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Abstract

The treatment of prostate cancer (PCa) is shifting towards the use of highly accurate
image-guided procedures in order to achieve better oncologic results. A common strat-
egy consists of using both pre-operative multiparametric magnetic resonance imaging
and intra-operative transrectal ultrasound during a prostate biopsy or focal ablation
procedure, thus offering enhanced localisation information through high spatial reso-
lution and dynamic response, respectively. However, reliable non-rigid registration is
still technically challenging owing to differences in cross-modal imaging physics as
well as large deformations between the two modalities caused by rectal probe com-
pression; this paper reviews how deep learning has evolved, focusing on convolu-
tional neural networks, generative models, including generative adversarial networks
and diffusion models, and transformer-based architectures. We discuss the extent to
which they utilise biomechanical priors to inform the solution of registration prob-
lems, against standardized challenges such as p-RegPro. State-of-the-art approaches
achieve sub-millimetre target registration errors with real-time inference times for
intra-operative deployment. Addressing outstanding challenges related to interpreta-
tion and generalization, this review provides an outlook of the road map to develop
“physics-aware” smart interventional systems. All these developments represent im-
portant steps toward a fully automated, precise, and minimally invasive PCa manage-
ment pipeline.

Keywords: Deep learning, Image registration, Non-rigid, Transrectal ultrasound, Mag-
netic resonance imaging

Highlights

e This review systematically reviews the evolution of deep learning-based non-rigid prostate magnetic resonance imaging—transrec-

tal ultrasound registration.

e This review analyzes dominant paradigms: hybrid convolutional neural networks, generative adversarial networks/diffusion mod-

els, and transformers.

e This review explores integrating anatomical priors and physical constraints to address label scarcity.
e This review critically evaluates the generalization gap between state-of-the-art benchmarks and clinical workflows.
e This review proposes future directions in physics-aware artificial intelligence and intelligent robotic interventions.
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Figure 1. Visualization of core challenges in cross-modal registration. (A) Intraoperative TRUS: Target ultrasound image characterized by
low contrast, speckle noise, and a limited FOV, highlighting the significant modality gap; (B) Preoperative MRI: High-resolution T2-weighted
image showing clear anatomical details; (C) Warped MRI: MRI image after non-rigid spatial transformation, aligned to match the prostate
anatomy under probe compression; (D) Deformation Grid: Visualization of the dense displacement field; grid distortion reflects the non-linear

(©)

spatial mapping. MRI, magnetic resonance imaging; TRUS, transrectal ultrasound; FOV, field of view; T2, transverse relaxation time 2.

1 INTRODUCTION

Prostate cancer (PCa) remains one of the most prevalent
malignancies among men worldwide, ranking as a leading
cause of both cancer incidence and mortality [1]. Based on
Global Cancer Observatory statistics for the year 2022, more
than one and a half million new cases of cancer were diagnosed
worldwide, leading to about 400,000 deaths [2]. Early diagno-
sis and accurate treatment are crucial to improve the five-year
survival rate and quality of life in PCa patients. Currently, clin-
ical diagnosis relies heavily on systematic biopsy guided by
transrectal ultrasound (TRUS). However, conventional TRUS-
guided biopsy is hindered by two intrinsic limitations [3, 4].
First, as illustrated in Figure 1A, TRUS is inherently plagued
by inferior image quality characteristics such as a low signal-
to-noise ratio, speckle noise, and poor soft-tissue contrast,
which obscure tumour borders and hamper the differentiation
of malignant lesions from benign hyperplasia. Second, the pro-
cess is highly dependent on the operator, and the accurate
placement of a needle depends on the clinician’s experience
and hand steadiness. All these factors lead to a high false-neg-
ative rate, with a risk of missing clinically significant prostate
cancer (csPCa), resulting in a delay in care. In contrast, multi-
parametric magnetic resonance imaging (MRI) offers superior
soft-tissue resolution and multi-sequence imaging capabilities
(Figure 1B), which enable accurate detection, localization, and
risk stratification of csPCa. However, MRI is expensive and
time-consuming, and it cannot guide the procedure in real
time. Consequently, preoperative MRI-TRUS image fusion-
targeted biopsy has been proposed. This technology aligns
high-precision preoperative three-dimensional (3D) MRI with
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real-time intraoperative two-dimensional (2D)/3D TRUS, “pro-
jecting” MRI-identified suspicious lesions onto the TRUS
space to provide clinicians with precise navigation, thereby
significantly enhancing the diagnostic yield and detection rate
of biopsy [5, 6].

In such a clinical workflow, image registration is the key tech-
nology to realize accurate navigation. Image registration refers
to the task of searching for a spatial transformation that can
map images of either the same subject or different subjects into
each other. MRI-TRUS registration is a classic cross-modal
problem fraught with severe technical hurdles. First, the dispa-
rate imaging physics of MRI and TRUS result in vast differ-
ences in intensity distributions, texture features, and tissue
contrast. This makes conventional intensity-based similarity
measures—such as normalized mutual information, mean
squared error, and modality-independent neighborhood de-
scriptor—struggle to establish effective spatial correspondenc-
es [7-10]. Second, the prostate is a compliant, deformable organ;
intraoperative probe pressure, changes in patient positioning,
and respiratory motion cause significant non-rigid deformation
[11]. This physical shift renders preoperative anatomy inconsis-
tent with intraoperative observations. Registration algorithms
must therefore apply complex spatial transformations to the
MRI to fit the TRUS geometry (Figure 1C). This spatial map-
ping is highly non-linear and non-uniform, as visualized by
the dense deformation grid in Figure 1D. Moreover, the low
signal-to-noise ratio of TRUS, acoustic artifacts, as well as
the difference in spatial resolution and field of view among
modalities add extra hurdles for obtaining an exact voxel-wise
correspondence. Conventional non-rigid registration approach-
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Figure 2. Overview of the DL-based prostate MRI-TRUS registration clinical workflow and technical framework. The process comprises
five stages: (D Preoperative acquisition of mp-MRI to localize tumors; @) Intraoperative TRUS imaging, during which non-rigid deformation
occurs due to probe pressure; ) Identification of core registration challenges; @ DL registration module (using CNN, GAN, or Transformer
backbones) to predict dense deformation fields; ® Final clinical application, providing precision navigation for targeted biopsy or focal therapy.
DL, deep learning; mp-MRI, multiparametric magnetic resonance imaging; MRI, magnetic resonance imaging; TRUS, transrectal ultrasound;
CNN, convolutional neural network; GAN, generative adversarial network; T2WI, T2-weighted imaging; DWI, diffusion-weighted imaging;

DCE, dynamic contrast-enhanced imaging.

es are typically classified into spline-based methods (e.g.,
B-spline Free-Form Deformation and Thin-Plate Splines) and
physics-based models [12, 13]. However, both paradigms have
significant disadvantages. Spline-based approaches are often
unable to model very local and non-uniform deformation as
they assume a global smoothness constraint. Physics-based
models are biomechanically plausible, but often require te-
dious iterative optimisation of complicated energy functions,
making them prone to local minima and unsuitable for the
real-time requirements of clinical interventions [14, 15].

To address such issues, deep learning (DL), in particular con-
volutional neural network (CNN)-based architectures, has
enabled a new era of learning-based medical image (MI) reg-
istration, which does not need to optimize for each specific
pair: DL methods consider registration as an end-to-end (E2E)
regression problem. By training deep neural networks with a
large dataset, this network learns a complicated non-linear
mapping from an input image pair to the output deformation
field [16]. After learning, the network is able to predict dis-
placement fields in less than a millisecond and therefore
enables online registration for clinicians with better reliability.
In recent years, researchers have also widely used DL in pros-
tate MRI-TRUS registration with customised designs accord-
ing to the particularities of this task. Among these, we can
mention the use of CNNs and weakly-supervised approaches
to extract features at different levels, adopting generative
models, including generative adversarial networks (GANs) and
diffusion models, to address the cross-modal discrepancy issue
and large deformation generation, and incorporating trans-
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formers for modeling long-range context relations. These
developments are moving prostate-directed biopsy away from
“experience-dependent” cognitive fusion and closer to fully
automatic, precise, and intelligent “software fusion”.

The aim of this review is to provide a systematic summary and
critical discussion on the status quo of DL-based non-rigid
prostate MRI-TRUS registration. First, we describe the key
technical paradigms and representative work in the domain.
Second, we summarize the datasets and evaluation metrics for
performance assessment and quantitative comparison. Third,
we examine how to integrate DL technologies into a clinical
surgical workflow and introduce the open problems for their
clinical deployment. Last but not least, we present our per-
spectives regarding the directions of future work and clinical
translation so as to serve as a useful guide to researchers and
clinicians alike. We summarize the overall DL-based prostate
MRI-TRUS registration clinical workflow and technical pipe-
line presented throughout this manuscript in Figure 2.

2 DL PARADIGMS FOR PROSTATE MRI-TRUS REG-
ISTRATION

Over the past few years, DL has revolutionized prostate MRI-
TRUS image registration and generated multiple types of
approaches that tackle the problem from different angles. To
better understand how each technology has evolved over time,
in this subsection we divide the existing work into three cat-
egories according to what they are innovating: first, we present
CNN-based approaches, which are the most established para-
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Figure 3. Schematic overview of deep learning architectures for prostate MRI-TRUS registration. (A) CNN Architecture: Represented
by the U-Net backbone, utilizing encoder-decoder paths and skip connections for end-to-end regression; (B) Generative Models: Illustrating
two distinct paradigms: GANSs (top), which use adversarial training between a generator and discriminator to bridge modality gaps; and diffu-
sion models (bottom), which employ an iterative denoising process (from noisy to clear) to generate high-fidelity deformation fields or images;
(C) Transformer Architecture: Demonstrating the tokenization of input images into patches and the use of self-attention mechanisms to capture
global anatomical dependencies. MRI, magnetic resonance imaging; TRUS, transrectal ultrasound; CNN, convolutional neural network; GAN,

generative adversarial network.

digm, including advances in real-time architecture optimiza-
tion and improved feature representation by incorporating
geometry and physics priors (e.g., segmentation contours, bio-
mechanical models). The second category is the generative
model-based methods, including GANs that use adversarial
learning to close the modality gap, and the more recent diffu-
sion models, which are known for having strong distribution
modeling capabilities. Lastly, we include attention mechanism
and transformer-based models, where we explain how such an
approach solves the local receptive field problem that comes
with the convolution operation by adding a self-attention mod-
ule or as a hybrid model. This architecture can therefore cap-
ture global, long-range dependencies as well as prominent ana-
tomical features to perform this classification task. An illustra-
tion of the classification architecture used is shown in Figure 3.

2.1 CNN-based methods
As one of the first technically mature DL-driven image regis-
tration methods, CNN-based methods are designed based on

a simple assumption that strong local feature representation
capability and nonlinear transformation capacity can be uti-
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lized by modeling the image registration problem as an E2E
regressor. Pioneering works, such as the framework that
applied CNNs as similarity metrics for driving 3D ultrasound
registration, achieved an error below 5 mm in 81% of the sam-
ples, proving that deep features have greater potential than
conventional intensity-based measures or even manual align-
ment [17].

Later, popular approaches (e.g., VoxelMorph) established the
trend of utilizing encoder-decoder networks for direct predic-
tion of displacement fields [16]. Based on these works, research-
ers first worked on optimizing registration workflows and basic
architectures for addressing the challenges of real-time perfor-
mance and large deformations intrinsic to prostate interven-
tions. For example, Dupuy et al. proposed an online 2D/3D
registration approach based on CNNs, incorporating the regis-
tration result of the previous frame as a trajectory prior and
substantially improving temporal consistency [11]. To address
large deformation, Guo et al. proposed the multi-stage regis-
tration architecture with a “coarse-to-fine” approach and a
synthesized error-scaled data generation method to address
the missing coverage of large-deformation labels in training,
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reducing the surface registration error to 3.57 mm [18]. In a
subsequent study, Guo et al. proposed a deep learning-based
ultrasound frame-to-volume registration pipeline for register-
ing 2D ultrasound frames to 3D volumes [19]. With the integra-
tion of a frame-to-frame registration network and a slice-cor-
rection network, and a similarity filtering mechanism, the pipe-
line was able to achieve an approximate target navigation error
of 1.93 mm at a clinical-grade frame rate of 5-14 frames per
second, demonstrating both high accuracy and fast inference
speed suitable for intraoperative use in an MRI-ultrasound
fusion-guided biopsy system.

Besides improving the network structure and inference pro-
cess, another important line of work is exploring more detail-
ed anatomical features and prior knowledge in order to facili-
tate better inter-modality correspondence learning with extra
semantic content provided by inputs or additional geometrical
regularization imposed explicitly. One common approach is to
enrich input semantics via segmentation probability maps.
Zeng et al. proposed a hybrid supervision method that first uses
two independent fully convolutional networks to produce pros-
tate probability maps on MRI and TRUS, respectively, which
are further fed to the registration network as auxiliary chan-
nels. By combining Dice loss and surface distance loss, they
obtained a mean target registration error (TRE) value of 2.53
mm using this technique in 36 patients [20]. As research deep-
ened, to elevate feature expression from a frequency-domain
perspective, Jiang et al. proposed a method based on joint
learning and a multi-level wavelet feature pyramid. Through a
cyclic mutual-assistance mechanism between the segmentation
and registration networks, they achieved superior accuracy
across 642 public cases [21]. Additionally, to endow networks
with physical interpretability, incorporating physical model
constraints has become an important direction. Fu et al. pro-
posed a biomechanically constrained registration method based
on 3D point-cloud matching as a proxy task. They used defor-
mation fields obtained from finite element analysis (FEA) as
supervision, enabling them to encode these biomechanical con-
straints in the network and achieve high-precision MR-TRUS
registration [22].

2.2 Generative model-based methods (adversarial networks
and diffusion models)

A GAN is composed of two competitive networks called a gen-
erator and a discriminator. Given an image registration task,
the generator usually predicts the deformation field or gener-
ates the warped image, whereas the discriminator discrimi-
nates the warped image from the ground-truth target image,
compelling the Generator to generate more realistic and plau-
sible results. Yan et al. first proposed such an idea for multi-
modal MI registration using the framework of adversarial
image registration network. Using a Wasserstein GAN app-
roach, the generator directly estimates rigid transformation
parameters, while the discriminator is used to evaluate the
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alignment quality, achieving fast (<100 ms) and accurate
(TRE 3.48 mm) registration for 763 cases, effectively validat-
ing the viability of adversarial learning [23].

To cope with such anatomical complexity, later works focused
on maintaining prominent regional information as well as add-
ing some physics-based restrictions. For example, Lian et al.
presented an region of interest-guided deformable image-to-
image translator, which converts one modality into another
while enforcing consistent structural prior knowledge in order
to generate plausible TRUS-like images, simplifying later reg-
istration challenges and preserving geometric truthfulness
[24]. Likewise, Feng et al. proposed a salient region matching
approach; while not a pure GAN structure, they integrate cross-
modal spatial attention into a generative framework. They use
a salient region matching loss to regularize the shape and inten-
sity consistency between the region of interest of the prostate,
and they obtained a Dice coefficient of 85.9%, thus improving
the robustness of a purely automatic registration [25]. In addi-
tion, to address the problem of potential unphysical deforma-
tions in pure data-driven generation, we use a variational auto-
encoder as a component of our biomechanics-informed genera-
tive registration framework architecture, which encodes bio-
mechanical priors (computed via FEM) onto a latent manifold.
In registration, the network searches within such a manifold
for an optimal deformation field fulfilling both image infor-
mation and biomechanical constraints, effectively suppressing
unreasonable local distortion [26].

Although successful for cross-modal registration with GANSs,
due to its unstable training process as well as the mode col-
lapse issue, it is not powerful enough to model the complicated
distribution of large deformations. Recently, diffusion proba-
bilistic models have been introduced. Based on their good dis-
tribution coverage and stable training performance, they have
been brought into the registration domain to break through
such a bottleneck. Yao et al. conspicuously introduced diffu-
sion models to the weakly supervised setting. They designed a
label-aware diffusion model, which can correct the initial bias
by aligning label centroids, followed by producing a high-
quality deformation field through a feature-guided module
with label supervision. It is highly robust for large deforma-
tions, substantially lowering the TRE to 0.940 mm, with an
exceptionally small Jacobian determinant fold-over rate (0.134),
and is much more precise than classical unsupervised or super-
vised registration techniques such as VoxelMorph [27].

2.3 Transformer-based registration methods

Although CNN-based registration approaches are highly effi-
cient with good local texture extraction ability, they are based
on a strong inductive bias—i.e., the set of structural assump-
tions that the model makes for generalization to new data. For
CNNs, this bias mainly consists of locality and translation
invariance, which means the model assumes the relevant fea-
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Table 1. Characteristics of representative public datasets for prostate MRI-TRUS registration

Dataset Scale Raw resolution

Preprocessing and characteristics

pn-RegPro [32] 76 cases

MRI: 120x128x128 voxels

Resampled to 0.8 mm? isotropic resolution

TRUS: 81x118%88 voxels

TCIA [33] Prostate subset

T2WI: 0.5 mm/plane, 3.6 mm slice
DWI: 2.0 mm/plane, 3.6 mm slice
DCE: 1.5 mm/plane, 4.0 mm slice

Raw DICOM,;
Heterogeneous resolutions;
Significant slice thickness

Note: MRI, magnetic resonance imaging; TRUS, transrectal ultrasound; TCIA, The Cancer Imaging Archive; T2WI, T2-weighted imaging; DWI,
diffusion-weighted imaging; DCE, dynamic contrast-enhanced imaging; DICOM, Digital Imaging and Communications in Medicine.

ture is spatially clustered and its relative position remains
unchanged. While this facilitates feature learning, it neverthe-
less results in the problem of the local receptive field, which
brings great difficulties in modeling large-scale non-rigid
deformation.

This limitation is especially important for prostate MRI-TRUS
registration. In a clinical setting, inserting and manipulating
the transrectal probe applies considerable pressure to the gland,
inducing large-scale global deformations and non-uniform dis-
placements of the whole organ, which have long-range spatial
correlations, where the pressure on the rear end directly deter-
mines the shape and location of the front tip. Since the prostate
is a soft tissue, all these global variations are distributed across
the whole field of view. It is difficult for CNNs to learn such
inherent correlations among far-away anatomical structures
because of their nature as local window-based operations. In
order to address this limitation, equipping them with an atten-
tion mechanism, i.e., transformers for global context extrac-
tion, is now a mainstream direction of development.

Originally having great success in natural language process-
ing, transformers use their key component, self-attention,
which is able to compute association weights between any two
positions in an input sequence adaptively. Since vision trans-
formers for unsupervised volumetric medical image registra-
tion was introduced into MI registration in 2021, the field
quickly moved on, exploring shifts from pure global attention
to hierarchical feature representations, such as hierarchical
vision transformer [28, 29]. Nevertheless, the pure transformer
network usually sacrifices matching precision for minute struc-
tures because there is no local texture information. Therefore,
the “hybrid architectures” that combine the local feature
extraction ability of CNN and the global screening ability of
attention mechanisms are becoming mainstream choices.

For instance, Mahmoudi et al. proposed 3D-Wavelet-Deep-
Separable-Attention-PMorph, which is a hybrid of Swin
Transformer and CNN with an encoder-decoder architecture
[30]. They introduced their main contribution as the Wavelet-
Deep-Separable-Attention, which relies on wavelet transform
to achieve multi-scale space-frequency fusion that overcomes
the shortcomings of conventional transformer in represent-
ing frequency-domain information. Assuming standardized
p-RegPro dataset and pre-aligned conditions, this approach
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reached a TRE of less than one millimetre [30]. Parallel to this
is another technical route focusing on clinical robustness and
salient feature mining. Yu et al. proposed a weakly-supervised
framework integrating an Attention-enhanced U-shaped CNN
and a Residual-Enhanced Registration Network [31]. This
method utilizes a sparse set of expert-annotated anatomical
landmarks to compute loss functions, alleviating the annota-
tion burden. In this work, we not only evaluated our algorithms
with the publicly available p-RegPro dataset, but also provided
a patient cohort including Prostate Imaging Reporting and
Data System scores as an additional test set [32]. Despite the
fact that, due to its complexity, the mean TRE increased up to
8.63 mm compared to the public dataset, the study showed that
weakly supervised DL can be used to assist biopsy navigation
in realistic clinical workflow scenarios [31]. The above two
recent works show that either learning the multi-scale frequen-
cy perception by transformer blocks or promoting salient fea-
ture representation with attention mechanisms, enhancing the
model’s perception of global topology and important anatomi-
cal structures, is the critical path to solving the challenging
non-rigid prostate registration problem.

3 DATASETS AND EVALUATION METRICS

Consistent datasets and unified evaluation criteria are essential
to objectively evaluate and compare different DL-based regis-
tration approaches. In this part, we list typical public resources
and basic evaluation criteria used by the prostate MRI-TRUS
registration community.

3.1 Public datasets

The size, variety and annotation quality of a dataset directly
determine how well a DL model will perform and to what
extent it can be generalized. Today, most studies on prostate
MRI-TRUS registration are based on a few publicly available
datasets and internal private datasets, as patient privacy strictly
restricts the collection and distribution of high-quality, large-
scale labelled datasets. A comparison between the two most
representative public datasets and their peculiarities is provid-
ed in Table 1.

Datasets used in recent works are based on the following two

approaches to algorithm verification. u-RegPro is a very well-
controlled testbed [32]. In this dataset, MRI and TRUS volumes
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are resampled to the same 0.8 mm?® isotropic resolution.
Although this strict standardization removes the impact of res-
olution disparity and improves the repeatability of registration
outcomes, it can lose some of the finer anatomy that is present
in raw data.

On the other hand, The Cancer Imaging Archive maintains the
raw clinical state of the imaging data [33]. It comprises diag-
nostic-grade Digital Imaging and Communications in Medicine
sequences with heterogeneous resolutions, with good in-plane
resolution (e.g., 0.5 mm, T2-weighted imaging) but large slice
thicknesses (up to 4.0 mm). The Cancer Imaging Archive
requires stronger preprocessing and adaptation capabilities for
the registration models but provides better ecological validity
in that it reflects the natural heterogeneity and artifacts of clini-
cal acquisitions.

3.2 Evaluation metrics

To evaluate registration performance in a quantitative manner,
several widely used evaluation criteria are employed to mea-
sure registration quality based on different aspects, such as vol-
ume intersection ratio, surface point-to-surface distance, and
inlier correspondences between intrinsic features.

TRE: TRE, which has been regarded as a “gold standard” to
assess registration accuracy, quantifies the Euclidean distance
between one fixed set of predefined, known corresponding
points (landmarks) in the source and target images, which usu-
ally correspond to important anatomical landmarks, such as the
urethra, prostate calcifications, or cysts. The TRE is defined as:

TRE = sqrt(% D AP TEN | 2)) 1

where p;" and p; denote the coordinates of the i-th correspond-
ing landmark in the target and source images, respectively, 7
represents the learned transformation, and N is the total num-
ber of points. A lower TRE indicates higher precision. In clini-
cal practice, a TRE of less than 2.0-3.0 mm is generally consid-
ered acceptable for targeted interventions.

Dice similarity coefficient (DSC): DSC measures the volume
overlap between two binary masks (e.g., organ segmentations).
It has values ranging from 0 to 1, where 1 represents an exact
match. This is used to measure the similarity between the
warped source mask and the target mask in a registration
problem:

|A N B|
DSC=2+( ?)

Al+|Bl)
where A and B represent the source and target masks. DSC is

a highly effective metric for assessing the overall global align-
ment of an organ.
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Hausdorft distance (HD): HD measures the maximum mis-
match between two surfaces:

h(A,B) = min min | a-b 3
(A,B) in min la-b| A)
HD = max (h(A,B),h(B,A)) @)

To reduce the impact of noise and outlier points, the 95th per-
centile HD is usually reported in the literature instead. It picks
the maximal distance after removing the top 5 percent of the
largest distances and serves as a strong indicator of local mis-
alignment at the boundary.

Mean surface distance (MSD): MSD measures the mean dis-
tance between every pair of corresponding points on each sur-
face. Compared with HD, MSD is not as sensitive to local outli-
ers and thus better reflects the overall surface matching
quality.

Table 2 outlines the performance of state-of-the-art (SOTA)
methods, categorized by their respective evaluation datasets.
While direct numerical benchmarking is hindered by varying
normalization protocols and dataset scales, these metrics offer
a comprehensive trajectory of the field’s technical maturation
and its ongoing shift toward clinical integration.

While the different origins of data, as well as the lack of stan-
dardization for data preprocessing, prevent us from making an
absolute quantitative comparison among them, horizontally,
the quantitative metrics summarized in Table 2 highlight a
clear technical evolution, as well as the present-day bottlenecks
in translating these advances into clinical practice. We also
note, however, that performance can only ever be as good as the
dataset on which it has been tested, with “best-case scenario”
performance typically being obtained when testing on already
aligned or curated datasets. Performance remains very limited
on raw clinical data.

The first is that developments in model architecture have
directly led to a decade’s worth of orders-of-magnitude im-
provements in registration accuracy. Initial CNN and GAN-
based approaches (e.g., Zhu et al.; Yan et al.), which were
restricted to the local receptive field and simple adversarial
strategies, have TREs in a range of approximately 3.0-5.0 mm
most of the time [17, 23]. By comparison, works in 2025 using
transformers or diffusion models manage to lower the TRE
below one millimeter (<1.0 mm) [30]. Note that those SOTA
results mainly report on very standard benchmarks, where
spatial pre-alignment reduces the initial pose variance. This
indicates that, although modeling of complex deformations is
important, the quality of the input data is one of the most
important factors that determines the degree of reported
success.
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Table 2. Summary of performance metrics for representative DL-based prostate registration methods

Study Method TRE (mm) DSC HD95 (mm) MSD (mm) Dataset sources
Yan et al. 2018 [23] Adversarial (AIR-net) 3.480 - - - Private
Zhu et al. 2019 [17] CNN-based similarity <5.000 (in - - - Private
81% cases)
Zeng et al. 2020 [20] Label-driven weakly supervised 2.530+1.390 0.910+0.020 4.410 0.880 Private
Fu et al. 2021 [22] Biomechanically constrained 1.570+£0.770  0.940+0.020  2.960+1.000  0.900+0.230 Private
Guo et al. 2023 [19] FVReg (CNN) 1.930 - - - Private
Lian et al. 2025 [24] Deformation-aware GAN 2.240+1.020 0.876 - - Private
Feng et al. 2025 [25] Salient region match 4.650+1.760  0.859+0.035 - - u-RegPro
Mahmoudi et al. 2025 [30] 3D-WDA-PMorph 0.850 0.941 - - TCIA
Jiang et al. 2025 [21] Joint learning (MWEFP) - 0.811+£0.018 - - TCIA
Yu et al. 2025 [31] Weakly supervised (RERN) 7.860 (Pub); 0.748 (Pub);  10.180 (Pub); - p-RegPro
8.630 (Clin)  0.730 (Clin)  11.180 (Clin)
Yao et al. 2025 [27] Label-aware diffusion 0.940 0.880 - - u-RegPro
Hao et al. 2026 [26] BGProReg (Phy-GAN) 3.720+1.050  0.924+0.027  3.000+0.700 - p-RegPro and TCIA

Note: TRE, target registration error; DSC, Dice similarity coefficient; HD95, 95th percentile Hausdorff distance; MSD, mean surface distance;

DL, deep learning; AIR-net, adversarial image registration network; CNN,
GAN, generative adversarial network; MWFP, multi-level wavelet feature

convolutional neural network; FVReg, frame-to-volume registration;
pyramid; RERN, residual-enhanced registration network; BGProReg,

biomechanics-informed generative registration framework; Phy-GAN, physics-informed generative adversarial network; 3D-WDA-PMorph,
three-dimensional wavelet-deep-separable-attention PMorph; TCIA, The Cancer Imaging Archive; Pub, public dataset; Clin, clinical dataset.

Second, physics-based constraints are important for achieving
plausible deformation, although purely data-driven approaches
typically achieve lower TRE: the absence of anatomical con-
straints leads to non-physical topology changes, as shown in
works by Fu et al. and Hao et al. [22, 26]. While the TREs
(approximately 1.57-3.72 mm) are still slightly higher than
those from recent pure DL methods, the use of biomechanical
constraints or FEM priors can prevent topological errors, e.g.,
Jacobian determinant folding. It stresses that forcing a physi-
cally realistic deformation field is at the core of ensuring safety
for clinical deployment, even with low errors.

Lastly, there is still a large performance gap between con-
trolled experiments and the true clinical setting. As shown in
the work of Yu et al., the same algorithm performed signifi-
cantly worse on more heterogeneous clinical data than it did on
very well-controlled public datasets, with an increase in TRE
from 7.86 mm to 8.63 mm [31]. This indicates that the good
performance obtained by SOTA methods when operating on
preprocessed data could be an overestimate of their perfor-
mance in realistic settings, and future efforts should not focus
solely on improving performance on a reference dataset but
should also attempt to take into account domain shift, multi-
modal interference, e.g., artifacts, and multicenter pathological
variation to improve the clinical robustness of such models.

4 CLINICAL APPLICATIONS AND CHALLENGES
DL-based MRI-TRUS registration is not only a matter of

developing algorithms, but it is also useful when incorporat-
ed into clinical diagnosis and treatment processes. It could
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improve the accuracy and safety of prostate biopsy and other
interventions: these tools are changing the paradigm of treat-
ment. Here we highlight some fundamental applications to
clinical practice, and discuss various factors that make their
clinical adoption difficult.

4.1 Clinical application scenarios

At present, MRI-TRUS fusion-targeted biopsy is the most
mature and popular application scenario for fusion technology.
Conventional systematic biopsy is usually restricted by the
poor specificity of ultrasound, which results in “blind sam-
pling” and a high omission rate of csPCa [34-36]. Fusion-
guided systems instead map high-risk regions identified on
MRI in real time, ¢.g., Prostate Imaging Reporting and Data
System 4/5 lesions, onto intra-operative TRUS images to guide
a precise trajectory of the needle, thereby improving the diag-
nostic yield of csPCa with a minimal number of cores and
related complications [37]. For example, the PROST-Net model
implemented on the PROST robotic platform to perform trans-
perineal biopsy with real-time prostate segmentation and track-
ing, thus minimizing errors due to subjective human factors
[38]. Wang et al. developed an E2E pipeline including a pre-
processing module, the DeepReg registration network, and a
live planning module, which generates both trajectory sugges-
tions and “collision warnings” between the organs at risk clos-
est to each other, showing that it is possible to have complete-
ly intelligent surgical assistance [39].

Precise registration technology is a key support for achieving
focal therapy, such as high-intensity focused ultrasound or
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cryoablation [40, 41]. For both treatments, the accurate deliv-
ery of energy to the preoperative MRI-targeted plan and real-
time MRI-TRUS registration facilitate accurate execution of
the treatment plan as well as an adaptive response to tissue
deformation due to thermal ablation or ice ball growth [40,
42]. Additionally, for minimally invasive procedures such as
brachytherapy, registering the pre-operative MRI and intra-
operative ultrasound improves targeting accuracy while spar-
ing organs at risk to decrease morbidity [43]. In order to tackle
registration challenges due to the presence of metallic needle
artifacts on ultrasound, researchers have suggested weakly
supervised approaches for propagating the MRI-based pros-
tate contours onto the treatment-planning ultrasound image,
enabling efficient dose allocation and analysis [44].

4.2 Technical and clinical translation challenges

Despite these promising results in isolated experiments, there
are still some challenges that need to be addressed before
applying a DL model as an evidence-based medical tool in
real-life conditions [45].

4.2.1 Generalization and data bottlenecks

However, deep models, especially complicated CNNs or trans-
formers, are prone to highly fitting the particular distribution in
the training set, which results in a severe performance drop
when facing the heterogeneity of data from different centers, as
the data are often unstandardized across device manufacturers
or imaging protocols [46]. Additionally, due to strict patient
privacy rules, e.g., General Data Protection Regulation and
Health Insurance Portability and Accountability Act, and the
prohibitive cost of expert annotation, most research is based on
small-scale and single-center datasets. Large-scale standard-
ized multicenter data are one of the major limitations for dem-
onstrating generalizability and reaching the maximum achiev-
able performance.

4.2.2 Technical robustness and interpretability in complex
scenarios

Although registration error is reported at a millimeter scale,
the robustness of algorithms to inevitable “clinical noise”, e.g.,
bowel air-gas artifacts, non-uniform probe pressure, or extreme
tissue distortion, remains to be rigorously stress-tested [47].
Furthermore, due to the “black-box” nature of DL, the deci-
sion-making process is opaque: if a clinician cannot interpret
the registration logic, e.g., which landmarks have been matched,
they will not necessarily believe in the outcome of the system.
Therefore, designing explainable artificial intelligence (AI) to
explain how the model reaches its conclusions can be neces-
sary before building confidence between engineers and clini-
cians [48].
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4.2.3 Workflow integration and regulatory hurdles

A successful algorithm will need to seamlessly integrate into
existing hospital information systems, i.c., picture archiving
and communication systems/radiology information systems,
and match the user interface/user experience preferences of
surgical teams. As medical devices, such systems have to be
approved by regulatory authorities such as the Food and Drug
Administration or National Medical Products Administration,
and there must be an built-in fault detection and error handling
within the system itself. When the model’s confidence is low or
an anomaly has been detected, it should warn and hand over
control back to the doctor, adhering to the “human-in-the-loop”
paradigm as a baseline for surgical safety.

5 FUTURE DIRECTIONS AND PERSPECTIVES

To solve the problems mentioned above, high-precision pros-
tate MRI-TRUS registration technology is developing toward
robustness and deep clinical integration. With leading-edge
technical trends as well as pressing clinical needs, we envision
that future studies will focus on the following five main aspects:

The first is the development of a new generation of hybrid
architectures as well as the exploration of more generative
frameworks in future registration models. The key point of
future registration models should be how to combine global
information with local information from different scales. On
one hand, transformer-based networks can effectively capture
long-range dependencies, which have obvious advantages
when dealing with the estimation of large-scale non-rigid
deformation. On the other hand, it is believed that hybrid
“transformer+CNN”-based networks would be responsible
for keeping the global topological structure consistent while
enforcing local pixel-wise correspondence. Furthermore, re-
cently emerging generative networks, especially diffusion
models, have shown remarkable performance in distribution
modeling. Applying them to the task of cross-modal image
synthesis or utilizing them as priors for deformation field gen-
eration can outperform conventional similarity measures, con-
tributing new mathematical tools to the field of unsupervised
registration.

Second, future studies should focus on learning from limited
resources. In order to avoid requiring massive amounts of
expert supervision, few-shot learning and domain adaptation
would be another major focus in future studies. A meta-learn-
ing or metric-learning framework could help improve the rapid
adaptation capability when facing data from novel clinical cen-
ters or imaging devices. Furthermore, exploring efficient trans-
fer learning schemes, where the anatomical representation
learned in well-populated domains, e.g., mono-modal MRI
registration, is distilled to data-scarce MRI-TRUS tasks, is
one such possible route toward alleviating the annotation bot-
tleneck problem.
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Third, future studies should focus on deep mining of multi-
modal radiomics. The existing methods mainly use single-
channel intensity or a binary mask. The paradigm is changing
toward multi-parameter and multidimensional information
fusion. Fusing multi-sequence MRI information, e.g., T2-
weighted imaging, diffusion-weighted imaging, and dynamic
contrast-enhanced imaging, and possibly including the meta-
bolic functional signature of prostate-specific membrane anti-
gen positron emission tomography/computed tomography, may
be useful. Researchers may build high-dimensional radiomics
feature spaces. These types of multi-modal constraints will
help disambiguate the registration problem where there is
ambiguity due to, for example, low contrast between tissues
and/or similar grey values across modalities, thus improving
the stability of soft tissue matching.

Fourth, future studies should focus on the incorporation of
physical laws and biomechanical constraints. Purely data-
driven models tend to suffer from non-physical deformations,
e.g., tissue folding. The integration of physics priors is critical
for guaranteeing a unique and safe solution. Future work will
focus more on explicitly incorporating diffeomorphic map-
ping, volume preservation, and biomechanical consistency
constraints in terms of losses or networks. This guarantees that
the learned deformation fields are also physically invertible,
respecting the hyperelastic behavior of prostate tissues. FEA-
based strategies using FEA results to guide latent space learn-
ing would be important baselines in building “physics-aware”
neural networks.

Finally, future studies should focus on “perception-planning-
execution” closed-loop intelligent system building. The final
value of registration algorithms should be their translation into
clinical practice. The mainstream direction is deeply integrat-
ing Al registration with surgical robotic control and real-time
intraoperative imaging systems. The development of smart
navigators that are able to track deformations in real time and
dynamically correct trajectories, enabling a fully automatic
closed loop between imaging diagnosis/pre-operative plan-
ning and robotically accurate intervention, is the ultimate way
toward bringing PCa management to the age of automation,
personalization, and non-invasive precision. Importantly, in
order for such a shift to occur, further work is needed to
reduce the “black-box™ aspect of DL and focus on explainable
Al techniques. Providing interpretable models with associat-
ed measures of confidence or maps showing important ana-
tomical features would allow clinicians to understand how the
model made its prediction, thus enabling the clinical interpret-
ability and trust required for high-risk intervention adoption.

6 CONCLUSION
Non-rigid MRI-TRUS registration is the key technology to

achieve precision-targeted biopsy or focal therapy of PCa.
Although it plays a very important role, accurate alignment has
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long been a challenge in the field of MI computing due to dif-
ferent cross-modal imaging physics, complex soft-tissue defor-
mations, and the ubiquitous absence of voxel-level annotations.
DL has brought about a revolution in tackling such a non-linear
mapping issue. In this survey, we have described clearly how
the field has evolved: starting with fully supervised CNN E2E
regressors, progressing to mixed CNN architectures using both
weak supervision and physics-based constraints; from the use
of GANSs for bridging modality gaps to high-precision genera-
tive registration with diffusion models; and, finally, toward
joint modeling of local fine structure and global topology
through hybrid architectures and attention mechanisms. To
date, it has been shown by the following works that DL tech-
niques are making significant progress in improving registra-
tion accuracy, acceleration, and convergence.

Currently, SOTA DL models have achieved sub-millimeter-
level accuracy (TRE<1.0 mm) on standard public datasets, with
short (<0.5 s) inference times, making them suitable for intra-
operative real-time navigation. All these advances provide
solid anatomical guidance for accurate biopsy, ablative thera-
py, and brachytherapy. However, we have to admit that all the
above results are built upon idealized experiments; there exists
a large “generalization gap” from lab benchmarks to real-world
clinical scenarios. The stability and safety of such models
against multicenter heterogeneous data, pathologically com-
plex cases, and intraoperative artifacts require additional vali-
dation in large-scale, prospective clinical studies.

In future work, we expect to shift our attention away from
small improvements in accuracy and toward improving utility
for clinical practice by focusing on out-of-sample perfor-
mance across institutions, developing low-resource training
techniques, and strongly incorporating physics and biome-
chanical prior knowledge into neural network architecture
design for plausible and safe deformation predictions. The final
goal is to build highly automated, explainable, and effortlessly
deployed E2E intelligent interventional systems through the
synergistic coupling between advanced algorithms and surgi-
cal robots. These tools are expected to bring the field of PCa
care into an age of automation, precision, and intelligent mini-
mally invasive interventions.
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