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Abstract—Intraoperative registration of real-time ultrasound
(iUS) to preoperative Magnetic Resonance Imaging (MRI) re-
mains an unsolved problem due to severe modality-specific dif-
ferences in appearance, resolution, and field-of-view. To address
this, we propose a novel 3D cross-modal keypoint descriptor
for MRI-iUS matching and registration. Our approach employs
a patient-specific matching-by-synthesis approach, generating
synthetic iUS volumes from preoperative MRI. This enables
supervised contrastive training to learn a shared descriptor space.

A probabilistic keypoint detection strategy is then employed
to identify anatomically salient and modality-consistent locations.
During training, a curriculum-based triplet loss with dynamic
hard negative mining is used to learn descriptors that are i) robust
to iUS artifacts such as speckle noise and limited coverage, and
ii) rotation-invariant . At inference, the method detects keypoints
in MR and real iUS images and identifies sparse matches, which
are then used to perform rigid registration. Our approach is
evaluated using 3D MRI-iUS pairs from the ReMIND dataset.
Experiments show that our approach outperforms state-of-the-art
keypoint matching methods across 11 patients, with an average
precision of 69.8%. For image registration, our method achieves
a competitive mean Target Registration Error of 2.39 mm on the
ReMIND2Reg benchmark.

Compared to existing iUS-MR registration approach, our
framework is interpretable, requires no manual initialization, and
shows robustness to iUS field-of-view variation. Code is available
here: https://github.com/morozovdd/CrossKEY

Index Terms—Cross-modality, 3D Keypoint Descriptor, MRI,
Ultrasound, Matching and Registration.

I. INTRODUCTION

ATCHING images across different modalities remains

a fundamental challenge in medical imaging due to
significant appearance differences between modalities [1].
This challenge underpins a variety of clinical and research
applications, including content-based image retrieval [1]], [2]],
slice-to-volume reconstruction [3]], and deformable image reg-
istration [4]-[8].

In the context of image-guided surgery, registering images
from complementary modalities enables the fusion of distinct
anatomical and functional information, improving the intra-
operative identification of critical structures and ultimately
surgical outcomes. A representative example is neurosurgery,
where real-time intraoperative ultrasound (iUS) is commonly
registered with preoperative Magnetic Resonance Imaging
(MRI) to compensate for intraoperative brain shift and refine
tumor localization [9].
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Fig. 1: 3D cross-modal keypoint matching between MR and
iUS volumes. Bottom: Matched local patches around a key-
point pair from MR and iUS images with corresponding
descriptor curves showing strong similarity agreement.

One strategy to bridge modality-specific appearance gaps
is to abstract each image using keypoints [I]I, [4], [10],
[11]), segmentations [I2], or latent representations [13]], [14].
When appropriately leveraged, such abstractions can facilitate
multimodal medical image registration. In this work, we focus
on keypoint-based multimodal approaches, where correspon-
dences are automatically established between a sparse set
of salient keypoints is detected from each image. Keypoints
are particularly well-suited for scenarios involving partially
observed or resected anatomy, such as in intraoperative imag-
ing, and remain effective under non-rigid deformations [[15],
[16]. They also offer a key interpretability advantage, as
matched keypoints can be directly visualized and assessed
for anatomical plausibility [4]], [I5]. The field of multimodal
keypoint matching has seen substantial investigation [1]], with
successful applications to medical imaging. Nonetheless, exist-
ing methods are often limited to 2D applications or to images
where the intensity distributions across modalities remain
relatively consistent. In contrast, aligning preoperative MR
with iUS images presents a particularly challenging scenario
due to the large modality gap [17]. MRI and iUS differ not
only in terms of information they capture (morphological
versus echo-based), but also in resolution, acquisition, and
noise characteristics [5]. While MRI produces high-resolution
3D volumes with strong soft-tissue contrast derived from
pulse sequence parameters, iUS provides partial and noisy
views formed through acoustic wave reflections, often with
limited field-of-view (FoV). Bridging this gap requires not
only handling large appearance gaps but also addressing 3D-
specific challenges, including rotational and FoV variability.

Contributions. We propose a novel cross-modal 3D keypoint
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descriptor specifically designed for matching preoperative MR
and iUS volumes. Our main contributions are as follows:

o A matching-by-synthesis strategy in which synthetic iUS
images are generated from the patient’s own MR volume
and used to train a cross-modality descriptor network.

o A cross-modal keypoint detector in the form of saliency
heatmaps, constructed by accumulating keypoint presence
across synthetic iUS and MR volumes, followed by a
probabilistic aggregation to estimate keypoint saliency
and consistency across modalities.

o A supervised contrastive framework with curriculum
learning, enforcing robustness to iUS appearance vari-
ability, speckle noise, rotation, and FoV changes.

This work is a substantial extension of our conference pa-
per [10]. Improvements include: 1) Extension to 3D; 2) A
novel contrastive learning approach; 3) New experiments, in-
cluding an ablation study and validation on image registration.

II. RELATED WORKS

Cross-modal keypoint matching can take various forms [/1]].
Some are designed for multi-spectral settings, such as match-
ing near-infrared images with visible-light images [18]. Oth-
ers focus on visible-to-infrared matching [19] or RGB-to-
depth maps or satellite imagery [1] Arguably, temporal vari-
ations [20], where the same scene is observed at different
times of the day or year, can also be considered a type of
multimodality when dealing with extreme cases. A further
distinction can be made with medical imaging modalities due
to the inherently dynamic and heterogeneous nature of tissue
appearance [[7]], [21]. The visibility of anatomical structures
such as parenchyma, tumors, bones, fluids, and vessels, as
well as functionally relevant tissues such as gray matter, white
matter, and fiber tracts, varies significantly across imaging
modalities (e.g., MRI, CT, iUS, PET, fMRI, or SPECT), posing
unique challenges for descriptor design used for matching
that need to generalize beyond appearance and toward shared
structural, functional or semantic information [|13]], [[14].

Multimodal Matching of 2D Medical Images: Methods ad-
dressing multimodal matching of medical images were initially
developed for retinal imaging for fundus-FA or fundus-OCT
registration. Early handcrafted descriptors like PIIFD [22] have
since been outperformed by learning-based methods [[23]—[25]],
offering enhanced robustness to intensity variations, rotation,
and sparse annotations through end-to-end keypoint learning.
In [26], an end-to-end self-supervised Siamese CNN was
proposed for detecting and matching anatomical landmarks in
pairs of 2D lower abdominal CT slices. The network jointly
learns keypoint locations and descriptors, achieving high-
density correspondences under intensity, affine, and elastic
transformations. Diffusion-guided image registration leverag-
ing features from off-the-shelf diffusion models was proposed
in [[15]. The model was pretrained on natural RGB images as a
semantic similarity measure for deformable matching. Applied
to both multimodal 2D Dual-energy X-ray to X-ray and
monomodal MRI (2D slices) matching, their approach enables
anatomically meaningful alignment even in cases of missing
anatomy. Recently, we proposed a Siamese architecture based

on a contrastive learning strategy [[10] to learn to match 2D
keypoints between preoperative MRI and iUS image. This 2D
method showed robustness to speckle appearance changes. In
parallel to keypoint descriptors, recent foundational models
for multimodal matching have demonstrated impressive re-
sults in medical imaging. Approaches such as MINIMA [11]
and MatchAnything [27], both based on Transformer ar-
chitectures, leverage large-scale synthetic datasets to enable
modality-invariant correspondence across a wide range of
tasks, including intra-modality MRI (PD-T1, PD-T2, T1-T2),
cross-modality structural and functional imaging (MRI-PET,
CT-SPECT), and diverse modality pairs such as CT-MRI,
PET-MRI, and fundus—OCT or fundus—FA, without requiring
task-specific tuning. However, since most medical 2D images
represent slices of 3D volumes rather than 2D projections of
3D scenes, these 2D keypoint methods are inherently limited
as they assume that both images lie on the same anatomical
plane in addition to not accounting for 3D deformations.

Keypoints Matching for 3D Images and Volumes: Less
attention has been given to three-dimensional data. Prior
efforts to extend conventional 2D descriptors to 3D such
as Harris [28], SIFT [29]], SIFT-rank [30] and SURF [31]
have highlighted unique challenges in 3D, where orientation,
sampling, and viewpoint changes become more complex,
increasing computational cost. More advanced approaches
were therefore proposed, combining, for example, the Forstner
operator with Normalized Gradient Fields (NGF) to detect
and describe 3D keypoints in CT images [32]], with suc-
cessful use in registration. For CT matching, recent deep
learning methods have shown that self-supervised training on
synthetic 3D patch deformations [[16] or affine transforma-
tions [33[] significantly improves matching and registration
performance. One of the first multimodal 3D descriptors,
MIND [7], leverages patch-based self-similarity to enable
deformable multimodal registration, originally for MRI-CT
and more recently for MRI-US. Recently, KeyMorph [4],
and its foundational variant BrainMorph [34], tackled varying
MRI contrasts by learning anatomically semantic keypoints
in an unsupervised manner and computing transformations
in closed form, enabling robust and interpretable alignment.
Evaluated on brain MRI with varying contrasts (T1, T2,
and PD-weighted), the method improves performance under
large misalignments and across various contrast pairs. 2D/3D
keypoint-based methods have also been proposed for multi-
modal volume-to-image registration using learned, detector-
free features. Notable examples include automatic registration
of X-ray to CT images [35]] and freehand iUS to preoperative
MRI volumes [36]. These approaches eliminate the need for
manual initialization typically required by optimization-based
methods and are robust to limited or noisy training data,
making them particularly suitable for intraoperative settings.

III. METHODS
A. Problem Formulation, Challenges and Strategy

Problem formulation: Our method detects, describes and
predicts a partial assignment between two sets of keypoints
extracted from a 3D pre-operative MR volume Iyg € R and
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Fig. 2: Overview of our framework. (a)) Synthetic iUS volumes are generated from preoperative MRI using MMHVAE. (b)) A
cross-modal saliency map P is constructed by aggregating keypoint statistics from synthetic iUS and MRI, then modulated by
a spatial prior M,,. (c)) A Siamese network is trained with triplet loss on multi-modal patch pairs to produce modality-invariant
descriptors. (d)) Descriptor matching is performed using nearest-neighbor search, followed by a partial assignment between
sampled keypoints in MRI and iUS. Keypoints are sampled from the learned saliency distribution in MRI and uniformly in

the real iUS.

a 3D iUS volume Iys € R%, where Q denotes the spatial
domain. Each keypoint ¢ is composed of a 3D point position
p; = (z,y,2) € [0,1)3, normalized by the image size, and a
descriptor d; € R? that characterizes the local 3D information.
Images Iyr and Iys have N and M keypoints, independently
detected. Given these two sets of keypoints, we seek a partial
assignment matrix P € {0, 1}V>*M between keypoints in Iyr
and Iys. Each keypoint can be matched at most once, as it
originates from a unique 3D position, and some keypoints
can not have valid correspondences, due to occlusion or non-
repeatability. The assignment matrix P is thus sparse.

Challenges: Current methods typically require large
amounts of paired training data with known correspondences
to learn robust and generalizable keypoints. However, applying
such general-purpose models out-of-the-box to new modal-
ities or clinical scenarios, such as MR and iUS volumes,
remains challenging, as their performance heavily depends
on exposure to sufficient representative data during training.
In particular, acquiring accurate 3D correspondences between
MR and iUS volumes demands rare clinical expertise and
is time-consuming, limiting the feasibility of building such
large paired datasets. An alternative is to train deep keypoint
detectors and descriptors on co-registered MR-iUS volume
pairs. Yet, even when large-scale datasets are available, they
often lack the precise MR-iUS co-registration necessary for
accurate modeling, making this a persistent bottleneck.

A patient-specific, matching-by-synthesis strategy: In-
stead of designing a general framework to build P, we propose
to design a patient-specific approach for detecting, describing
and matching keypoints between iUS and preoperative MR
volumes. Patient-specific training has demonstrated superior
performance over patient-agnostic approaches in cases where
the preoperative image is informative and the intraoperative

image can be reliably synthesized [37]-[39]. In our context,
we propose to leverage synthetic iUS volumes generated from
preoperative MRI to 1) identify keypoints that are salient and
common across modalities; 2) describe the local information in
a cross-modal manner using contrastive learning; and 3) match
the most discriminative correspondences. At inference, our
trained approach is used to identify a set of correspondences
between preoperative MRI and real iUS images. Figure [2]
illustrates our method.

B. Creating the Patient-Specific Training Set

Since iUS images cannot be acquired prior to brain surgery,
we propose to construct a paired training set of preoperative
MR and iUS volumes by synthesizing iUS from MR images.
To this end, we leverage the recently proposed MMHVAE
framework [40]], a hierarchical variational auto-encoder de-
signed for incomplete multimodal data, to generate realistic
iUS from preoperative MRI. This framework is particularly
well-suited to our task because 1) it can handle incomplete
multi-parametric MR inputs, a frequent scenario in clinical
settings, and 2) it enables the generation of synthetic iUS
images with diverse appearances (e.g., varying texture and
speckle patterns) by adjusting the scale parameter v of the
standard deviations within its hierarchical latent structure. To
build a large and diverse dataset that encourages generalization
to real US, we exploit both of these properties. Specifically, let
iUS assume we have access to K pre-operative MR sequences
among T1, T2 and T2-FLAIR, we synthesize iUS for each of
the 2% — 1 combinations of MR sequences and for multiple
values of the scale parameter v € {0.3,0.5,0.7, 1}. This leads

to the creation of a dataset of synthetic iUS images with

I(k) }4>< (2"—1).

different appearances denoted as Dyynys = { synUS S km1
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C. Keypoint Detection and Sampling Strategy

We seek to identify keypoints that serve two complemen-
tary objectives: 1) sampling pairs of positive and negative
correspondences between MR and iUS to train a deep cross-
modal descriptor with effective patch-based augmentation,
and 2) providing a spatial prior during inference to select
informative keypoints in the pre-operative MR image. To fulfill
these goals, keypoints must satisfy three main criteria: (i)
be located in salient regions to ensure discriminativeness,
(i) be consistent across modalities for efficient cross-modal
matching, and (iii) be spatially diverse to enhance training
variability and avoid false negative pairs. To this end, we
introduce a novel stochastic detection strategy based on a
probabilistic cross-modal saliency map.

1) Initial independent detection: We begin by detecting
salient keypoints independently in the preoperative MR vol-
ume Iyr and in the synthetic iUS dataset Dgyys using
SIFT3D [41], a volumetric extension of the classical SIFT
algorithm. While SIFT3D is effective at detecting texture-
rich regions, its sensitivity to modality-specific appearance,
such as the differences between MR and iUS, result in poor
consistency between cross-modal detections. This motivates
the need for a joint keypoint detection strategy that accounts
for saliency across modalities.

2) Constructing cross-modal saliency heatmaps: We pro-
pose a cross-modal saliency heatmap by aggregating spatial
statistics of SIFT3D keypoints across MR and synthetic iUS
pairs. Specifically, for each synthetic iUS volume Is(kn)US €

k)

Dgynus, we compute a descriptor presence mask Mg ;s €

{0,1}%, where M. 1Ef€)synUS = 1 if a SIFT3D keypoint is detected
at voxel v, and O otherwise. We then construct a heatmap
Pys by summing the presence masks over the full synthetic
dataset, i.e. Pys = Zii(lz - Ms(y]i)Us; applying a Gaussian
smoothing filter (c = 2) to Pys, then normalizing the resulting
volume to the range [0,1]. This heatmap highlights salient
regions stable across synthetic iUS appearances.

To account for salient regions in pre-operative MRI, a
heatmap Pygr is similarly constructed by smoothing and
normalizing the descriptor presence mask of Iyr. We then
fuse the modality-specific saliency maps into a joint saliency
map F.omp using a probabilistic OR operation: Peomp =
1— (1 — Pur)(1 — Pys), increasing the likelihood of a voxel
being considered discriminative if it is salient in at least one
modality, and even more so when it is salient in both.

3) Applying a spatial prior: To constrain sampling to
clinically relevant regions and avoid off-field points in iUS,
we apply a spatially-weighted FoV mask M,,. This mask
is constructed by computing the Euclidean distance from
each voxel to the center of mass of the iUS FoV, followed
by Gaussian smoothing to emphasize central regions. The
resulting residual saliency map is Ps =

4) Sampling training keypoints: During training, keypoints
are randomly sampled from the residual saliency map P
via a sequential rejection sampling procedure. The sampling
procedure is designed to enforce spatial and FoV coverage
constraints. Specifically, the goal is to obtain a set of NV
keypoints satisfying the following conditions: C1) For each

comb * Mw

Sim =0.92 Sim = 0.09 ;

Fig. 3: Examples of MR-iUS patches showing high descriptor
similarity for positive pairs (left) and low descriptor similarity
(right) for negative pairs. The d-dimensional feature vectors
were sorted according to the values of the MR descriptor dR,
highlighting the correlation between MR and iUS descriptors.

keypoint 4, at least 80% of the corresponding patch centered
at p; lies within the iUS FoV; C2) The Euclidean distance
between any pair of selected keypoints p; and p; (with 7 # j)
is at least 2mm, ensuring spatial diversity and preventing false
negative correspondences (see Figure [2)).

D. Cross-Modal 3D Feature Descriptor

To design the cross-modal 3D descriptor, we employ a
contrastive learning approach based a Siamese deep learning
architecture that maps patches from the MRI or iUS domain,
to a d-dimensional feature space. This shared feature space
is designed to ensure that patches centered at corresponding
anatomical locations in MRI and iUS produce similar descrip-
tors and that feature descriptors are anatomically discrimi-
native, to enable differentiation between distinct anatomical
regions.

1) Patch extraction and feature descriptors: Given a set
of N keypoints, we extract cubic patches of size s centered
at each location p;. Since the pre-operative MR and synthetic
iUS volumes are spatially co-registered, positive training pairs
(VMR vUS8) can be extracted, consisting of an anchor MR patch
vMR and a corresponding iUS patch vYS from a randomly
selected synthetic iUS volume. These patches are fed to a
shared 3D ResNet-18 encoder ® : RS® — R?, which produces
L2-normalized feature descriptors dM® = ®(vMR) and dYS =
®(vY®) for the MR and iUS modalities, respectively.

To construct negative pairs (VMR vUS), we leverage our
keypoint sampling strategy, which promotes spatial diver-
sity and limits spatial redundancy. Specifically, negative iUS
patches are sampled at locations p; and p;, such that j # <.

2) Hard negative mining strategy: Different training losses,
such as Binary Cross-Entropy (BCE), Noise-Contrastive Esti-
mation (infoNCE), and triplet loss, can be used to learn cross-
modal feature descriptors. We empirically chose a triplet loss
that encourages negative pairs of descriptors (d}®, dUS) to be
distant from any positive pairs (dMR, dY) by at least a certain
margin value m and is defined as:

Etriplet = max (07 ||d£\/IR - dES”g - ||dlszR - dgsng + m) (1)

A critical component of effective triplet loss training is the
selection of informative negative examples. Without a hard
negative mining strategy, training rapidly saturates, as many
triplets contribute negligible gradient [42]]. To address this, we
propose a progressive hard negative mining scheme grounded
in curriculum learning: at early stages of training, negatives are
sampled from spatially distant regions, which are expected to
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be easier to be distinguished in the feature space. As training
progresses and the model improves, the mining progressively
shifts toward harder negatives, which corresponds to negative
descriptors that are closer in feature space (See Figure [3).
At each training step, for a given anchor descriptor d¥R,
we compute a selection score S; ; for all j # 4 keypoints in
the batch, as:
S5 = (= ) min (WPCPL2 1), e aps,

2,7
max

feature similarity

2)
where A, € [0, 1] weights the normalized Euclidean distance
bounded by Dp.x = 24 mm and the feature similarity.
The weight \; acts as a curriculum difficulty scheduler that
progressively shifts the emphasis of negative mining from
anatomically distant pairs (high spatial weight) to semantically
similar pairs (high feature similarity). In practice, \; is defined
at epoch t as: Ay = min (¢/T,1.0), where T is the number of
warm-up epochs, which was set to 200 in our experiments.
For each anchor ¢, the candidate negative j corresponds to the
keypoint with the lowest score S; ;.

3) Encouraging rotation-invariance descriptors: To en-
courage rotation invariance in the learned descriptors, we apply
random 3D rotations to the MR anchor patches during training.
Following a curriculum learning strategy similar to our hard
negative mining scheme, the rotation angle is uniformly sam-
pled from the range [0°, 0,.x], Where 6y, increases linearly
from 0° to 30° over the first 1000 training epochs. To avoid
information loss during rotation, we initially extract patches at
1.5 times the target size s along each spatial dimension, and
then center-crop them to obtain the final s> voxel input.

4) Training details: At each epoch, one synthetic iUS
Is(ykn)US and 1024 keypoints are sampled using the strategy
defined in Section We extract patches of size s = 32
around each keypoint in both preoperative Iyr and synthetic
iUS Is(ykn)m- We use a batch size of N = 256, leading to
4 iterations per epoch. Online negative mining is performed
within the batch to construct hard triplets dynamically. The
network is trained for 2000 epochs using AdamW with an
initial learning rate of 1072, weight decay of 2 x 1073, and
a cosine annealing schedule with a minimum learning rate of
1076,

spatial distance

E. Keypoint Matching at Testing Time

At test time on a real iUS volume, we construct a sparse
assignment matrix P € {0, 1}"*™ using a nearest neighbor
matching strategy followed by an ambiguity filtering step.
Specifically, we sample N = 1024 keypoints in the MR
volume using the procedure described in Section Since
no saliency map is available for the real iUS image, a uniform
3D grid of step size 4 mm within the FoV of the real iUS
volume is used to define M keypoints. This allows for unbi-
ased coverage of the visible anatomy while avoiding detecting
modality-specific salient structures. For each MR keypoint ¢,
we identify its best matching iUS keypoint j by comparing
their descriptors d)® and d}S using the L norm. Lowe’s
ratio test is used to filter out unreliable correspondences.

IV. RESULTS

To assess our approach, we conducted comprehensive exper-
iments on matching and registration between MRI and iUS in
patients with brain tumors. We evaluate performance through:
(i) paired image matching using standard paired evaluation
metrics, (ii) an ablation study analyzing each novel component
and a robustness analysis to rotation, and (iii) image registra-
tion aligning pre-operative MRI with post-resection iUS.

A. Dataset

We conducted our experiments using the Brain Resection
Multimodal Imaging Database (ReMIND) [43]], which con-
tains pre-operative multi-parametric MRI and iUS images from
114 consecutive patients. For this study, we focused on the
subset of 13 patients for whom complete pre-operative 3D
MRI (T1, T2, and FLAIR) and pre-dural iUS were avail-
able. The iUS volumes were reconstructed from tracked 2D
handheld probe acquisitions. All images were resampled to
an isotropic resolution of 0.5 mm, zero-padded to an in-plane
size of 192 x 192, and intensity-normalized to the [0, 1] range.

To evaluate cross-modal image matching, we constructed a
paired dataset by co-registering pre-dural iUS volumes with
pre-operative MRI following the protocol described in [40].
During method development, 2 cases were randomly selected
for parameter tuning and prototyping. The finalized approach
was then evaluated on the remaining 11 test cases. We recall
that a separate model is trained for each case (patient-specific).

For the downstream registration task, we used the 9 valida-
tion cases from the ReMIND2Reg challenge 2024 [44]], which
provide manually annotated paired landmarks as ground truth.

B. Image Matching

We evaluate the ability of our cross-modal matching
approach to identify anatomically corresponding keypoints
across modalities. Experiments are performed on the 11 test
cases using their pre-operative T2-weighted MRI and real pre-
dural iUS images, with ground-truth correspondences obtained
using 3D co-registratrion [40].

1) Metrics: A match is considered correct if it lies within
a predefined spatial tolerance (2.5 mm) of the transformed
ground-truth location. Keypoint matching performance is eval-
uvated using 1) Precision, as the proportion of correctly
matched pairs, 2) Matching Score, as the proportion of correct
matches relative to the number of detected keypoints in the MR
volume, and 3) the number of established Matched Points.

2) Comparison with Related Work: We benchmarked our
proposed feature descriptor (Ours) against eight competing
approaches. Four 2D matching approaches: SuperPoint [45],
ALIKED [46|], and LoFTR [19] that we paired with the
multimodal matcher MINIMA [11]], and the patient-specific
method by Rasheed et al. [10], that we will refer to as LM2DK;
and four 3D descriptor approaches: SIFT3D [29], MIND [7],
Forstner+NGF [32] and MedicalNet [47], a pre-trained CNN
for medical imaging tasks (equivalent to ImageNet).

Implementation details. 2D methods required adaptation
for volumetric data. SuperPoint, ALIKED, and LoFTR, paired
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TABLE I: Per-case performance across state-of-the-art methods. Metrics reported are Precision (P. %), Matching Score (MS
%), and total matched points (MP). Matching Scores for 2D methods are not reported since they are detector-free.

Case SIFT3D Forstner+NGF MIND MedicalNet ALIKED SuperPoint LoFTR LM2KD Ours

P. MS MP P MS MP P MS MP P MS MP P. MP P. MP P. MP P. MP P. MS MP
C1 480 319 68 1.3 004 152 08 008 99 07 005 73 105 25k 775 271 330 42k 465 172 645 578 92
C2 265 088 34 08 004 133 27 056 209 45 046 104 43 17k 579 394 241 26k 358 81 642 500 80
C3 474 098 21 05 002 19 23 054 238 1.1 006 60 6.7 24k 933 27k 544 51k 629 35 663 3.60 55
C4 432 1.69 41 1.3 006 309 06 011 18 05 003 59 130 3.1k 648 364 419 69k 798 114 739 530 74
C5 483 142 30 04 0.02 241 12 032 279 0.8 0.04 55 47 28k 795 809 537 55k 634 112 667 6.50 100
Co6 730 467 66 0.0 000 148 03 0.07 207 14 007 48 77 1.8k 33 30 333 19k 908 76 802 390 50
Cc7 464 235 52 00 000 145 01 0.03 215 03 002 62 4.1 1.5k 29.0 62 460 49k 667 72 584 230 40
Cc8 573 190 34 00 000 195 21 039 18 1.0 006 59 75 3.0k 723 376 576 35k 588 160 737 590 8l
c9 682 518 78 20 012 150 05 0.1 226 26 017 66 50 12k 456 228 354 31k 560 25 721 640 90
C10 552 240 45 00 000 184 05 0.10 216 10 008 76 93 1.8k 559 152 343 41k 159 63 749 350 47
Cl1 275 044 17 00 000 198 09 031 356 09 006 70 54 20k 24 125 399 32k 462 106 73.0 620 87
Mean 492 228 44 06 003 18 1.1 024 220 13 010 66 7.1 22k 529 502 412 41k 566 92 698 490 72
Std 144 152 20 07 004 52 09 019 63 12 013 15 2.9 643 302 764 106 14k 205 46 63 140 21

with MINIMA matcher, were applied slice-wise across the
3D volumes using their native detection mechanisms with
matching performed on corresponding slices and aggregated
metrics computed. LM2DK was evaluated slice-wise (all vs all)
using its original SuperPoint-based detector and KNN matcher.

For baseline 3D methods, we paired SIFT3D with our
sampling-based detector, as its native keypoint detector failed
to produce correspondences. Since MIND provides only a
descriptor, we similarly used our sampling detector. For Med-
icalNet, we applied global average pool on the last layer of its
pre-trained ResNet-18 architecture to obtain descriptors, and
also used our sampling detector for keypoint detection.

Due to the stochastic nature of our detection strategy, we
repeated this evaluation protocol 10 times per subject and
averaged the results across all subjects. For detector-based
methods, the Lowe’s ratio threshold parameter [ was opti-
mized via grid search to maximize precision while ensuring a
minimum of 40 matched points. This led to the selection of
{ = 0.75 for Ours, | = 0.8 for LM2DK and MedicalNet, and
{ = 0.9 for MIND, SIFT3D and Forstner+NGF.

Results As shown in Table [I] and Figure [l our method
consistently outperforms all baselines across precision and
matching score. It achieves a matching precision of 69.8%,
a matching score of 4.90%, and an average of 72 correct cor-
respondences—demonstrating both high discriminative ability
and robustness to cross-modal variations. In contrast, tradi-
tional 3D methods like SIFT3D, MIND, and Forstner+NGF
offer limited cross-modal utility, even when paired with our
detector. MedicalNet shows particularly poor performance
with only 1.3% precision. Among 2D approaches, LM2DK
performs best with relatively high precision (56.6%) but much
lower matching coverage, while ALIKED, SuperPoint, and
LoFTR paired with MINIMA show moderate performance but
cannot match the robustness of our specialized 3D approach.

3) Ablation Study: We conduct a comprehensive ablation
study to systematically evaluate four key design choices in
our method: 1) synthetic training MR sequences, 2) keypoint
detection and sampling strategy; 3) contrastive optimization
objective; and 4) rotation invariance strategy. All components
are evaluated on the keypoint matching task, with results
summarized in Table [[] and Figure [5] Our baseline configura-
tion employs all synthetic modalities (T2, T1, and FLAIR),
curriculum triplet loss, curriculum rotational augmentation,

and stochastic keypoint detection.

Impact of variation in iUS synthesis. We investigate
the contribution of exploiting different MR-derived synthetic
US image by training from various combinations of T2, T1,
and FLAIR sequences. T2 serves as the base modality in
all configurations since it corresponds to our target MR se-
quence. Results in Table [II| show the benefits of incorporating
additional MR sequences during the synthesis of synthetic
US images to increase the diversity of the iUS data. While
individual addition of T1 or FLAIR improves performance
over T2 only training, combining all three modalities yields
optimal results, with the average number of matches increasing
substantially from 18.9 to 72.3. This suggests that each
modality contributes complementary anatomical information
that enhances descriptor discriminability.

Stochastic vs deterministic detection. We compare de-
terministic and stochastic keypoint sampling strategies. In
the deterministic setting, a fixed set of SIFT3D keypoints
is pre-selected from the pre-operative MRI ([yr) and the
synthetic dataset Dgynus. In contrast, the stochastic approach
dynamically samples keypoints during training. As reported
in Table [II, stochastic sampling significantly increases model
performance, particularly in precision (69.79% vs. 30.40%).
This result suggests the benefit of exposing the model to a
broader range of spatial contexts and more varied negative
examples during training.

Hard negative mining strategy. To evaluate the effec-
tiveness of our hard negative mining strategy combined with
the triplet loss, we compared it against BCE and InfoNCE.
As shown in Table [l BCE yields the poorest performance,
with a low precision of 8.6%, indicating limited discriminative
capability. InfoNCE achieves a higher matching score (6.2%)
but at the cost of reduced precision (60.4%), suggesting it
is overly permissive in accepting matches. In contrast, our
curriculum-based triplet loss offers the best trade-off across
all metrics, attaining the highest precision (60.4%), a correct
matching score (4.9%), and a sufficient number of correct
matches (72.3), demonstrating its robustness in learning both
discriminative and spatially meaningful representations.

Curriculum rotation augmentation. Finally, we evaluate
the model’s robustness to rotations by comparing three training
strategies: no rotational augmentation, full rotational augmen-
tation (i.e., random rotations applied from the beginning) and
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Fig. 4: Qualitative matching results across three cases (columns). Rows 1-5 show results on slices from Top5 performing
methods. Green lines indicate correct matches; red dots denote mismatches. Last row shows volume rendering with matching

using our descriptor.

our curriculum rotational augmentation. To assess rotation
invariance, we test performance under 10 systematically in-
creasing orientation discrepancies, ranging from 0° to 30°
in 3° increments, applied around 5 randomly sampled 3D
axes. As shown in Figure [5] the no-rotation baseline drops
in performance as rotation increases, highlighting its inability
to generalize to unseen orientations. The full-rotation model
demonstrates more consistent performance across rotation an-

gles but underperforms overall, suggesting that early exposure
to high rotational variability may limit the capacity of the
model to extract semantically meaningful features. In contrast,
our curriculum-based approach obtains high performance up
to moderate rotation angles (< 20°), with a gradual decline
thereafter, demonstrating a more effective trade-off between
robustness and discriminative capacity.
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TABLE II: Ablation Study

Configurations | Prec. (%) | MSc. (%) | MP
Synth. Modalities
T2 T1 FLAIR
° o o 68.47 + 1042 | 1.26 + 0.26 18.94 4+ 3.30
° o e 68.86 + 5.94 3.68 + 0.57 54.67 £ 6.20
° e o© 69.86 + 6.49 3.59 £ 0.57 51.94 £+ 6.62
° o o 69.79 + 4.94 4.92 + 0.62 7232 + 7.92
Optimization Loss
BCE 8.64 + 1.00 420 £ 0.53 | 503.07 + 18.31
InfoNCE 60.39 + 4.67 6.18 + 0.70 104.13 £+ 8.78
Triplet 69.79 + 4.94 492 + 0.62 72.32 + 7.92
Point Detection
Deterministic 30.40 3.11 105.55
Stochastic 69.79 + 4.94 4.92 + 0.62 72.32 £ 7.92
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Fig. 5: Rotation invariance analysis across increasing rotation
angles. Our curriculum-based model maintains higher match-
ing quality under increasing rotational misalignment.

C. Image Registration

We tested our method on the task of registering preoper-
ative MR and post-resection iUS volumes using the publicly
available ReMIND2Reg dataset, part of the Learn2Reg 2024
challenge. This dataset contains cases with large tissue de-
formation and topological changes due to tumor resection,
and includes manually annotated ground-truth landmarks in
both modalities, enabling quantitative assessment via Target
Registration Error (TRE).

1) Keypoint-based iterative registration: Our pipeline per-
forms registration over three rigid alignment iterations. In
each iteration, keypoint correspondences between the fixed
MR volume and the current state of the moving iUS volume
are computed using our descriptor. These sparse matches are
then used to estimate a rigid transformation via RANSAC,
configured with a maximum of 4000 iterations and a 5.0 mm
inlier threshold. The resulting transform is composed with
previous transformations, and the original moving iUS image
is resampled accordingly for the next iteration. The final output
is the cumulative rigid transformation across all iterations.

2) Competing registration methods: We compare our
method against top submissions from the ReMIND2Reg 2024
challenge’s leaderboard: 1) the VROC (Variational Registra-
tion on Crack) approach by Madesta et al., employs a two-

stage rigid registration pipeline with conventional iterative op-
timization, using Gaussian-smoothed inputs, masking, and in-
tensity thresholding, and sequentially optimizes NCC and NGF
metrics; 2) the next-gen-nn by Wang et al., an unsupervised
method using a multilevel correlation balanced optimization
strategy based on a MIND-SSC based feature extractor; 3)
Topological Higher-Order MRF by Li et al., a deformable
registration framework based on a topological higher-order
MRF with a multiscale optimization performed using a multi-
resolution Quadratic Pseudo-Boolean Optimization strategy;
and; Coarse-to-Fine Registration with Style Transfer by Wang
et al., that employs a coarse-to-fine strategy using 3D Cy-
cleGAN for unpaired imaging style transfer to convert iUS
images into synthetic T1-style MR images to create a more
unified signal distribution across modalities before registration
followed by a NiftyReg registration.

3) Results: The results for 9 cases from the validation
dataset are presented in Table and ranked by their mean
TREs (corresponding to the leaderboard rank). Our approach
achieves a mean TRE of 2.385 £ 0.397 mm, placing third
in the challenge leaderboard. Despite using only a rigid
transformation model and relying exclusively on sparse key-
point correspondences, our method demonstrates competitive
performance relative to several learning-based and deformable
strategies.

TABLE III: Results of registration methods on the Re-
MIND2Reg validation set.

Rank | Method | Mean TRE (mm)
1 | VROC 1.903 £ 0.582
2 | next-gen-nn 1.969 + 0.459
* | Ours (Rigid, Keypoint-Based) 2.385 + 0.397
3 | Coarse-to-Fine w/ Style Transfer 2.419 + 0.669
4 | Topological Higher-Order MRF 3.680 £ 0.620

To qualitatively assess the registration accuracy, we visual-
ize landmark alignments before and after applying our method
in Figure [6] with two representative cases showing overlaid
MR and iUS volumes. Our method achieves visually coherent
registration even in challenging scenarios involving significant
tissue deformation and modality-specific artifacts. The iUS
FoV aligns well with the corresponding anatomical regions in
the MRI, and the landmark correspondences show consistent
spatial relationships. The registration quality is particularly
evident in cases where complex anatomical structures, such
as ventricular boundaries and tissue interfaces, maintain their
expected spatial relationships after transformation.

The results demonstrate the potential of our keypoint-
based registration framework, offering a robust and accurate
solution without the need for complex optimization strategies
or manual initialization, and providing clear visual cues for
the registration process through matched keypoints.

V. DISCUSSION, LIMITATIONS AND CONCLUSION

We presented a novel, fully 3D, rotation-invariant and cross-
modal keypoint descriptor specifically designed for the task
of MRI-to—iUS volume matching. Our method bridges two
highly distinct modalities and goes beyond contrast-agnostic
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Fig. 6: Qualitative results of MR-iUS registration showing T2-weighted MR (grayscale) and the overlaid iUS (color wash, e.g.,
red), with MR landmarks (e.g., blue dots) and iUS landmarks (e.g., yellow crosses) indicating TREs. Our method shows good
alignment of anatomical structures and small TREs between the landmarks.

or monomodal approaches. To the best of our knowledge,
this is the first keypoint descriptor tailored to this domain.
Our method consistently outperforms existing state-of-the-art
descriptors and matching techniques, and achieves registration
accuracy on par with leading methods from most-recent bench-
mark challenges. Beyond accuracy, our approach offers key
advantages in terms of usability and interpretability. Matched
and mismatched keypoints can be directly visualized, allowing
clinicians to assess anatomical plausibility and registration
confidence. Furthermore, our registration pipeline does not
require manual initialization, which is commonly necessary
in optimization-based methods and presents a major barrier to
clinical adoption.

M Fovt M FOV2 W Fovo M FOVi M FOvV2

Repeatability (%)
Consistency (%)

Case 59
Cases

Case 53 Case 59 Case 53

Cases
Fig. 7: Evaluation of descriptor robustness across varying
iUS FoVs. Despite changes in FoV, keypoint matches re-
mained consistent and repeated, indicating generalization be-
yond training conditions.

Our approach has a few limitations. First, the patient-
specific training strategy, while improving accuracy, requires
approximately five hours of training. However, since preopera-
tive MRI is routinely acquired well in advance of surgery, this
offline training time is clinically acceptable. Moreover, recent
findings suggest that given a pretrained model, rapid fine-
tuning on a new patient’s pre-operative images can retain high
performance while reducing training time substantially [37].
Second, our synthesis-based training leverages a fixed FoV
prior to generate synthetic US images. This raises concerns
about potential performance degradation when the iUS FoV
during surgery deviates from the simulated training FoV. To
investigate this, we conducted an experiment using two cases
with three distinct iUS FoVs per case. As shown in Figure [/}
the model demonstrates high repeatability and consistency

across varying FoVs. Keypoints detected in the original FoV
were reliably recovered in the other FoVs, and a large fraction
of matched keypoints were consistent across all three views.
This suggests that the learned descriptor generalizes well
beyond the synthetic training conditions and remains robust
under practical variations in iUS coverage.

Finally, while we tested our method using rigid registration
on resected, non-rigid tissue, keypoint-based methods are in-
herently compatible with non-rigid registration pipelines. They
can be integrated as sparse constraints within biomechanical
models or B-spline frameworks [48]]. Moreover, they are well-
suited to accommodate topological changes such as tumor
resection, where matched keypoints can inform tissue stress
estimation and guide MRI updates. Future work will ex-
plore these extensions and explore downstream tasks in slice-
to-volume registration for freehand US reconstruction and
segmentation propagation through keypoint-guided interactive
editing.
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