R 75 (B 125, %31 5H%)
(B 7 5) (Format No.n RAF
¥ L " X E B
(Summary of the Doctoral Dissertation)
ron o HEHEIRIBED - D ) T2 A4 DA T —X BBEHEE DD~ —h
A SURE H — L R i B Bk

(Dissertation Title)

X 4 Name) =y "k

TEHRIRIFEE N A QO ELRFFEO— 2T hH 25, T OFHMEE PRI & 2E5ERIC KRS HES N 5. BEBEIURGRE
(IGRT) & BB %V 7 V&AL ACBHIT 22 TN 4B T 22 L2 HMET 2. BIKNZESERL, 747 2 v vvv—n—%
AR IAE TTETH 224, CRERBHATHTH ) ArHilia EDOGHRED Y R 7 &H5, 20w, [v—4—L 2] i
FHEDR SR SN TV BA, FHFOF v b KV) HUBEREROBRIMAM 2 > F 7 A PORS T/ ARL RV LD, 20

HEALGIF o TV S,

FEBFE DL) €70, v—H—L ARSI Av 77—y a v CBELMISE S RS 200, WRAFEFMT ST — R0 UETH
3, JARXDZOENBERY—7 v 2AOTFTHANAIRRM T2, @, 58 CT A% v > ERS NG LT ¥ XV ITHS
IR S B (DRRs) Toll#ian 2. e s, HBEL [FASYF v o7 | HEL %: 2V —> 44K DRRs Tilllsnfz®7

WiEs SARABELEFRT, ALV EL ZFREOBKRECERERICEA T 2 & —MRIIC KRBT 2AaE28H 2.

ANHLiE. TOR ALY F v o 7 2wl . EFHALOHNGEEBEE S0 AERETVEROLIFETY 7L 2 A 40—
A= AMEREENEsERT 200N L 7L —A V=2 2R T 2. ARARDERMEI=2TH 3: (1) BHEMLINET — 2 4E/Y
Dz OF L PREHICE D < BhE T L OB (2) 3D gILEFED - » DEA ZIRE R 7 — 2 7 o —ORGTH & MGE (3D TR B

FURRENAA 754 > 2R ENBUT E2HEY 7 b0 =TT Ty b7 4 —LDEE.

B2RWTHBENZBYOTEHITIRE FAM Y F vy 72BEL T 22000 L WFETH 2. ABIiTiE, Rz /1 Xy 3a
L—=vay (fl: #YRA/AZ) AT THBEERT 2. SyncTraX RS A7 L TCHBBENL IR R LEFTF 77 bk
O FRR 2 A 2E8L T BAER /A XOFFTNHAREZ T k. FELRRG. /A XBNT VL ATELL, B2 uBEs &
ORI IE & MBI 9 2 B X SR — A 5 ORAME I BIE 3 2 KA 2G5 2 2 e THB. Zhs DRI
&, RSN LEHEMBUTT VvERRLLE. 20T VE. 27V —>%Z DRR# AN E L, EF—RHRaPHEBERCED /1 X EEHOD
ZEM T o 2B L T, mIEICHER L GFL A XA VOBBREALRT 2. Chicd 9. BORELERIECE v b7 — 2 OFIFu A
R BEREONT 77—y b (HEM% GFI& 7Y —> DRR) HMEREN B,

EI3BETCHRTEINZE_OTIBEERE . TV Py —Z Y FBIFV— 2 7o —0OBRLRAETH 2. 2O/ T I4 i BRERBIL

R

(GFD AT 5. YVYa—2a> OBk, FEL2EONT77F—K Ly b THIHES N7z Restormer (Transformer X—A) %y b7

S—7ooAaE—ifg (CFID # A& d 5. £9. CorrC2G 7 VT Y A LA CFl 2/ > b5 A DT L—A 7 —Laiii

— /7 Thb. DAy P72k [FASRFEL ] &L THiEL. /A ADZWEIKGFIZANje L. 2 ) —>% DRR 2 X1 LD
EHE&AHNT 2, O[22V —vans] BfIE. 7Y —> DRRs DA TIIBS 1Lz DUCK-Net v 7 A¥ 77— 3 v &7 )L fit4g
SNB. BENLYALDID R EMM. (G/5R 7 40 2 CHBETILL . BE 2 3D rE £ e 5 BT .

ZO7L—4a7—21k. TADHNRABREOER — XLy b (100 v—4 > R) CHELah. BpihEhfo7 472y v b>—7%A

— A S L T W EIGS. B8 754 THRRE3D 22— 2 Y v FiEZE (MEE) 1.53mm (IQR: 1.22 mm) #ERL 2.

WAL, T b=y a VITREEE-EE L —F A 7D =27 > 25 2500 #84t L /2. Restormer # 5858434 7 5 4

(FO3C 2,000 FFEE / FEC 800 FBFEE)
(about 800 words)



75 (B 124, & 31 5HR)
(3K 7%5) (Format No.7) AR
YHOmPOREE (L53mmMEE) 24l LAL SHHIZA POMO AR A VEIER 7 v 7" (T8 ms 18I % &Mk L 72 (Ekg L7 —

77—, bFHUHBENMET T 204T 1.62mm MEE #3F/RL fz. Ik, BEL7 KR (/4 X, EF»L) cHksnk
DUCK-Net €7 48, $ TR AL Y F oy 7L CRECHNA® 22 & %nd. ZOFME, FRMTY 7L KA LDFEKT
& BIE T — 27 7 o — A RREE O T IUERE O 5.6% 4 CUIEEE O 76.6% KIEA L& R T 2 EM T EITTRLABERTCHZ L
EGNT 5.

FARCTHRINBEZOHEME . IR7— 2 70 —OFHAWE M i v 2 ANOMATH 2. CT U, DRR ERl. Al £ 7 LIS,
Ny FHE BT OB AL 127 0 ¢ AL KRN E SN EZ T 5 — prone TH 2. InERT 20, HHO—MEFTZ 7 v 7
77—y a>¥ [MedKit] #BFL #2. PyQt. Python. PyTorch TSRS N2 Dy 7 b7 x 7id. 4D-CT Witk & DRR 4

B =

0 an i 19 20 5

0 s 100 150 200 =
X Mol Coantinse

Figure 1. (o) 5 F > IR 7 F > U DAOEEWEIRIC 650 8 1 FFHE (FHFH). ) FHFFE 1 X O
FELNC) WIFDE —F v 7T, 1800 HODBEIMHFE (7L —4 Vo FXFL) 56DE 2l & DIFHH 68,
o1 Rt PRI (Prob: ~0.56, Amp: ~2.7) 2 5 Zi/FU (Prob: ~0.83, Amp: ~7.2) ~NAWGEIEN 7 8. G027 L ~—X r—nfd
DEH (H: LTy 2) g /o X TEFE: /o RHEFE & ORI X R E—LPC (BFEFCTE L) 5
SDHEE & IS B, CDT R T A I A XGE) | EREETENL . FORBDT B. & Dbt

BITHIETH ), E—LPLDHEpalidis 7 M EKT E.

% Restormer/DUCK-Net (2 & 2 ATBRE) Ny FUH & & CHE 3D FHli & T 2RO AL 7 54 Y 2HET 5. 2O —vid. K
DNHEHEEFTRIC T2 LCARIRTH - koo Fifve LU O Rl HATA R CEM2EREN ~— 27— AMELSBH 7 L —4 7
— s EFEHL 2. FELENG . NERES S UTHREOLEUEF LEREL, BEOREFERL-ZETHB. Lonl ., TEL
FHE . AR WIRER T v 7 EBIEL EIELT — 2 7 o —2 AR AR (1.62mm MEE) &V 70 & 4 L0380 & 05
AR NS Y 22 RBTE e ThH 2. AWAL . WHEET )V I/ hefiE Nz Al7V— /70 —84 P2 NEFR— T2V 7 hv =
TEC TREATY FY—ZYFY ) a—yareREL, & 022 RS BEFEBESEENDEEZH L .

(FO3C 2,000 FFEE / FEC 800 FBFEE)
(about 800 words)



w75 (124, 31 &KBHR)

(N7 5) (Format No.7)

A AR

[raining Stage

1 % s Level: Excellent v 2 5
nog ——Fiducial Marksr Trajectory
E S
I g mhees O R T §
1] =m
n 8
e Training data : !
1 * £ 00 o 00 200
" Frame Number

Validation Stage

" | RMSE: 3.44 px
we  Level: High

‘ ﬂ\\_,f——’_“\\'\qfd‘"”\;ﬁ’f—w

X Position (pixels)

o W T -7
" Frame Number

o RMSE: 2.76 px

——Tumor Center Trajectory

Figure 2. 125772 4>D7—2 72—, ALCFl D)E LARDO PG JEEE & RET S 128 DIFHE L
THDAFN I ERS N7 Fasvlov—r—5FT. KPF T,
T2 2w v— 2 — DEBITIEFE R L . F e F THIEEBLEN & DB L .

b7 o a0 THER S 7

YULAB-B504 System Architecture Diagram

GUI Layer

teme interface
Havigation B Links

T Interfece ORA interface af Interface Settings intarface Exzenibility
CT Functynns . DRR Functisn Al Funetion: Settings Functiom Siaik
Load. Display, W/L, 150, stc. Ganerate, Dizplay, Settings Madsl Select, Parmmetert, I/ Geometry, Paths, Save/Load i

\\t Uritfied Data Mansgemant

Centralized Dats R/W/Dalete

Storage Layer

GUI Components Data Management Storage Components

Figure3. fi#3n =77 r—2 3 > YULAB-B504 DE 22 53— A7 LT —F7 2 F .,

(FO3C 2,000 FFEE / FEC 800 FBFEE)
(about 800 words)



75 (F 1245, 531 5H8R)
(B 7 %) (Format No.7) 78R

F M Wm X EE

(Summary of the Doctoral Dissertation)

o Maker—less Lung Tumor Tracking from Real-time Color X-ray
A Em SCRE H

(Dissertation Title)

Fluoroscopic Images for Radiotherapy

X 4 Name) Yan Yongxuan

Radiotherapy is one of the main treatments for lung cancer, but its efficacy is crucially influenced by respiratory-induced
tumor motion. Image-Guided Radiation Therapy (IGRT) aims to mitigate this by tracking the tumor in real-time. The clinical gold|
standard involves surgically implanting fiducial markers, which is an invasive procedure associated with risks of complications
such as pneumothorax and hemorrhage. Consequently, "marker-less" tracking methods are highly sought after, but thein
development is hindered by the poor soft-tissue contrast and high noise levels of intraoperative Kilovoltage (kV) fluoroscopid

images.

Deep learning (DL) models offer a promising solution for marker-less segmentation, but they require vast amounts of
annotated training data. As manual annotation of noisy fluoroscopic sequences is infeasible, models are typically trained onl
synthetic Digitally Reconstructed Radiographs (DRRs) generated from planning CT scans. This creates a critical "domain gap":
models trained on clean, synthetic DRRs may fail to generalize when confronted with the noisy, blurry, and stylistically different|

images captured during real clinical fluoroscopy.

This dissertation presents a comprehensive framework aiming to overcome this domain gap to achieve accurate, real-time,
marker-less lung tumor tracking using a cross-patient model, eliminating the need for patient-specific retraining. The
contributions of this work are threefold: (1) the development of a novel, physics-informed degradation model to generate realistig
training data; (2) the design and validation of a complete deep learning workflow for 3D tumor tracking; and (3) the

implementation of an integrated software platform that streamlines the entire research and validation pipeline.

The first major contribution, detailed in Chapter 2, is a novel methodology for bridging the domain gap. This work posits that]
simple noise simulation (e.g., Gaussian noise) is insufficient. Through empirical analysis of a custom gelatin phantom imaged by
the SyncTraX stereoscopic system, we performed a statistical investigation of fluoroscopic noise. The key finding was that noise ig
not random; it is both content-dependent, correlating with pixel intensity and material density, and spatially-dependent, related to
the radial distance from the X-ray beam center. Based on these findings, a sophisticated stochastic degradation model was
developed. It takes a clean DRR and applies a multi-stage process of non-uniform, physically-informed noise and diffusion to
cenerate a highly realistic, GFI-style image. This creates a high-fidelity, paired dataset (Realistic GFI & Clean DRR) essential fox

training a robust image restoration network.

The second major contribution, presented in Chapter 3, is the development and validation of the end-to-end tracking workflow,
The pipeline takes a clinical color fluoroscopic image (CFI) as input. First, the CorrC2G algorithm converts the CFI to al
high-contrast grayscale fluoroscopic image (GFI). The core of the solution is a Restormer (Transformer-based) network, which ig
trained on the paired dataset from Chapter 2. This network functions as a "domain bridge," taking the noisy clinical GFI as input]
and outputting a clean, DRR-style image. This "cleaned" image is then fed into a DUCK-Net segmentation model, which is trained|

only on clean DRRs. The 2D centroid of the resulting mask is extracted, a low-pass filter smooths the trajectory, and the final 3D
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[position is reconstructed from the stereo views.

This framework was validated on a clinical dataset from seven lung cancer patients (100 sequences), achieving a median 3D)|

Euclidean Error (MEE) of 1.53 mm (IQR: 1. 22 mm) with the full pipeline, using implanted fiducial markers as the ground truth.

Crucially, the ablation studies provided a nuanced analysis of the accuracy-speed trade-off. The full pipeline with Restormen
achieved the highest accuracy (1.53 mm MEE). However, a streamlined workflow omitting the computationally expensive

style-transfer step (which adds 78 ms) was only marginally less accurate, achieving a 1.62 mm MEE. This demonstrates that the|
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Figure 1. (a) Gelatin-filled container. Noise characteristics in a gelatin cube fluoroscopic image (background excluded). (b) Heatmap of
degradation-induced noise probability and (c) amplitude, derived from pixel-wise variance across 1800 subtracted images (frame minus
average). Noise increases significantly from the central region (Prob: ~0.56, Amp: ~2.7) to the right peripheral arc (Prob. ~0.83, Amp:
~7.2). Regions with lower grayscale values (e.g., cube edges) exhibit lower noise. Key Finding: Noise probability and amplitude increase
with distance from the X-ray beam center (not image center). This profile is non-monotonic: noise increases up to approximately one

radius, then declines. This decline is noticeable on the right side, attributed to a slight leftward shift of the beam center.

[DUCK-Net model, fortified with robust data augmentation (noise, blur), was already highly resilient to the domain gap. This|
finding highlights that for practical, real-time implementation, the streamlined workflow is a superior and viable alternative,

sacrificing a modest 5.6% in median accuracy for a substantial 76.6% gain in processing speed.

The third contribution, detailed in Chapter 4, addresses the practical bottlenecks of the research workflow itself. The
fragmented process of CT handling, DRR generation, Al model training, batch inference, and trajectory evaluation ig
time-consuming and error-prone. To solve this, a dedicated, all-in-one desktop application, "MedKit," was developed. Built with|
PyQt, Python, and PyTorch, this software integrates the entire pipeline—from 4D-CT visualization and DRR generation to|
JAl-driven batch processing with Restormer/DUCK-Net and automated 3D evaluation. This tool was instrumental in enabling the|
large-scale experiments of this dissertation. In conclusion, this dissertation successfully demonstrates a feasible, accurate, and|
non-invasive marker-less lung tumor tracking framework. The primary innovation is the development of a content- and|
spatially-dependent degradation model that effectively enabled the highest accuracy. However, the key finding is that a
streamlined workflow, omitting the style transfer step, provides a more practical balance of acceptable accuracy (1.62 mm MEE)
and real-time processing capability. This work provides a complete, end-to-end solution—from physical modeling to a validated All

workflow and the software to support it—paving the way for safer and more precise image-guided radiotherapy.
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\Figure 2. Workflow of the proposed pipeline. The small green square from the input CFI represents the selected fiducial
marker, which was implanted around the tumor (o assist in determining the tumor location. In this study, we used the optical
flow method to obtain the motion trajectory of the selected fiducial marker, which was used for comparison against the

Ipredicted tumor trajectory.

YULAB-B504 System Architecture Diagram

Gul Layer
Home (nterface
f7 o
T Interface DR interface Al Interiace Sattings intarface Extendibility
7 Functions AR Functions Al Functionz Settings Functiony f
| Load, Display, W/L, 50, #te, Genstate. Diiplay, Settings Model Select. Paremsten, 170 Geomeatry, Paths. Save:Load Here o 2

Unifind Data Management
Centralized Data R/W/Dalete

( Storage Layer \
o= ﬁx i

Al odet

GUI Components Data Management Storage Components

[Figure 3. The modular system architecture of the developed application YULAB-B504.

(FnZ 2,000 42 / 33T 800 FEFEE)
(about 800 words)



(R0 9 &)

‘ﬁﬁ%ﬁﬁ%ﬁﬂDfﬁﬁﬁﬁﬁmﬁg%ﬁﬁ@wﬁﬁﬁﬂﬁﬁg

mnk+ﬁfMﬂ&ﬂ 72

K = Yan Yongxuan : ' |

= & B .Kﬁ

.

y)

B oz mE

EA&%B | B E: Ak BT

SRR =

R E: AEA R

Marker-less Lung Tumor Tracking from Real-time Color X- ray
Fluoroscopic Images for Radiotherapy :
(ﬂﬁ%hﬁﬁmwmifWF{Aﬁ?“Xﬂﬁﬁﬁ@#b®7 s

2 RS B )

3T @_ A

& I%ﬁwﬁﬁﬁﬁﬁ%ﬁﬁmﬁ %]

IﬁﬁﬁmﬁﬁﬁkﬁTd T3 AN~ DHIHRE 5 5T A 8 uﬂﬁﬁi%
SN S LRETENMELTERTHS. Lo LANS, MIBSIEE0RR I LY ki
MEAERT D | EWEASEL R0, E%W%Em%%iifﬁﬁﬁﬁﬁﬁﬁ%%%
fé%%ﬁgﬁﬁﬁwﬁ%#%ﬁﬁm/Lfﬁ%aa%&ﬁo ﬂmﬁﬁ ZETs o
B % TEHAEBRIRE | b IEs, |

m%i,mDk%EvﬁWEﬁ%ﬂ%ﬁSﬂ%ﬁﬁ%éhf“éﬁﬁﬁ%%ﬁ(ﬁ%
# : SyncTraX, BAEUERD 1LY 30Hz OL— b CIHEPICBENE kV OB F—2F

LATERMR (CFD &0, @@%ﬁ@&f%ﬁﬁwﬁﬁfLﬁ%$ﬁ5'@ME?R%
ADBEEICET BTEATL, 20D AF AR EBE LT, |
) RBEDOE—ORFIL, Wikt /27— a VICHRENS Unet %, (JJ’J7 Sk
Pl R e B, @Ef@kﬁ&@f—ﬂ—7j7®%@ﬁﬁ CHEED 7 A
ﬁ¥va4(030®ﬁwh%mbf%¥éﬁ %hbi%ﬁﬂmT% &, EERIZ
Sync'[‘faX ZRAWTELIS CFI EolEENBET =1 D v RF ?\a)ﬁi%(‘%%

HEOEOREN, CF RS ENSAS /A ZITEA L, WS AT
/#*) DHBXELIE LiebDThs. BEEI R LT —a v B35 mbOEF e
DUCK-net iSE®, ZOEBF—# L LTEFFV 77 b ARFALTRAELE A4 X
TFAE AN CERNICH S ¥ DRR (792 VERRBRE) MEnEREm 5%
BEOWEEES, TOR/REL LT, AESAEBEUEOEEN MBIERSASsZ%
LT E 77, KR 5 AEOBBIDLC DA TN~ —% D SyncTraX %M1/ 8 i
FRTERIRR L, 5 LI FIRIC & DMIBBIIHT R & 0T, BAREA TR
wi@ﬁ%@%»ﬁﬁmant_&%aLn




(£t o B9

28, BIREE, H%K#wﬁﬁbﬁ/7F?17#“ﬁL é#ﬁﬁ@ﬁﬁwmn 1
@t@@ﬁm%ﬁoTwé & B AES A

ATHREIL, znvawzozmam&ﬁfﬁﬁr DiTote. EREMNER, BETE
TG DUCK net TF DL /A /3=08F A — ﬁ[uﬁ@'d‘f?’a 6O, IS
Bk ET LTV S BEAORBICEY 5 b0, BNEIFERLZE LI BaOREBIHT 5
HO, BLY 3 WOLBHIEEDRERINCONT, BERAX G L PR > ORI
T DHOT, WTROBERIC bR DO RER A S

Pk X 0 ARRIER, MRANE, (R, AL RAEEicEh, ﬁi(TH O Lot
ST 2 b o B L7

FTNERUEAS, SEECOBRMCHT RSN b, REARITARE L.

RS, IE@E&?X@%EH@RHT MRS L) ﬁ‘&)?’a (I’é?] iy L =Jr41zﬁ, BEML EF

15 ' ‘ K

.. 1) Yon.gxuaﬁ Yan, Fumitake Fujii, _Take}iiro Shiinaki, and Shengping Liu, .
. Markerless Lung Tumor Localization From Iﬁtraoperativé Stereo Color
Fluoroscopic Images for Ra&iotherapy, IEEE Ac;:ess, Vol.12, pp. 40809-10328.
2024 ' '

2) Yongxuan Yan, Fumitake Fujn and Takehiro Shlmokl _ _
Marker-Less Lung Tumor Tracking from Real-Time Color X-Ray Fluoroscopic
Images Using Cross-Patient Deep Learning Mode] onengmeenng, Vol.12, :
No.11, 1197. 2025

_ 3)  Yongxuan Yan, Fumitake Fujii, Takehiro Shiinoki, Shengplng Liu,

. Markerless Lung Tumor Detection from Color Fluoroscopic Images Vla Cascade
U-Net Baged Patlent'Speclﬁc Moadels, The 65t American Association of
Physicists in Medicine Annual Meetmg Sessmn MO 345-1ePD-F6 - IGRT
Tracklng 2023




