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Micro-Ultrasound Super-Resolution with Geometry-Driven Consistency Models

Kaifeng Pang,Kai Zhao,Qi Miao,Alex Ling Yu Hung,Changsuk Oh,Raymi Ramirez,Qiudi He,Jordan Klein,Wei Shao,Wayne
Brisbane,Kyunghyun Sung

e We propose UltraCCM, a geometry-driven consistency model for efficient super-resolution of reformatted micro-
ultrasound images.

e UltraCCM performs angular super-resolution in the polar coordinate system with self-supervised training using
simulated data, eliminating the need for high-resolution target-plane supervision.

e The method achieves superior image quality with single-step inference, validated on in vivo, ex vivo, and external
datasets, as well as downstream prostate segmentation and expert reader studies.
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Prostate cancer diagnosis typically relies on image-guided biopsy. Micro-ultrasound (MicroUS) has
recently emerged as a promising imaging modality, offering high spatial resolution with comparable
diagnostic performance to multi-parametric MRI (mpMRI) at a lower cost. However, unlike MRI,
MicroUS volumes are acquired in a fan-shaped, angular geometry, making direct alignment and
comparison across imaging modalities challenging. High-quality multi-planar reformation (MPR)
is therefore expected in treatment planning, yet conventional MPR produces blurred images with
slice discontinuities. In this paper, we present UltraCCM, a fully self-supervised, geometry-driven
conditional consistency model for super-resolution of reformatted MicroUS images. UltraCCM
explicitly incorporates the geometric characteristics of MicroUS acquisition and formulates MPR as
an angular super-resolution problem, enabling fast, single-step recovery of fine anatomical details
without requiring high-resolution target-plane supervision. Extensive experiments on in vivo and ex
vivo datasets, including quantitative evaluation, expert reader studies, and a downstream prostate
segmentation task, demonstrate that UltraCCM improves perceptual quality and fine-detail visual-
ization while preserving anatomy-relevant information for downstream image analysis. The code of
UltraCCM is available at: https://github.com/Calvin-Pang/UltraCCM.

high resolution and real-time imaging capabilities make it
well-suited for guiding prostate biopsy and early diagnosis,
reducing a common source of registration errors in tra-
ditional MRI-ultrasound fusion-guided biopsy (Williams
et al., 2022). However, MicroUS differs fundamentally from
MRI, which is typically based on multi-slice volumetric
acquisitions. As shown in Fig 1(a), MicroUS slices are
acquired in a fan-shaped (sector) geometry through manual
probe rotation, resulting in non-uniform angular spacing
between frames. To enable clinical comparison with MRI,
multi-planar reformation (MPR) can be applied to refor-
mat MicroUS volumes into different imaging orientations
(Pang et al., 2025a). Commercial MicroUS systems, such
as ExactVu (Exact Imaging, n.d.a), provide elastic MRI-
MicroUS fusion at the millimeter scale with the built-in

1. Introduction

Prostate imaging has undergone a renaissance over the
last decade with the wide, standard implementation of multi-
parametric MRI (Stabile et al., 2020), the introduction of
PSMA PET scans (Maurer et al., 2016), and the leverage
of artificial intelligence to interpret imaging (Zheng et al.,
2024). Micro-ultrasound (MicroUS), a 29-MHz ultrasound
technology, is an emerging, cost-effective prostate imaging
technology that provides 3-4 times higher spatial resolu-
tion than conventional ultrasound (Pensa et al., 2024). Re-
cent studies demonstrate that MicroUS has the potential to
achieve diagnostic accuracy comparable to that of mpMRI,
with a significantly lower cost (Pensa et al., 2024; Klotz
et al., 2020; Kinnaird et al., 2025; Miao et al., 2026). Its

*Corresponding author

<] kaifengpang@mednet.ucla.edu (K. Pang); kzekaizhao.net (K.
Zhao); gmiao@mednet.ucla.edu (Q. Miao); alexhung96@g.ucla.edu (A.L.Y.
Hung); changsukoh@mednet.ucla.edu (C. Oh);
raymiramirez@mednet.ucla.edu (R. Ramirez); giudihe@mednet.ucla.edu (Q.
He); jordanklein1ee9@gmail.com (J. Klein); wei.shao@medicine.ufl.edu (W.
Shao); wbrisbane@mednet.ucla.edu (W. Brisbane); ksung@mednet.ucla.edu
(K. Sung)

ORCID(S): 0009-0001-7613-6559 (K. Pang); 0000-0002-2496-0829 (K.
Zhao); 0000-0003-2235-8997 (Q. Miao); 0000-0002-2664-7430 (A.L.Y.
Hung); 0000-0002-7665-0451 (C. Oh); 0000-0001-7458-6006 (R. Ramirez);
0000-0003-4931-4839 (W. Shao); 0000-0003-0470-5262 (W. Brisbane);
0000-0003-4175-5322 (K. Sung)

MPR function (“Transverse Mode™) (Exact Imaging, n.d.b),
which is conceptually similar to interpolation-based refor-
mation (Pensa et al., 2024). However, accurate pixel-level
comparison remains challenging because MicroUS acquisi-
tion is limited by sparse angular sampling and the fan-shaped
geometry. Sparse angular sampling produces large gaps be-
tween acquired slices, leading to inter-slice discontinuities,
while the fan-shaped geometry results in progressively lower
anterior spatial resolution and interpolation-induced blur-
ring (Fig 1(b)) (Pang et al., 2025a). Recent studies have
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Figure 1: Example of MicroUS acquisition, reformation, and interpolation artifacts. (a) MicroUS acquires pseudo-sagittal slices
using a rotating probe, which are assembled into sector-shaped matrices and reformatted into the axial plane. Anatomical labels
(SI: superior—inferior, AP: anterior—posterior, LR: left-right) indicate physical directions and are unrelated to the low-resolution
(LR) notation used elsewhere in the paper. The schematic represents the simplified acquisition geometry rather than the exact
mechanical geometry of the ExactVu probe. (b) Conventional interpolation-based MPR introduces blurring (red box) and slice

discontinuity artifacts ( ).

explored post-MPR processing to enhance MicroUS vol-
umes by predicting intermediate slices along the acquisition
trajectory to reconstruct continuous MicroUS volumes, e.g.,
using implicit neural representations (Chojnowski et al.,
2026). Nevertheless, recovering high-resolution reformatted
images with faithful fine-grained anatomical details remains
challenging.

Deep learning (DL)-based super-resolution (SR) has
been widely explored for enhancing the spatial resolu-
tion of medical images (Zhao et al., 2024; Pang et al.,
2025b), demonstrating strong potential for improving the
image quality of MicroUS images. Among them, gener-
ative models, such as Generative Adversarial Networks
(GANSs) (Ledig et al., 2017) have demonstrated a strong
capability in recovering fine-grained image details, while
often suffering from training instability (Arjovsky et al.,
2017). Diffusion-based models have emerged as a pow-
erful approach due to their high-fidelity generation and
stable optimization (Saharia et al., 2022; Zhao et al., 2024),
and have been previously applied to post-MPR MicroUS
SR (Pang et al., 2025a). However, diffusion model inference
relies on many iterative denoising steps, leading to high
computational cost and limiting fast volumetric deploy-
ment (Yue et al.,, 2023; Zhao et al., 2024). Consistency
Models (CMs) offer a more efficient solution by enforcing
generation consistency across noise scales, enabling high-
quality image generation in a single inference step (Song
et al., 2023).

Despite this progress, applying DL-based SR to Mi-
croUS images remains challenging due to three fundamental
factors (Pang et al., 2025a). First, each MicroUS study con-
tains hundreds of slices, making iterative generative mod-
els (e.g., diffusion models) computationally prohibitive for
efficient volumetric enhancement. Second, the non-uniform
angular sampling violates the regular-grid assumptions of
standard neural networks. Third, high-quality target-plane
images are unavailable, making conventional supervised SR
training infeasible.

To address these challenges, we propose UltraCCM, a
geometry-driven conditional consistency model for acceler-
ated super-resolution of multi-planar reformatted MicroUS

images. To leverage the geometric characteristics of Mi-
croUS acquisition, i.e., the non-uniform sector pixel layout,
UltraCCM formulates the task as an angular SR problem
in polar space and incorporates polar-coordinate positional
encoding to provide geometry-aware positional guidance
for handling non-uniform sampling. A fully self-supervised
training strategy is introduced by extracting paired LR-HR
sector patches from the acquisition plane, eliminating the
need for target-plane supervision. Moreover, since diffusion-
style generative objectives do not explicitly constrain global
intensity statistics and may introduce intensity shifts (Song
and Ermon, 2020), we incorporate an intensity distribution
alignment regularization. This alignment is implemented
via kernel density estimation (KDE) to enable differentiable
comparison of discrete-valued intensity distributions. Once
trained, UltraCCM enables SR in under one second per
image, achieving significant acceleration over existing gen-
erative methods. To the best of our knowledge, our method
is the first to enable single-step, high-quality MicroUS SR.

The contributions of this work are summarized as fol-
lows:

e We introduce a novel SR framework for post-MPR
MicroUS images based on consistency models, which
explicitly incorporates the geometric characteristics of
MicroUS acquisitions by conducting angular super-
resolution directly in the polar coordinate space.

e We propose a self-supervised training strategy that
eliminates the need for HR target plane images, en-
abling effective learning.

e We introduce an intensity distribution alignment reg-
ularization to mitigate brightness and contrast drift of
consistency models.

e We demonstrate superior image quality and fast in-
ference capability through comprehensive in vivo, ex
vivo, and downstream task evaluations.

. Preprint submitted to Elsevier
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2. Related Work

2.1. Micro-Ultrasound Imaging

MicroUS has recently emerged as a novel imaging
modality for prostate biopsy guidance and prostate cancer
diagnosis, offering substantially higher spatial resolution
(~70 ym at 29 MHz) than conventional transrectal ultra-
sound (Pensa et al., 2024). Multiple preliminary studies have
shown its potential diagnostic value (Klotz et al., 2020;
Pensaetal., 2021; Dias etal., 2022; Pensa et al., 2024). These
efforts motivated the international multi-institutional OPTI-
MUM trial (Kinnaird et al., 2025), which randomized 802
patients to conventional MRI/US fusion versus MicroUS-
guided biopsy. OPTIMUM demonstrated non-inferiority of
MicroUS for detecting Grade Group > 2 prostate cancer,
consolidating its role as a potential alternative to MRI
guidance.

Recent efforts have also applied deep learning to Mi-
croUS image analysis. Jiang et al. (Jiang et al., 2024)
proposed a multiscale annotation-guided transformer UNet
model designed for MicroUS prostate segmentation. Gilany
et al. (Gilany et al., 2023) designed TRUSformer, a context-
aware model for prostate cancer detection in MicroUS
images. Wilson et al. (Wilson et al., 2023) leveraged self-
supervised representation learning on unlabeled MicroUS
data to improve prostate cancer tissue detection. Despite
its clinical potential, MicroUS image quality remains lim-
ited due to sparse angular sampling and degraded anterior
resolution, while relatively little work has focused on Mi-
croUS image quality enhancement. Recent learning-based
approaches have begun to address this problem, including
implicit neural representations (INR) for intermediate slice
prediction (Chojnowski et al., 2026) and diffusion-based
models for post-MPR super-resolution (Pang et al., 2025a).
Nevertheless, INR-based methods require computationally
expensive volumetric inference (Chojnowski et al., 2026),
and may have limited ability to recover fine-grained anatom-
ical details under sparse and non-uniform angular sampling.
Diffusion-based approaches often rely on expensive iterative
sampling (Pang et al., 2025a).

2.2. Image Super-Resolution

In image processing, a variety of classical image SR
methods have been developed, including edge-based ap-
proaches (Sun et al., 2008; Freedman and Fattal, 2011)
and sparse-coding-based approaches (Yang et al., 2008,
2010). With the development of deep learning, CNN- and
transformer-based SR models (Liang et al., 2021; Li et al.,
2024b) have become widely used. In medical imaging,
learning-based SR methods have been increasingly explored
to enhance image resolution (Li et al., 2025; Pang et al.,
2025Db).

Recently, deep generative models, e.g., Generative Ad-
versarial Networks (GANs) (Goodfellow et al., 2020), Vari-
ational Autoencoders (VAEs) (Kingma and Welling, 2013),
Diffusion Models (Ho et al., 2020; Song et al., 2020), Con-
sistency Models (Song et al., 2023) have shown remark-
able capabilities in producing realistic images, subsequently

leading to their application in SR tasks. Ledig et al. (Ledig
et al., 2017) proposed a GAN-based model to restore photo-
realistic details for SR results. Li et al. (Li et al., 2024a)
incorporated semantic priors from pretrained vision founda-
tion models to enhance GAN-based SR with fine-grained,
semantic-aware details. Diffusion-based approaches, includ-
ing SR3 (Saharia et al., 2022), progressively generate SR
outputs conditioned on LR inputs. To accelerate the iterative
sampling process of diffusion models, Yue et al. introduced
ResShift (Yue et al., 2023), an efficient SR diffusion model
that reduces the number of diffusion steps by constructing
a residual shifting Markov chain between HR images and
LR images. In medical imaging, Hung et al.(Hung et al.,
2023) developed a conditional diffusion framework for var-
ious medical image generation tasks, including SR. Zhao et
al. (Zhao et al., 2024) proposed a partial diffusion model
using LR latents to approximate the HR latents during the
diffusion trajectory for fast MRI image SR. Liu et al. (Liu
etal., 2024) introduced a wavelet-based diffusion model with
multi-layer self-attention for ultrasound SR.

Although diffusion models have achieved state-of-the-
art performance in SR and recent efforts such as ResShift (Yue
et al., 2023) and PDM (Zhao et al., 2024) improve efficiency
compared with conventional diffusion-based SR, they still
require multiple iterative steps and hinder the volumetric
real-time SR for MicroUS images. In contrast, consistency
models (Song et al., 2023) generate high-quality results in a
single inference step, making them particularly well-suited
for our framework.

3. Method

3.1. Overview

As illustrated in Fig 2, UltraCCM is trained using paired
HR-LR patches extracted from the acquired MicroUS slices
and, once trained, is applied to enhance reformatted target-
plane images during inference.

In clinical practice, a MicroUS volume is acquired
through a rotational sweep of the prostate, although the
actual trajectory may be affected by residual probe transla-
tion or tilt, pressure-induced tissue deformation, and patient
motion. Following previous work (Pensa et al., 2024; Jiang
et al., 2024; Zhou et al., 2025), we adopt a simplified fan-
shaped model of the dominant rotational geometry and its
associated angular sampling, while not explicitly accounting
for these pose and deformation effects. Each volume consists
of N image slices of size H x W, denoted as {S? €
RHXW = 1,..,N}, where each image is associated
with an acquisition angle a,. Given the sector acquisition
geometry, the volume can be initially reformatted to polar
coordinate space as a set of W sector matrices: {M? €
RHXN g = 1,...,W}. Each matrix M4 corresponds to the
g-th column across all N slices, forming N radial lines
at angular positions {a,}, each of length H. The pixel
correspondence in this initial reformation can be expressed
as MY(i, j) = S’(i, q), where (i, j) represents the radial and
angular pixel position in polar space.

. Preprint submitted to Elsevier
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Training and inference workflow of UltraCCM. The schematic follows the simplified acquisition geometry described

in Section 3.1. Training: Paired HR-LR patches are extracted from the acquired slices to supervise the model training. Inference:
Given reformatted MicroUS slices, the trained model performs SR to enhance the resolution.

The traditional MicroUS MPR approach performs direct
bilinear interpolation on M? to obtain the corresponding
Cartesian-grid image I lqr (Pensa et al., 2024). However,
due to the sparsity and non-uniform nature of the angular
dimension, this process often introduces severe artifacts
in the reformatted images (Fig 1). Thus, we propose an
angular super-resolution approach based on a conditional
consistency model to enhance the image quality of the
reformatted images. Specifically, given an upsampling factor
k, the model first generates a high-resolution sector matrix
M ﬁr € RHXkN wwhere the columns correspond to linearly
spaced angular positions. This high-resolution representa-
tion is subsequently mapped into the Cartesian grid to obtain
the final reformatted image I} .

Throughout the remainder of this paper, we refer to
matrices like M? as polar images, where pixels are arranged
according to angular and radial locations in a polar coordi-
nate system. The corresponding Cartesian images, I ]qr, refer
to the version of polar images reprojected onto a Cartesian
equidistant (x, y) grid through coordinate transformation and
interpolation. For clarity, in all figures in this paper, polar
images are interpolated as Cartesian images for better
visualization.

3.2. Self-Supervised Training

Due to the lack of ground-truth HR polar images, it is
not feasible to perform supervised training with explicit LR
and HR pairs. However, MicroUS image characteristics are
direction-dependent, with differences in spatial resolution
and filtering across imaging directions. The acquired images
{S} in the original acquisition plane have relatively high
native spatial resolution, whereas the resolution in the refor-
matted target plane is primarily limited by sparse sampling
along the angular direction and the fan-shaped geometry. We
exploit this directional disparity by synthesizing LR-HR po-
lar image patch pairs from the original plane, thereby trans-
ferring their high-resolution image statistics to the lower-
resolution target plane through self-supervised training, as
shown in Fig 2. We design a polar grid generation scheme

Algorithm 1 Polar Patch Sampling

Require: Acquired HR slices set {S}; full polar image
height H; LR patch size h X n; angular density range

[Noin> Nmax]; upsampling factor k; rotational axis-to-
image radial offset r; pixel spacing p
1: repeat

2: Sample an image S ~ {S}, and number of LR
angular coordinates N ~ [N,.., N, .|

min> ~ ' max

3: Random angular sampling: Sample N angular

coordinates {a; };VZ ~U [—%, %], sorted in ascending
order

4: Construct radial coordinates {r;} IZ | as:

Foffs .
offset +

i=1,....H

P =

Toffset + H ’
p

5: Sample v ~ [I,N —n+1]andu ~ [I, H — h + 1];
extract n angular coordinates {aj};:g_l and & radial
coordinates {r; }**/~!

6:  Construct LR coordinate map I, € R™™2 via

meshgrid over {r,-};?::_l and {aj}?:g_l

7: Construct HR angular coordinates {a; }j.‘il as kn
linearly spaced values between a,, and a,,,,_;;
8: Construct HR coordinate map IT,, € R ™2 via

meshgrid over {r; };.‘::_1 and {&; };.‘il

9:  Extract LR patch m;, € R" and HR patch m,, €
R/>kn from S using interpolation with IT;, and I,

10: until Training convergence

with random angular sampling, detailed in Algorithm 1,
which approximates the dominant sector pixel layout in real
reformatted images { M} and angular sampling under the
simplified geometry described in Sec 3.1. In this scheme,
we also account for the radial offset between the assumed
rotational axis and the first image row.
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The procedure begins by constructing normalized radial
and angular coordinates for the full LR polar image layout.
A variable number of angular slices, N ~ [N, Npaxls
is sampled to reflect acquisition density variability across
different scans. Within this coordinate domain, LR radial and
angular coordinates are randomly extracted to form an LR
coordinate map of size 2 X n X 2. The corresponding HR
angular coordinates are then generated as kn linearly spaced
values between the LR angular endpoints, forming an HR
coordinate map of size i X kn X 2. The resulting coordinate
maps are used to extract paired LR and HR polar image
patches from the original HR images {.S'} via interpolation.

During training, the extracted LR and HR polar patches,
(my,, m;,,) are used to supervise the model. During inference,
the model directly produces a super-resolved HR polar im-

age M, € RYXkN from the full LR polar image M, €
RHXN.

3.3. Geometry-driven Consistency Models
3.3.1. Background of Consistency Models

Consistency models (CMs) (Song et al., 2023) build on
the theoretical foundations of diffusion models (Ho et al.,
2020), i.e., score-based generative models (Song et al
2020). In diffusion models, a clean image X, ~ Pga, 1
gradually corrupted into noisy states x, ~ p, by Gaussmn
noise. The reverse process learns a denoising dynamics
that iteratively maps x, back to x,. Specifically, under the
Variance Exploding (VE) formulation (Karras et al., 2022),
this reverse process follows an empirical probability-flow
ordinary differential equation (PF-ODE): d’;’ = —184(x;, 1),
where s, is a neural network trained to approximate the
gradient of the log-density of p,.

A consistency model (CM) (Song et al., 2023) replaces
the iterative generation of the PF-ODE with a single-step
function fy(x,,?) that directly predicts the clean image x,
from any intermediate noisy sample x;:

Solx,, 1) =xy, t€[0,T] 1)
Once trained, CM enables single-step generation of clean
images from pure Gaussian noise inputs xp. To ensure
valid generative behavior along the PF-ODE trajectory, CM
must satisfy two properties: i) self-consistency, meaning
predictions from any two points on the trajectory must agree,
fo(x,, 1) = fo(xp,t'); and ii) the boundary condition,
Jo(x0,0) = x.

3.3.2. Conditional Formulation

Fig 3(a) illustrates the UltraCCM framework. To recover
the HR image M, from its LR counterpart M., we propose
a conditional CM by incorporating two conditions to guide
the generation.

(i) Anatomical condition. Motivated by prior work (Sa-
haria et al., 2022; Hung et al., 2023), we introduce the LR
polar image as a condition to preserve the anatomical struc-
ture. Specifically, M, is first interpolated to HR resolution,
denoted as M. M, is then concatenated with the noisy
input x, and fed into the model.

(a)
P @

L) er erat
SR
@S 5B
Jo(xS,.1") :
PF-ODE trajectory f9(xT' 7)
One-step denoising ‘ ‘
Concatenation

(b)

conv
conv
conv
. ;\

PFB erat

Figure 3: Overview of UltraCCM and positional conditioning.
(a) UltraCCM learns a consistency mapping along the PF-
ODE trajectory to generate an SR image x, in a single step,
conditioned on the interpolated LR image M, and positional
features I;,,,. (b) The Positional Feature Block (PFB) encodes
polar coordinates II into a compact positional feature map
II,,,, for geometry-aware conditioning.

(ii) Positional encoding. As discussed in Sec 1, a key
geometric characteristic of MicroUS is its non-uniform sec-
tor pixel layout, where pixel spacing increases with depth
and angular sampling varies due to manual probe sweep
of clinicians. Such irregularity violates the regular grid
assumptions of standard neural networks. To address this,
we design a geometry-aware positional encoding scheme
that injects pixel-wise spatial information as an additional
conditioning input to the model, as illustrated in Fig 3(b).

Specifically, given an LR polar image M}, € R#*N,
each column M. (x,;) corresponds to an acquired slice
with angular position «; and each row M (i, *), shares a
radial distance r;. Inspired by relative positional encoding in
sequence models (Shaw et al., 2018), we represent angular
positions using relative offsets rather than absolute angles
to avoid overfitting to scan-specific angle values and to
better capture local angular sampling density. To enable the
computation of relative offsets at the boundaries, we pad
the angular sequence {a} such that the first and last angles
have well-defined left and right neighbors. Specifically, for
each angular index j, we compute the left and right angular
residuals as:

AaT =a; —a; Aat =
J - J

T Xjr1 — - @

This results in a 3-channel polar coordinate map Il €
RHXNX3 defined as:

(G, j) = [r; Aa; AaT]T

i si€ll,H] j€e[l,N], 3)

which encodes radial positions and angular contexts. During
the model feedforward, II is first interpolated to HR resolu-
tion, yielding IT € R¥*kN>3 The latter is passed through a
lightweight positional feature block (PFB) with three 3 x 3
convolutions and ReLU activations, producing a positional
feature map I,,,.
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The final model input concatenates the noisy sample x,,
anatomical condition M, and positional feature Il

xtC = [xt’ Mlp erat]s (4)
and the geometry-aware conditional CM is defined as
f (xfs 1) = X0

3.4. Loss Function
3.4.1. Consistency Loss

As proposed in (Song et al., 2023), CM can be trained
from scratch by enforcing self-consistency between two
adjacent diffusion steps. A student network 6 predicts the
output at ¢, ,, while a teacher network 6~, updated via
exponential moving average (EMA), provides the prediction
output at ¢,,. The consistency loss can be formulated as:

Loy = d<f9(xfn+l’tn+1), fe—(xfn’tn))’ ©)

where d(-, -) denotes the perceptual distance measure.

1 €[0,T]. &)

3.4.2. Intensity Distribution Alignment

In medical imaging, preserving the intensity distribution
is essential, as intensity distributions often reflect clinically
relevant tissue characteristics (Masoudi et al., 2021). To
compensate for the lack of explicit intensity constraints in
the diffusion-style objective (Song and Ermon, 2020), we
introduce a differentiable kernel-density-estimation (KDE)
based Intensity Distribution Alignment (IDA) regularization
that aligns the pixel intensity distributions of the SR output
and the LR input.

Specifically, given an image I € , we treat its
pixel values as samples and define the KDE-based marginal
intensity distribution as:

RHXW

H W
" 1
b = T ; Zf Ky = 1)), @)
where y denotes an intensity query point, I; ; is the pixel
intensity at location (i, j), and K, (-) is a Gaussian kernel
with bandwidth A, defined as:

2
L exp <_5_> . ®)
2rh 2h?
The regularization term is then calculated with the Kull-

back—Leibler (KL) divergence between the KDE-estimated
distributions of the SR output and LR input:

K,(6) =

Lipa = KL By, ) 1l Big, @) ©

where M. denotes the output generated by the student
network in Eq (6), i.e., fg(xfm sagl)-

The final loss function used to optimize UltraCCM com-
bines the CM loss Ly and the IDA regularization term
Lipa:

L= Loy +rLipa (10)

where y is a tunable hyperparameter that balances the two
objectives.

4. Experiments

In this section, we describe the implementation details
of our experiments and present the results. Our experimen-
tal study was performed in compliance with the United
States Health Insurance Portability and Accountability Act
(HIPAA) of 1996 and was approved by the institutional
review board (IRB) with a waiver of the requirement for
informed consent.

4.1. Dataset

Our experiments were conducted on both in vivo and ex
vivo prostate MicroUS datasets. The in vivo dataset reflects
realistic clinical scenarios, while the ex vivo dataset includes
HR reference images for paired quantitative evaluation. The
internal in vivo and ex vivo datasets were collected at a single
academic institution using an ExactVu MicroUS system
(Exact Imaging, Markham, Ontario). In all experiments,
we used the standard vendor-reconstructed B-mode images
without additional probe-specific geometric correction.

4.1.1. in vivo Dataset

A total of 37 clinical MicroUS studies (February 2023 —
September 2024) were retrospectively collected. Seven stud-
ies (1,716 slices) were used for training, and the remaining
30 for SR inference in the reformatted plane. Each scan
contains 150-300 slices spanning 109.3°-185.4°, stored as
DICOM images with 70 ym in-plane resolution and an
original size of 962 x 1372 pixels. A fixed radial offset of
15 mm exists between the rotational axis of the probe and
the first row of the MicroUS image.

4.1.2. ex vivo Dataset

Fourteen ex vivo prostate specimens (October 2021 —
May 2022) were scanned using a custom MicroUS scanning
system described in (Pensa et al., 2021), with 7 of them
assigned for training and 7 for testing. An ExactVu probe
mounted on a motorized translation stage (X-USBDC, Zaber
Technologies Inc., British Columbia, Canada) translated lat-
erally at 0.65 mm/s inside a sealed 3D-printed imaging tank
(Lulzbot Taz 6, Fargo Additive Manufacturing Equipment
3D LLC, USA) designed for patient-specific molds. Each
specimen was placed in a mold to preserve axial anatomical
orientation. Images were acquired every 70 pum, producing
densely sampled stacks of 902-960 slices per case (original
size 962 x 1372). To simulate LR volumes, we uniformly
downsampled all cases by selecting every k-th slice. The
selected slices from the 7 training specimens were used for
training, resulting in a total of 638 slices. For the test cases,
the original densely sampled scans are reformatted as the
HR target-plane images, while the downsampled scans are
similarly reformatted as the corresponding LR images.

4.2. Experimental Setup

Our UltraCCM model is implemented with a 2D U-Net-
based encoder-decoder backbone (Ronneberger et al., 2015),
with additional inputs for time-step embeddings, LR condi-
tioning, and positional features. The encoder comprises four
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Figure 4: Qualitative comparison on the in vivo data. Lesions are delineated by green contours in the whole-mount histopathology
(WMH) images and highlighted with red boxes in the MicroUS images. Key differences in lesion boundaries are further indicated

by red arrows.

highlight regions with pronounced slice discontinuities and fine-textural degradation in the original

LR images, where differences in SR quality among different methods are compared.

downsampling stages with a base feature channel size of 64
and channel multipliers of (1, 2, 4, 8, 16), respectively. Time-
step embeddings are computed using sinusoidal encoding
followed by two fully connected layers with SiLU activa-
tion (Elfwing et al., 2018) and are injected into each encoder
and decoder stage via concatenation.

We compare our method against several SR approaches.
These include bilinear interpolation (Pensa et al., 2024); two
non-generative methods, SwinIR (Liang et al., 2021) and
SRConvNet (Li et al., 2024b); and three generative SR ap-
proaches, SeD (Li et al., 2024a), ResShift (Yue et al., 2023),
and PartialDiffusion (PDM) (Zhao et al., 2024). Among
the diffusion-based methods, ResShift and PDM require 15
and 50 iterative steps, respectively. All baseline methods
are trained using the same self-supervised strategy as Ultra-
CCM. For stochastic approaches, including ResShift, PDM,
and UltraCCM, inference was repeated using five different
random seeds, and results are reported as mean + standard
deviation across runs. For all slice-wise metrics, values were
first averaged within each patient for the in vivo dataset or
within each specimen for the ex vivo dataset. The reported
summary statistics and significance tests were computed
using these patient- or specimen-level values. For all results
in tables, different background colors indicate the best and

second best results.

We conducted all experiments on a single NVIDIA
Quadro RTX8000 GPU. Training was performed for 30
epochs using Adam optimizer (Kingma, 2014) with a learn-
ing rate of 5 x 1079, batch size 2. The upsampling factor
was fixed at k = 8. Following (Song et al., 2023), LPIPS
distance (Zhang et al., 2018) was used in Ly, and the IDA
weight was set to y = 5. During each epoch, 10 LR-HR patch
pairs were randomly extracted from every slice, with LR and
HR polar patch sizes of 256 X 32 and 256 X256, respectively.
Angular density range [N in, Nmax] Was set as [150, 300].

4.3. in vivo Evaluation

We present the evaluation results on the in vivo dataset.
As illustrated in Fig 1, SR was performed in the reformatted
axial plane for each MicroUS volume of size H X W X N.
Because adjacent axial slices along the W direction exhibit
minimal structural variation, we performed inference on
every fourth slice to reduce computation while preserving
spatial diversity, yielding 9,479 SR slices across the 30 test
volumes.

4.3.1. Qualitative Results

Fig 4 presents representative qualitative comparisons,
where lesions are highlighted and zoomed in with red boxes.
For reference, the whole-mount histopathology (WMH)
images with lesions outlined in green are provided. Com-
pared with other methods, UltraCCM produces significantly
sharper lesion boundaries and clearer anatomical structures,
while introducing minimal artifacts. Furthermore, as marked
by the , UltraCCM substantially reduces slice
discontinuities and reconstructs realistic textural details
that closely resemble true MicroUS patterns, whereas non-
generative baselines fail to recover fine-grained structures
and other generative methods tend to produce unrealistic
artifacts.

4.3.2. Expert Reader Study

To assess expert-perceived image quality and clinical
interpretability, we conducted a volumetric expert reader
study on the SR in vivo MicroUS images. Since non-
generative methods provided only marginal or negligible
improvements, the reader study focused on comparing Ul-
traCCM against generative baselines. For each test case,
SR slices were reassembled into volumes, and the four
volumes (one per method) corresponding to the same case
were grouped together for evaluation. Two experts, a se-
nior clinical urologist (W.B.) and an experienced radiologist
specializing in urogenital imaging (M.Q.), independently
assessed the image quality after training sessions. All patient
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Figure 5: Results of the expert reader study on the in vivo data. Reader scores for anterior and posterior regions are shown
for our dataset (left) and an external validation dataset from UF (right). Error bars denote standard deviations. All comparisons
between UltraCCM and other methods show statistically significant differences (p,4; < 0.05, paired t-test with Holm correction).

Metrics Bilinear SwinlIR SRConvNet ResShift PDM SeD UltraCCM
Inference Steps 1 1 1 15 50 1 1

Sharpness (x10?) 1 6.252* 6.263* 6.271* 5.947* +ox1075 7.129% +1x107* 6.233* 7.514 +2x1074
TOPIQ (NR) 1 0.5817* 0.5822* 0.5800* 0.6514 +6x10-° 0.6314* +2x10-5 0.6359* 0.6536 +1x10-5
TRES 1t 61.14* 61.13* 60.93* 77.75 +4x1073 74.26* £1x10-3 75.94* 77.33 +ox10~4
CLIPIQA 1 0.6343 0.6346 0.6287 0.6296* +5%10-5 0.6091 +5x10-5 0.5886* 0.6364 +4x10-
MANIQA 1t 0.3117* 0.3114* 0.3110* 0.3214% z1x10-5 0.3108* 1x10-5 0.3350 0.3359 +ix10-5
CNNIQA 1 0.7234* 0.7235* 0.7232* 0.7233* +1x10-5 0.7228* +1x10-5 0.7238* 0.7246 +2x10-5

FID | 12.75 12.71 12.06 6.23 +6x1074 3.31 +4x1073 4.49 2.90 +6x104

KID (x1073) | 10.85 10.85 11.04 7.15 +3x1073 8.24 +8x1073 9.14 6.23 +3x10-3

Table 1

Patient-level quantitative comparison of UltraCCM with other methods on the in vivo dataset. Stochastic methods are reported as

mean + standard deviation over five random seeds, whereas deterministic methods use single-run results.

indicates a significant

difference from UltraCCM based on patient-level paired t-tests with Holm correction (p,4; < 0.01). Statistical testing was not
applied to FID and KID, which are dataset-level distribution metrics.

identifiers and SR method labels were anonymized, except
that the bilinear-interpolated volumes were disclosed as a
reference. Image quality was scored for sharpness, noise,
artifacts, and overall quality on a 5-point Likert scale rel-
ative to the bilinear baseline (1: much worse, 2: worse, 3:
fair, 4: better, 5: much better). Evaluations were performed
separately for the anterior and posterior prostate regions.

To provide an initial assessment of generalizability, we
conducted an external validation reader study on in vivo
cases (n = 15) from the University of Florida (UF).
All imaging protocols and acquisition configurations were
consistent with our dataset, as described in Sec 4.1.1. The
model trained exclusively on our dataset was directly applied
to the UF cases without any fine-tuning. The same evaluation
protocol was followed.

Fig 5 presents the average reader scores across cases for
both the internal and external datasets. UltraCCM consis-
tently achieved the highest ratings across all criteria and in
both anatomical regions on both datasets, with particularly
significant improvements in the anterior region where image
degradation is most severe. These findings indicate that
UltraCCM produces clinician-preferred enhanced images
among the evaluated methods and maintains its performance
on the external cohort, demonstrating the potential of cross-
institutional generalizability.

4.3.3. Quantitative Results

We perform a non-reference image quality evaluation
on the in vivo dataset using the sharpness measurement,
non-reference image quality assessment (NR-IQA) met-
rics, and feature distribution measurements. Sharpness is
quantified using the Tenengrad measure (Krotkov, 1988),
which computes the average gradient magnitude obtained
from Sobel filtering in both horizontal and vertical direc-
tions. NR-IQA metrics include the non-reference variant
of TOPIQ (Chen et al., 2024), TRES (Golestaneh et al.,
2022), CLIPIQA (Wang et al., 2023), MANIQA (Yang
et al., 2022), and CNNIQA (Kang et al., 2014). We compute
Fréchet Inception Distance (FID) (Heusel et al., 2017) and
Kernel Inception Distance (KID) (Binkowski et al., 2018) to
compare the distribution of deep features extracted from the
SR axial slices against those from the acquired HR slices in
the original plane, thereby assessing whether the generated
textures resemble those in real acquisitions. Quantitative
results in Tab 1 show that non-generative baselines (SwinlR,
SRConvNet) provide minimal improvement over bilinear
interpolation. Among generative approaches, UltraCCM
achieves the best sharpness score and ranks first or second
across all NR-IQA metrics, while also obtaining the lowest
FID and KID. These results indicate that UltraCCM achieves
both superior perceptual quality and closer alignment with
the distribution of real HR textures. Patient-level paired
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Figure 6: Qualitative comparison on the ex vivo data. Red arrows highlight noticeable differences in anatomical structures across
the results of different methods. Zoom-in regions are provided to highlight differences in anatomical details.

Metrics Bilinear SwinIR SRConvNet ResShift PDM SeD UltraCCM
Inference Steps 1 1 1 15 50 1 1
PSNR 1t 30.78* 30.79* 30.74* 29.88" +5x1074 28.16* +ix10-3 29.83* 29.35 +8x104
SSIM 1 0.8569* 0.8565* 0.8561* 0.8411* +1x10-5 0.7897* +3x10-5 0.8477* 0.8243 +2x10-3
LPIPS | 0.1835* 0.1829* 0.1799* 0.1416 £ix10-> 0.1455 +7x10-3 0.1417 0.1405 +2x10-3
DISTS | 0.2032* 0.2019* 0.2006* 0.1262 +5%10-3 0.1202 +1x10-* 0.1454* 0.1231 +6x10-3
TOPIQ (FR) 1 0.5510* 0.5538* 0.5542* 0.6370 +6x10-3 0.6500* +2x104 0.6361* 0.6473 +5%10-
PieAPP | 1.4049* 1.3874* 1.3923* 1.0024 +6x10-+ 0.8381* +1x1073 1.2015* 0.9650 +7x10-*
Table 2

Specimen-level quantitative comparison of UltraCCM with other methods on the ex vivo dataset. Stochastic methods are reported
as mean =+ standard deviation over five random seeds, whereas deterministic methods use single-run results. * indicates a significant

difference from UltraCCM based on specimen-level paired t-tests with Holm correction (p,4 < 0.01).

t-tests with Holm correction further show significant dif-
ferences between UltraCCM and other methods for most
comparisons (Pagj < 0.01).

4.4. ex vivo Evaluation

We perform full-reference evaluation on the ex vivo
dataset. Because the ex vivo data were acquired using linear
translation, the densely sampled slices were repositioned at
pseudo-angular locations to match the fan-shaped geometric
representation used as input to UltraCCM. This computa-
tional representation is used for controlled sparse-to-dense
evaluation and does not represent the physical geometry
of the original ex vivo acquisition. HR reference volumes
were obtained by performing MPR on all repositioned slices,
whereas LR inputs were simulated by uniformly subsam-
pling the slices (every k-th slice) before MPR. Following
the in vivo protocol, inference was performed on every fourth
slice along the W dimension, yielding 2,037 SR axial slices.

4.4.1. Qualitative Results

Fig 6 presents the ex vivo qualitative comparison. Com-
pared to the HR reference, non-generative methods provide
limited enhancement and yield blurred anatomical struc-
tures. Among generative methods, SeD produces noticeable
artifacts, likely due to the inherent instability of GAN-based
training. In contrast, UltraCCM performs comparably to
ResShift and PDM, effectively recovering sharp edges and
reducing artifacts, while requiring only a single inference
step.

4.4.2. Quantitative Results

Tab 2 summarizes the quantitative comparison. We
evaluate pixel-level fidelity using peak signal-to-noise ratio
(PSNR) and structural similarity index measure (SSIM),
and perceptual quality using Learned Perceptual Image
Patch Similarity (LPIPS) (Zhang et al., 2018), Deep Image
Structure and Texture Similarity (DISTS) (Ding et al.,
2020), full-reference TOPIQ score (Chen et al., 2024), and
PieAPP (Prashnani et al., 2018).

Non-generative methods achieve high PSNR and SSIM,
whereas generative methods generally perform better on
perceptual metrics. PDM yields the best DISTS, TOPIQ, and
PieAPP scores but requires 50 inference steps. In contrast,
using only a single inference step, UltraCCM attains the
best LPIPS score and the second-best performance across
other perceptual metrics, while maintaining competitive
distortion-based performance. Specimen-level paired ¢-tests
with Holm correction show significant differences between
UltraCCM and the competing methods for most compar-
isons (p,gj < 0.01), as indicated in Table 2. These re-
sults indicate that UltraCCM provides a favorable trade-off
between perceptual quality and computational efficiency.
Although UltraCCM achieves slightly lower PSNR and
SSIM than the distortion-oriented non-generative baselines,
it remains competitive on these pixel-level metrics while
substantially improving perceptual quality, reflecting the
expected perception—distortion trade-off. This suggests that
the perceptual gains are not accompanied by large pixel-
or structure-level distortions, although these metrics alone
cannot exclude localized anatomically inconsistent details.
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Metrics Bilinear SwinIR SRConvNet ResShift PDM SeD UltraCCM
Dice (%) 1 89.90** 89.88** 89.79** 90.45** +0.08 90.64* +0.07 90.20** 90.95 +0.07
loU (%) t 81.87* 81.84* 81.69** 82.78** +0.13 83.09* +0.11 82.37** 83.59 +0.11
RAVD (%) | 19.34** 19.32%* 19.97** 17.26** +0.20 15.91** +0.25 18.06™* 14.18 +0.29
ASSD (mm) | 2.8440** 2.8450** 2.8811* 2.6736** +£0.0391 2.5726 +0.0251 2.7509** 2.5035 +0.0181
Table 3

Patient-level prostate segmentation results on the in vivo dataset. Stochastic methods are reported as mean + standard deviation

over five random seeds. *

correction (p,g; < 0.05 and p,y; < 0.01, respectively).

and ** indicate significant differences from UltraCCM based on patient-level paired r-tests with Holm

Method Steps Time (s / image)
Bilinear 1 0.037
SwinIR 1 1.366
SRConvNet 1 0.177
SeD 1 5.394
ResShift 15 75.370
PDM 50 88.570
UltraCCM 1 0.523
Table 4

Inference efficiency comparison on the in vivo dataset.

Together with the expert reader study results, these findings
provide complementary evidence of the practical benefits of
UltraCCM. The relevance to downstream image analysis is
further evaluated through the prostate segmentation task in
the following section.

4.5. Computational Efficiency

We benchmarked inference speed on the in vivo dataset
by measuring the average inference time per target-plane
slice for all comparison methods. As presented in Tab 4,
UltraCCM achieves a runtime comparable to non-generative
approaches while delivering substantially better image qual-
ity (Sections 4.3 and 4.4). Compared with other generative
competitors, UltraCCM provides 10x to 169X acceleration.
This highlights the effectiveness of UltraCCM in achieving
real-time SR of reformatted MicroUS images, thereby sup-
porting practical and time-efficient deployment in clinical
workflows.

4.6. Application to Prostate Segmentation

Prostate segmentation is a clinically important task that
delineates the prostate capsule and supports multi-modality
registration and disease diagnosis (Jiang et al., 2024). To
evaluate the downstream utility of the enhanced images,
we performed prostate segmentation on target-plane slices
generated by different SR methods. A radiologist annotated
3-5 axial slices per test case in the in vivo dataset, resulting
in 126 labeled images. We applied the pre-trained medical
image segmentation foundation model, MedSAM (Ma et al.,
2024) for zero-shot prostate segmentation. The bounding
boxes of the annotated masks were extended by 50 pixels
to simulate approximate prostate localization and were used
as prompts to feed into the model. We used the Dice score,
Intersection over Union (IoU) score, Relative Absolute Vol-
ume Difference (RAVD), and Average Symmetric Surface

PF X v 4
Random {a} v X 4
Sharpness (X10%) 1 | 7.004 zix104  7.079 z6x10-5 | 7.514 sax10-4
TOPIQ (NR) 1t 0.6502 £6x10¢  0.6464 +1x10-° | 0.6536 +1x10->
TRES 1 75.63 +1x107? 76.80 +1x10-3 77.33 xox10-*
CLIPIQA 1 0.6141 +5x10-°  0.6209 +5x10-5 | 0.6364 +4x10-5
MANIQA 1 0.3274 +3x10-5 | 0.3565 +1x10>  0.3359 +ix10-5
CNNIQA 1t 0.7247 +2x105 = 0.7238 +1x10-5  0.7246 +2x10-5
FID | 3.75 s8x1074 3.01 s6x1074 2.90 +6x10-4
KID (x1073) | 6.62 +7x1073 8.23 +7x1072 6.23 231073

Table 5
Ablation results evaluating the effect of positional features
(PF) and random angular sampling ({a}).

Distance (ASSD) to assess the segmentation performance.
For each metric, slice-wise values were first averaged within
each test case, and the resulting patient-level values were
reported in Tab 3. UltraCCM consistently outperforms other
methods across all metrics, demonstrating improved utility
for downstream prostate segmentation and providing com-
plementary evidence that the SR images may enhance the
information relevant to anatomy delineation.

4.7. Ablation Study
We conducted ablation studies on the in vivo dataset to
evaluate the contributions of key components in UltraCCM.

4.7.1. Positional Features and Random Angular
Sampling

We investigate the contribution of the proposed po-
sitional features (PF, Sec 3.3.2) and the random angular
sampling strategy ({a}, Sec 3.2) by training ablation variants
in which PF was removed or random angular sampling was
replaced with uniform sampling. As summarized in Tab 5,
removing either component results in worse performance
across most of the metrics. These results highlight that
PF provides essential geometric information for recover-
ing fine-grained tissue structures, while random angular
sampling improves generalization to realistic acquisition
patterns. Qualitative comparisons in Fig 7 further show
that both ablated models exhibit blurring artifacts, whereas
the full UltraCCM restores clearer prostate boundaries and
richer anatomical textures.

4.7.2. Intensity Distribution Alignment
To assess the effect of the proposed intensity distribution
alignment (IDA) regularization in Sec 3.4.2, we trained an
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Bilinear w/o PF w/o random{a} w/o IDA UltraCCM

Figure 7: Qualitative comparisons in the ablation study.
Zoom-in regions are provided to highlight differences in
anatomical details.

Metrics w/o IDA w/ IDA
JS (x1072) | 4.92 x1x1073 1.10 <4x1073
W1 (x1072) | 3.58 sax10-4 0.39 21x10
HI (%) 1 82.69 +2x10-3 95.86 +1x10-2
A, (x1072) | 3.57 xsx1074 0.31 21x10-3
A, (x107%) ) 2.26 +ax10~ 0.27 +5x107*
Agus (X1072) ] 1.86 +2x107* 0.40 +8x10~

Table 6
Ablation results with and without intensity distribution align-
ment (IDA). Results are averaged over five runs.

Metrics Self-supervised  Fully supervised
PSNR 1 29.35 +8x1074 28.63 +6x1074
SSIM 1 0.8243 +2x10-5 0.8042 +1x10-5
LPIPS | 0.1405 +2x10-3 0.0897 +4x10-
DISTS | 0.1231 +6x10-3 0.0627 +3x10-3
TOPIQ-FR 1 0.6473 +5%x1075 0.7848 +1x104
PieAPP | 0.9650 +7x10-+ 0.6824 +8x107*

Table 7

Comparison of self-supervised and fully supervised UltraCCM
training on the ex vivo dataset. Results are averaged over five
runs.

ablation model without this term and compared its ability to
preserve intensity statistics (e.g., contrast and brightness) be-
tween SR outputs and the original LR counterparts. We em-
ployed six metrics: Jensen—Shannon divergence (JS) (Lin,
1991), 1D Wasserstein distance (W1) (Villani et al., 2008),
histogram intersection (HI) (Swain and Ballard, 1991), ab-
solute differences of mean intensity (Ay = |urr — psrl),
standard deviation (Ao = |6 g — ogg|), and RMS contrast

(ARMS = 'GL—R — 2SR 1) Given normalized intensity his-
HLR HSR

tograms p and g of LR and SR images, JS quantifies the
similarity between them, W1 measures the Earth Mover’s
distance, and HI evaluates their overlap.

As shown in Tab 6, incorporating IDA substantially
improves all metrics, demonstrating its effectiveness in pre-
serving the native intensity distribution. Qualitative results
in Fig 7 further show that IDA prevents the brightness drift
and contrast imbalance observed when the regularization
is removed, producing SR images whose intensity profiles
more closely match those of the LR inputs.

4.7.3. Self-Supervised Training Strategy
To assess how well the proposed simulated degradation
approximates the sparse-sampling degradation in the target

plane, we trained UltraCCM using paired LR-HR target-
plane images from the densely acquired ex vivo dataset. As
shown in Tab 7, self-supervised training achieved higher
PSNR and SSIM, whereas fully supervised training yielded
better perceptual metrics, benefiting from direct supervision
from the same target-plane distribution as the inference data.
These results suggest that the proposed simulated degrada-
tion provides a reasonable approximation of the dominant
sparse-sampling characteristics in the target plane under this
controlled setting, while minor discrepancies remain in fine-
scale image details and textural patterns.

5. Discussion

We demonstrate that the proposed method can signifi-
cantly improve the image quality and the potential clinical
value of reformatted MicroUS images with a fast inference
speed. We propose a self-supervised strategy that exploits
the directional resolution disparity of MicroUS by learning
HR image statistics from the original acquisition plane and
transferring them to the LR target plane. By incorporating
positional features as a conditional model input and applying
random angular sampling during training, UltraCCM effec-
tively leverages the geometric characteristics of MicroUS
acquisition to enhance fine anatomical details. In addition,
we introduced an intensity distribution alignment regulariza-
tion to preserve the brightness and contrast of SR outputs.
Unlike diffusion-based approaches, UltraCCM requires only
a single inference step, achieving orders-of-magnitude faster
inference while producing high-quality images. Extensive
evaluations on both in vivo and ex vivo datasets, together
with expert reader studies and a downstream prostate seg-
mentation task, demonstrate that UltraCCM achieves state-
of-the-art perceptual quality and provides practical benefits
for MicroUS anatomical visualization.

Despite the advantages, several limitations remain. First,
the proposed SR formulation and simulated degradation fo-
cus on the rotational acquisition geometry and sparse angular
sampling, but do not explicitly model residual probe transla-
tion or tilt, pressure-induced tissue deformation, or patient
motion. Consequently, robustness to individual pose and
deformation effects has not been comprehensively evaluated.
Second, UltraCCM is currently implemented as a 2D super-
resolution framework, which may not fully capture conti-
nuity across adjacent slices in the reformatted volume or
the broader volumetric anatomical context. Third, although
expert reader studies were conducted, the number of readers
was relatively small, which may limit the robustness of sub-
jective evaluation. Fourth, the limited number and diversity
of training subjects may not fully capture patient-, operator-,
and anatomy-level variability. Future work will extend Ultra-
CCM to 3D modeling and explore other cross-plane ultra-
sound SR applications while incorporating pose-, motion-,
and deformation-aware reconstruction. We will also perform
larger-scale, multi-operator, and multi-institutional evalua-
tion with additional readers and lesion-level or task-based
validation.
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6. Conclusion

In this paper, we presented UltraCCM, a geometry-
driven, self-supervised consistency model for super-resolution
of reformatted MicroUS images. By explicitly leveraging
the geometric information of MicroUS acquisition through
positional features and random angular sampling, and by
introducing an intensity distribution alignment regulariza-
tion, UltraCCM generates high-quality SR images that pre-
serve both anatomical details and intensity distribution
characteristics. Compared with previous methods, Ultra-
CCM performs single-step inference, enabling faster super-
resolution processing while maintaining superior image
quality. Comprehensive evaluations on internal and external
in vivo cohorts and ex vivo data, along with expert reader
studies and a downstream segmentation task, demonstrate
that UltraCCM substantially improves perceptual quality,
reduces artifacts, and supports downstream image analy-
sis. These results highlight the potential of UltraCCM to
improve prostate cancer imaging workflows by improving
reformatted MicroUS visualization and supporting both
diagnostic and downstream computational applications.
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