &34 &3}
vls Al o] S @A) 218l two-step AHES Al
obgit}, A HA| Ao A+= Masked Conditional Video Dif
fusion(MCVD) 25 &-g8fe] A& 32 duiAdS Bdst
= dlolH 748 35 F WAl DAl A= Pseudo Lab
els duElES &83 AR 453 APy 1). o]
3k HHL 7]1E unlabeled data®} A% augmented d
ata, 718]31 A3+ labeled dataZs H¢A o2 &-835ko] 7}
A% vks HE AT @At o)E f8 AA Al=HE
A Al 7 FR TR o]Fo4 Ytk A, MCVD
719k vloE] A BES 27] 2719 Z|9)e Z o= o]
34 570 Y& A 205 it Rl FE

=4, U-Net 7]8Fe] 1A= MEQI= A= & =



HIgHel Bt ololef BEolA CIFA 4

2f

0%
H
i
mo
nt
0
e
HA
Ral
Fn
Lo
o>

7|gt

MPL (Meta Pseudo Labels)
M Teacher Model (U-Net) =

o]

Su G4 MF vhs MIdE oM

Needle Dataset
(Labeled)

Pseudo
v Labels

Student Model (U-Net) M
Needle Dataset

Data Generator
(Unlabeled) & MCVD - _>| I -’D_> | |_> >

Feedback

—

/) conditional Feature Integration BIOCA
(""" Noise Estimation Block

Predicted Noise
A N :
Current Frames -
K U-Net

8 1. MokEl =Suf His AIOME|0[M A|ARS] MA of7|HA. MCVD 2ZHE S&F Hlo|H ZZT Pseudo LabelsE &8 WA
/él'_‘?_ §||-I:|§ EE |‘ ""‘EHOIO-IE

Fig. 1. Overall architecture of the proposed ultrasound needle segmentation system. Framework combining data augmentation
through MCVD model and teacher-student mutual learning using Pseudo Labels
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Score, loU, Accuracy). The proposed frameworkshows the highest performance
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Fig. 3. Box plot comparison results of key performance metrics between the proposed framework and comparison models
(Tip-position error, Trajectory angle error). The proposed framework shows the highest performance
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Table 2. Quantitative performance comparison results
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