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Abstract. We propose in this paper a texture-invariant 2D keypoints
descriptor specifically designed for matching preoperative Magnetic Res-
onance (MR) images with intraoperative Ultrasound (US) images. We
introduce a matching-by-synthesis strategy, where intraoperative US im-
ages are synthesized from MR images accounting for multiple MR modal-
ities and intraoperative US variability. We build our training set by en-
forcing keypoints localization over all images then train a patient-specific
descriptor network that learns texture-invariant discriminant features in
a supervised contrastive manner, leading to robust keypoints descriptors.
Our experiments on real cases with ground truth show the effectiveness
of the proposed approach, outperforming the state-of-the-art methods
and achieving 80.35% matching precision on average.

1 Introduction

Multimodal image matching is a fundamental problem that involves identifying
and pairing similar features or patterns across images from different modalities,
with significant appearance changes [11]. It has a wide range of applications
in medical imaging, including image retrieval and classification [T1I14], slice-to-
volume alignment [7] and image registration [GIIRIT7UTO/T2]. When used during
image-guided surgery, it can provide surgeons with complementary imaging in-
formation from various modalities, facilitating the identification of key anatomi-
cal and surgical structures for improved surgical outcomes. For instance, during
neurosurgery, intraoperative Ultrasound (US) is often used in conjunction with
preoperative Magnetic Resonance Imaging (MRI) to localize tumor boundaries
that may have been shifted due to brain shift [8]. This allows surgeons to achieve
maximally safe resection, which is positively correlated with a patient’s chances
of survival [20][9]. However, although affordable and real-time in comparison to
intraoperative MRI, US images can be difficult to interpret [4], requiring image
registration with preoperative MRI to disambiguate US images.

In this work, we focus on keypoint-based multi-modal methods, where cor-
respondences between a relatively small set of keypoints extracted from both
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images are first identified before being matched. They typically rely on dis-
criminative descriptors that can be matched under various imaging conditions
allowing for robust matching. This area has been extensively studied [I1] and
some approaches have been successfully applied to medical images, in MRI with
different weights, such as T1, T2, and proton density, or with angiographic reti-
nal images [2]. However, these methods are limited to preoperative images where
dissimilarities between modalities are relatively small. MR-US image matching
is a non-trivial task due to the large dissimilarity between these two modali-
ties [23]. Moreover, these modalities provide different textures, and volumetric
information, operate at different spatial resolutions, and are corrupted by various
sources of noise. In particular, MRI uses pulse sequences to obtain images with
contrasts between soft tissue types, producing high-resolution 3D volumetric im-
ages, whereas US acquires partial and noisy images that echo back structures
based on wave distances. Adapting such methods to MR-US images requires
modeling the intraoperative texture gap related to US acquisitions. A texture-
invariant feature descriptor can take several forms [I1] focusing on temporal
changes [22], structural changes [1] or appearance changes [3].

This work presents novel texture-invariant 2D keypoint descriptors designed
explicitly for matching preoperative MR with intraoperative US images. We in-
troduce a matching-by-synthesis strategy, where intraoperative US images are
synthesized from a patient-specific MR image and then used to train a cross-
modality descriptor network. This network is trained in a supervised contrastive
manner to be agnostic to US texture changes and to be robust to speckle noise.
Our approach does not require human-annotated key points or a large train-
ing dataset. Moreover, our method is interpretable since the matched and mis-
matched keypoints can be visualized. Our experiments on real cases with ground
truth show the effectiveness of the proposed approach, outperforming the state-
of-the-art methods.
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Fig. 1: Method overview: We rely on training images composed of one MR image
and multiple synthesized US images, generated under different modes and noise
levels (a). We train a Siamese network on image patches to learn similar and
dissimilar features in a supervised contrastive manner (b). Applying this network
to patches from each image leads a MR-US cross-modal matching (c).
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2 Methods

2.1 Overview and Problem Setting

Let us assume a preoperative MR image Ing € RT*WXDP an intraoperative US
image Iys € RE*W*D "and a set of 2D points of interest x = {x;[i € 1...n} €
Inr and y = {y;]i € 1...m} € Iys, independently detected on each image. We
seek at finding a mapping 7 : {1,2,...,n} = {1,2,...,m} which maximizes the
similarity function M:

argmax M ([d(zr())lizy, [d(yi)]i21) (1)
mell(n)

where IT(n) denotes all possible mappings and d is a 2D keypoint descriptor.

To build the cross-modality descriptor d, we train a descriptor network on
image patches by minimizing the sum of the loss for pairs of corresponding
and non-corresponding patches in a supervised contrastive manner. Since this
type of training requires a large number of paired images (Inr, Ius) to efficiently
mine positive and negative patches, we propose a matching-by-synthesis strategy,
where intraoperative US images are synthesized from preoperative MR, images
using a generative network. We describe below how we build the cross-modality
training dataset and train the 2D descriptor network (See Fig .

2.2 Intraoperative Image Synthesis

To synthesize an intraoperative US image Isy,us from a preoperative MR im-

~

age Ingr, we define a generative network g(-) so that Isynus = g(Imr,04,7),
with @\g being the network pre-trained parameters and 7y are a set of parameters
to vary the texture of the generated image at inference. We rely on the mul-
timodal hierarchical variational auto-encoder (MHVAE) proposed in [5], which
is the current state-of-the-art for MR to iUS synthesis. MHVAE has the flexi-
bility to handle incomplete sets of MR images as input and produces realistic
US synthesis (See Fig [2), allowing us to synthesise ultrasound for any combi-
nation of input modalities (T1, T2, FLAIR MRs). Moreover, this method uses
a principled probabilistic fusion operation to create a common representation
space between modalities and a hierarchical latent structure to represent global
features with the coarsest latent variable while the finer variables capture local
characteristics. Sampling is performed at each level of the hierarchy to perform
synthesis. By varying ~, the set of sampling parameters, we can generate images
US images with different speckles and content from any combination of input
modalities (T1, T2, FLAIR MRs). This allows us to create a 1-to-many set of
paired images T' = {Iyr, IéynUS’ . ,IgynUS} that will be used to build the train-
ing dataset. We generate 28 synthetic US images (p = 28) for each MR with the
following combination: T1, T2, FLAIR, T1+T2, T1+FLAIR, T2+FLAIR, and
T1+T24+FLAIR with 4 different sampling parameters.
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Fig. 2: Synthetic US image generations for three different T2 MR images (One
case per row). The first column shows T2 MR;; the middle columns show samples
of synthetic US images generated using different combinations of T2, T1, and
FLAIR with different speckles; the last column shows the ground truth US image.

2.3 Building the Training Dataset

As in [1], we chose to train our network on 2D patches, that we denote p,
extracted at keypoints locations, and standardized into s x s pixels. We use
SuperPoint [3]. Note that other detectors could be considered as well. To collect
a training set of positive patches, we first detect keypoints on the MR image Ig.
We then iterate over the synthesized US images from {IéynUS}le and enforce
SuperPoint to detect keypoints at the same location as keypoints from Iyg. If
a keypoint is detected at the same location (within a 5px margin) in at least 3
images, its location is likely to be a good candidate to learn. We then cluster
keypoints within a 5px radius using the DBSCAN method. We normalize the
patches with the grayscale mean and standard deviation of the entire training
set. We choose a patch size of s = 64 pixel and extract 256 patches per slice
while retaining about half after clustering.

This strategy allows us to keep only the most repeatable keypoints for train-
ing, discarding the ones that were detected only on one modality. Moreover, our
network is trained to learn texture-invariance by enforcing keypoints locations
over all sets of synthetic US images.

2.4 Learning Cross-modal Feature Descriptor

Model Architecture and Loss Function Given an image patch p around a
detected keypoint, the objective is to build a descriptor d that retains structural
similarity between modalities but is invariant to changes in textures. Follow-
ing on related work, our descriptor network is a convolutional neural network
h(-) with a relatively simple Siamese architecture so that d = h(p, 6,), where
0y, are the network parameters. To train h(-), we consider corresponding and
non-corresponding pairs of patches and use a Triplet Loss that learns the ideal
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embedding space for the patches. We propose to pair patch pt € Iyr with
multiple positive and negative patches pp € Isynus and pn € Isynus respec-
tively (with k # k'), enforcing the network to discard texture changes between
modalities while learning content similarity. Formally, the loss is defined as:

Liriptee(dl, db dE) =3 max(0,|d% — k| — |d!, — d¥'|> + C) (2)
k

where C' = 1 is the margin. We use hard mining during training, which was
shown in [I] to be critical for descriptor performance. we select the negative
samples from within the training batch that have the lowest loss, based on Lo
distance, against the current patch and use that for backpropagation. We use
balanced batches of positive and negative pairs.

Training and Optimization Details We train our model in 2D, pairing in-
dividual slices rather than the whole volume. This makes the learning scalable
without loss of information, as most volume regions do not contain keypoints.
We include all the slices in the training. We train one model per patient, in
a patient-specific manner. This also allows us to maintain a batch with multi-
ple patch pairs, which helps convergence. The training typically takes less than
30mn on a single 10GB GPU. For optimization, we use ADAM with a learning
rate of 1073 and a batch size of 256.

Run-time Inference and Matching At inference, we set the detection to
n = 200 keypoints from the MR image. For the US image, rather than specifying
an exact number of keypoints, m, we impose a limit of 1500 keypoints. We build
the descriptors on each patch by running a feed-forward inference using one
branch of the Siamese network. Our similarity function M takes the form of a
K nearest neighbors (KNN) similarity search via Cosine-based representations,
which we found empirically to perform better than an Lo similarity. We use the
standard criteria consisting of distance threshold, Lowe’s ratio test, and matching
uniqueness to filter out false negative matches.

3 Experimentations and Results

Data. We evaluate our method on a dataset of 7 cases where both pre-operative
3D T2-SPACE and pre-dural opening intraoperative US reconstructed from a
tracked handheld 2D probe were acquired. We used the ReMIND dataset [13]
where 3D T2-SPACE scans are registered with the pre-dural US. Images are
resampled to an isotropic 0.5mm resolution, padded for an in-plane matrix of
(192,192), and normalized in [—1, 1].

Metrics. Since paired data with ground truth is available for evaluation, we
use keypoints locations (within a 4px radius) to evaluate our method. We report
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Fig.3: Examples of matching on three cases, one per column (MR on left and
US on right). From top to bottom: SIFT+Cosine, MIND+Cosine, SP+Cosine,
SP+LG, Ours+LG, Ours+Cosine. Correct matches recovered by each method
are shown in green lines and mismatched are shown with a red dot.

the following metrics: Matching Score (MSc.) as the ratio of ground truth cor-
respondences over the number of detected keypoints of the whole pipeline and
Precision (Prec.) as the ratio of ground truth correspondences over the num-
ber of matched keypoints. We also report the number of matched points MP.
Overall, our method achieves an average matching score of 26.62%, an average
matching precision of 80.35%, and an average of 43.33 matched points.

Ablation study and Evaluation. We first measure the impact of varying
modalities during US synthesis on the matching performance by excluding and
including T1 and Flair modalities. It can be observed in Table [1| that while the
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Table 1: Impact of modalities synthesis (Averages over = 80 slices)
T2 T1 FLAIR |Prec. (%) |MSc. (%) |Avg MP |Area (%)

85.64 7.06 16.50 25.05
83.01 7.60 18.33 30.73
83.25 12.87 30.92 44.77
81.08 20.32 50.14 | 55.11
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Fig. 4: Repeatability of matches over slices (left) and textures changes (right).

matching precision is only marginally impacted, using all modalities in the syn-
thesis improves the matching scores by more than 12%. In addition, it increases
the number of matched points and the percentage of covered area. This can be
explained by the fact that modalities complete each other when information is
missing which highlights the benefits of using our synthesis strategy. We also
measure the performance of the descriptor across slices, expressed as the aver-
age amount by which each matching precision per slice differs from the mean
overall volume. We can observe from Figure [dHeft a quasi-constant trend line of
matching precision over slices, with a low average standard deviation of 7.1%.
Moreover, to measure the repeatability of the descriptor across multiple syn-
thesis modes, we exclude 12 modes from the training set on which we test our
model and calculate the number of repeated keypoints. The Figure [dlright shows
that more than 50% of the initially matched points are repeatedly found despite
varying the synthesis modes highlighting the texture-invariance properties of the
descriptor.

Percentage of Points Matched by Distance from Anchr Slice

Fig.5: MR slice #40 retrieved in US volume using descriptor matching.
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Table 2: Validation on synthetic data and comparisons using real data.
| Case 1 | Case 2 | Case 3
Method |Prec. |MSc. | MP  |Prec. |[MSc. | MP |Prec. |[MSc. | MP

SIFT+Cosine | 4.77 | 3.65 | 153.7 | 2.91 | 2.65 | 182.5 | 2.09 | 2.35 |224.03
MIND+Cosine| 5.15 | 5.15 | 200.0 | 4.44 | 4.44 | 200 | 4.66 | 4.66 | 200
SP+Cosine 4.58 | 3.45 | 150.8 | 2.76 | 1.58 |144.83| 3.82 | 2.80 |147.58
SP+LG 55.31110.92| 25.28 |13.06| 1.38 | 13.60 | 17.99 | 2.29 | 16.34
Ours+LG 80.61|20.86| 51.78 |76.92| 4.59 | 11.76 | 53.46 | 3.67 | 13.74
Ours+Cosine |81.08|20.32| 50.14 | 73.42|16.38| 44.64 |66.35|17.90| 53.96

We also perform a slice retrieval test to measure the discriminating properties
of our method. We search for a target slice over the whole volume by matching
n = 200 keypoints from the target MR slice with m x d keypoints of the whole US
volume. Results reported in Figure [b| show that our descriptor can successfully
retrieve the target slice and discriminate it over other slices with an average
1.34 mm error within 20 slices and 2.48 mm error within 40 slices.

State-of-the-art comparison. To evaluate the performance of our model
against existing image methods, we compared it to three approaches: SIFT [16],
which remains the standard for keypoints matching, SuperPoint (SP) [3] built
using a self-supervised learning approach and MIND [I0], a modality-invariant
descriptor for medical imaging, that although not designed for 1-to-1 keypoint
matching, is extensively used for multimodal medical image registration through
grid regularizing. We use SIFT and SP as keypoints detectors and descriptors,
while we combine MIND with SP keypoints since it only provides a descriptor.
We match these descriptors using both Cosine similarity and the deep neural
network LightGlue (LG) [I5] when possible (SP and Ours). Results reported in
Table [2] and shown in Fig. [3|show that (our approach outperforms these methods
in terms of matching score, precision, and number of matched points. We only
report results on three cases for readability reasons. Associating our descriptor
with Cosine and LG reached similar performance depending on the metric.

4 Conclusion

We presented a novel multimodal image matching method between preoperative
MR and intraoperative US images: Our matching-by-synthesis strategy, coupled
with a patient-specific contrastive learning approach led to a texture-invariant
descriptor, capable of matching 2D keypoints under different acquisition varia-
tions. Future work will extend the descriptor to 3D afffle transformations and
HilliteErateIphysicsmbasedimodelliig) [21] [19] to account for elastic deformations

and tissue resections, essential to achieve post-resection MR-US registration.
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