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In Al-based analysis pipelines, large medical images are often restored in patches for high-resolution processing
due to memory limitations. Patch-wise restoration approaches cause brightness and texture stitching artifacts at
patch boundaries, degrading structural clarity. In this study, we propose a method to remove artificial lines when

generating high-resolution X-ray images from patches.

We present a selective refinement pipeline focusing on

patch boundaries. Using pre-restored high-resolution patches, we apply a soft boundary mask and perform
noise-based reconstruction only in boundary areas. This process helps blend patch edges smoothly without extra
post-processing. Experimental results show that the proposed method improves both structural and visual
quality. Artificial seams are reduced, and the shapes of bones and tissues appear more natural and continuous.
This approach offers a practical way to improve patch-based medical image restoration by making boundaries

clearer and more consistent.
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Figure 1. Detected Boundary Artifacts after Patch-wise High-resolution Restoration
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Table 1. Summary of Related Studies
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Category

Method

Reference

enhanced deep super-resolution network (EDSR)

Lim e al.(2017)

Patch-based SR

residual channel attention network (RCAN)

Zhang et al.(2018)

swin transformer for image restoration (SwinlIR)

Liang et al.(2021)

super-resolution via repeated refinement (SR3)

Saharia et al.(2022a)

Diffusion-based SR

super-resolution diffusion (SRDiff)

Li et al.(2022)

stochastic differential editing (SDEdit)

Meng et al.(2021)

Diffusion-based

inpainting using denoising diffusion probabilistic models (RePaint)

Lugmayr et al.(2022)

Restoration

image-to-image diffusion models (Palette)

Saharia et al.(2022b)

Region-aware Diffusion

region-aware diffusion (RAD)

Kim et al.(2025)

Laplacian Pyramid Blending

Burt and Adelson(1983)

Boundary Blending

Poisson Editing

Pérez et al.(2003)

Hann Window

Pielawski and Wéhlby(2020)
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Figure 2. Overall Pipeline for High-resolution Image Restoration and Boundary Refinement



(98]

wn

o0

B
r2
o
o
ol
of
a
X
ot
o
ol
ol

)
5y
rlo
nﬁ

o of brt
o
(o
4y

The AA 9] 27 2

A AA A JF o g AL
12 71F02 2AA F4 9
ElAle 733

A A Aol FitgE R
7FeA rE G o H soft
S AgA o7 x5l 5
A g8t} sk Aol A
H}HF Sak(forward diffusion) S 2-&3ke] &
07 F7kstal Rdo] Zh Al Y] o] 25 o5
1o, =2 Ao= A wo|= A2 RE o
A G99 AR F2E B3t B4
A A ol AR EH, A W F2E=

ol % A A xR XHFL“o}Ci”ﬁ]EJai
F A A BG4S g3leta, 72
S P A s FRE I,

ox,
rie

QL
o

T

ro M

m

=y

E oo
i B
s oﬁ

o o
QL
2

o

2y 2 oM
S o

e o2
e 1R

ot

[y

E

A
)
S o
i,

ol

N 2 oo S |
P i o ok
2
&

g

o X

o o L
ok

=i
()
223
12 M oy AN

i oy

X
ofy
1:13“: o
Me og o
J
i

511

i\
o
o

N of
=
=
>
oY

m of
N
>
o

o
N

2o oo
u)
)
a2

19 _|_(|){_5
ofr

-

)

(
=

o

o rlr _1}1{1 ojy
Ofr
o £ £
N _IR o oﬂ v
o
1101'

)

gt d
¢

N,
=

2 O o o Mo Ok
2
r—o
N
22
Mo =
=

1b
oX
we,
>
&

k)
N

B AT 7|0 B4 WA= St E
5 B9 7191 SR39} 71 2k} 7|9 H <l SRDIffE 7]¥ke
2 FZE AL et al., 2022; Saharia ef al., 2022a). A=
(LR) X-ray 940 22E 1|4 EHR) 29 G4 YA
I, 54 AgERY 7|9 AA AA SA Y] dol| A
& 32 & A4t dl ok

() HA F B 7=

A Xray Ao AA FEA T A MFE EYdS S ZA
o E13l7] ) 128x128 =719 A @y = &=t <l
A 9 2] Zboll= stride=64(<F 50% FH)E &3t TH #7F

.\

o AR EAE Haseln, B A A9 A F
Attt oA 79k Bl A2 v e ALRFS AA o
2 Aol 5 gl o, AA 74 1 A 7] 9 Az B o]
LG E Aol 2l dE B 235 345 A A
A GAL dHew %&f}ﬁoi’ﬁ, —ZP b 71ke] 252 B
HAH o2 A AL BAE BAEE AN B
LREFE A3 HRE A4she tial, 240 fd9E 7|fe s
A& ZHaKresidual) H EE SHEH 02 B3, B9 4
o] Az 2A& AT
(2) S5 HlolE 744 2 A A9
B AT A E B WAl A E FFo2RE 1
AT e BYs] e 208 g ERY 125 7
Hho 2 it} Shs5 HlolH & A e G4, Bicubic Hie &
3 AAE YT I, 1YL A LT FHOE T
A9th. SRDiff 72 AE= HR AL 24 2dsts tial,
HR 937} SR 973 749] Afo] & ZAFE A of3tal o] & o 53|

= e o v

£2 859 29En nde 24 QYo AZHE SR Y
4O R AR A7 Y T2 YRS TPHE IS 2
%ﬂ%‘%ﬁiﬁﬂﬂﬁE%%%*ﬁlq?ENQ%Q
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Table 3. Training Data Construction and Input Definition for
the Diffusion-based Boundary Refinement Stage

Notation Description
Ground-truth patch aligned with the boundary
"o center
T Super-resolved patch centered at the boundary
M Soft mask (Tukey window, band=b)
Lpgnd = Cproa DM Masked conditional input
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Vertical Seam Soft Mask

Horizontal Seam Binary Mask
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Figure 3. Comparison of the proposed soft mask and binary mask for horizontal and vertical boundary regions
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Table 4. Overview of the Evaluation Metrics and Their Key Characteristics

Metric
feature similarity index (FSIM)

Description

Structural and perceptual similarity metric based on phase congruency and gradient information

Spatial overlap ratio between Sobel edge-derived binary boundary masks from GT and
reconstructed images

Dice coefficient

95th percentile Hausdorff distance between Sobel edge-derived binary boundary masks
95th-percentile hausdorff distance (HD95) P . i & v ihary boundary
from GT and reconstructed images

peak signal-to-noise ratio (PSNR) Signal-to-noise ratio based on mean squared error (MSE)

structural similarity index measure (SSIM) Structural similarity based on luminance, contrast, and structure information

learned perceptual image patch similarity

(LPIPS) Deep feature-based perceptual similarity metric aligned with human visual perception

Table 5. Patch-level quantitative comparison of boundary refinement methods. Statistical significance was evaluated using a
one-sided Mann - Whitney U test

Metric Baseline Hann Laplacian Poisson RAD-style  RePaint-style ~ Proposed p-value

FSIM( 1) 0.942 + 0.015 0.940 + 0.016 0.937 + 0.016 0.935 + 0.017 0.945 + 0.012 0.946 + 0.012 0.949 + 0.012 141 x 10* (™)
Dice( 1) 0.104 £ 0.243 0.093 + 0.234 0.090 + 0.228 0.094 + 0.228 0.100 + 0.243 0.109 = 0.255 0.144 + 0.312 2.86 x 10" )
HD95( i) 4413 + 11.870 4.139 + 11221 4531 + 12258 5335 + 13.548 3.671 + 10.109 3.601 + 10.030 2.070 + 5.950 5.71 x 107! )
LPIPS( ) 0.214 + 0.042 0.214 + 0.042 0.216 + 0.043 0.221 = 0.042 0.218 = 0.042 0.206 = 0.040 0.189 = 0.041 3.72 x 10° (™)

¥ < 005, *p < 001, **p < 0.001
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Figure 4. Representative Patch-level Qualitative Results in Terms of FSIM
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Figure 6. Representative Patch-level Qualitative Results in Terms of HD95
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Figure 7. Representative Patch-level Qualitative Results in Terms of LPIPS
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Table 6. Quantitative comparison of boundary refinement methods on merged images. Statistical significance was assessed using a
one-sided Mann - Whitney U test

Metric Baseline Hann Laplacian Poisson RAD-style  RePaint-style =~ Proposed p-value
Dice( 1) 0.683 £ 0.022 0.683 £ 0.021 0.677 + 0.022 0.680 =+ 0.024 0.663 = 0.027 0.679 + 0.022 0.777 = 0.015 1.43 x 107 (*)
HD95(|) 41.237 + 5747 39476 + 5044 39.456 + 5284 39.841 + 6.850 42.757 + 5222 40.834 + 5905 22.150 + 4781 1.43 x 107 (¥)
PSNR( 1) 40328 + 0.443 40203 + 0430 39.894 + 0399 39.646 + 0391 39.104 + 0328 40218 + 0423 39.053 + 0.615 1.00 x 10° (-)
SSIM( 1) 0.943 + 0.001 0.942 + 0.001 0.940 + 0.001 0.939 = 0.001 0.924 + 0.000 0.941 + 0.001 0.934 + 0.001 1.00 x 10° (-)
LPIPS(|) 0.307 + 0.003 0.311 + 0.003 0.316 + 0.003 0.318 + 0.003 0.335 = 0.003 0.312 £ 0.003 0.303 £ 0.003 5.71 x 107 (-)

< 005, "p < 001, "p < 0001
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Figure 8. Calibration Map and Edge Alignment Map Qualitative Results in Terms of the Dice Coefficient
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Figure 11. Calibration Map and Edge Alignment Map Qualitative Results in Terms of SSIM
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Figure 12. Calibration Map and Edge Alignment Map Qualitative Results in Terms of LPIPS
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Table 7. Localized quantitative comparison of boundary refinement methods in merged-image regions. Statistical significance was

evaluated using a one-sided Mann - Whitney U test

Metric Baseline Hann Laplacian Poisson RAD-style  RePaint-style

Proposed p-value

HDO95( [ ) 5.288 + 4337 5.023 = 4.135 4.903 + 4.159 4.999 + 4.553 5327 + 4.729 5.182 + 4.230 4.502 % 1.923 3.33 x 10° (7

PSNR( 1) 41.598 + 3.270 41462 + 3304 41.138 + 3396 40.874 + 3.483 40336 + 3.694 41482 + 3292 40.553 + 3352 1.00 x 10° (-)

SSIM( 1) 0.942 % 0.012 0.941 = 0.012 0.939 + 0.013 0.937 £ 0.014 0.922 £ 0.023 0.940 + 0.012 0.932 + 0.013 1.00 x 10° (-)

LPIPS( ) 0.216 + 0.140 0.226 + 0.148 0.236 + 0.151 0.229 £ 0.149 0.236 = 0.155 0.224 = 0.149 0.205 = 0.143 2.17 x 102 ()

p <005 “p < 001, Tp < 0.001.
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Ground Truth (GT), Ground Truth + Grid, Baseline, Hann, Laplacian, Poisson, RAD-style, RePaint-style, and Proposed results with corresponding
difference maps (GT—Method). Red indicates regions reconstructed darker than GT, Blue indicates regions reconstructed brighter than GT

Figure 14. Representative Localized-region Qualitative Results in Terms of HD95
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Figure 15. Representative Localized-region Qualitative Results in Terms of PSNR
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Figure 16. Representative Localized-region Qualitative Results in Terms of SSIM
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Figure 17. Representative Localized-region Qualitative Results in Terms of LPIPS
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