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Abstract. In this work, we address the problem of pre-registering im-
ages before running any registration model. This step is often considered
solved by computing a global affine transformation between the fixed and
moving images. However, we claim that accurate local pre-registration of
images has a major impact on the quality of the final registration. Our ap-
proach introduces BlendNet, a shape-aware network that predicts blend-
ing weights to combine multiple locally optimized transformations into a
single, dense, and spatially smooth transformation. BlendNet leverages
as input fixed and moving images, as well as their corresponding seg-
mentation masks, which provide explicit anatomical shape context and
are obtained through manual annotation or a foundational segmenta-
tion model. BlendNet is trained with local anatomy and shape-aware
supervision and regularization, which enforce a physically plausible and
accurate pre-registration. The proposed framework is plug-and-play, as
it can be used as a pre-processing step before any other registration
method. Through extensive experiments, we demonstrate the benefits of
BlendNet. Existing registration methods benefit from a systematic per-
formance boost in alignment accuracy with greater improvements ob-
served for high quality segmentation masks. However, this increase in
alignment accuracy may be associated with lower deformation regular-
ity, depending on the used registration method. The learned models and
code are made available for research purposes.
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1 Introduction

The registration of two volumetric images is a foundational problem with high
relevance in many clinical applications. For example, it allows for comparing the
evolution of the same patient at different time steps, or mapping a subject into
a chosen segmented reference template. Registration algorithms take as input a
moving image and a target image and output a 3D transformation (or 3D dis-
placement field) that best aligns the content of both images. To initialize the
registration process, standard toolkits, such as Elastix [13], ITK [15], or FSL
⋆ Corresponding author.
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FLIRT [12] are used to compute a "pre-registration", usually a global affine
transformation based on image features. Most MICCAI registration Challenges,
such as Learn2Reg [8] or Brats [1], provide as input globally pre-registered im-
ages. In general, the community considers the pre-registration problem solved.

Indeed, a global transformation may correctly position two anatomies glob-
ally, but local anatomic structures may remain poorly aligned: each anatomic
structure may have a different local orientation and morphology. In theory, these
local misalignments should be negligible, and deformable registration methods
should be able to solve them. But in practice, pixel-wise accurate registration
remains a difficult problem as simultaneously computing small local non-linear
displacements and potentially long-range displacements still represents a major
challenge for existing algorithms. As of today, local anatomic structures can au-
tomatically be identified in two images with foundational segmentation models.
And with the obtained paired segmentation masks, one can compute local inde-
pendent transformations between them. However, defining how the surrounding
tissue should continuously deform poses a non-trivial problem.

In our work, we present a novel framework to compute a global, yet locally lin-
ear, pre-registration transformation between two images. Our core idea is to learn
how to combine locally affine transformations, extracted from anatomic segmen-
tations, into a coherent global transformation. We propose to learn BlendNet, a
neural network that takes two volumetric images and their corresponding seg-
mentation masks as input, and outputs pixel-wise blending weights, which are
used to compose the global transformation. Our pre-processing can be used be-
fore any other deformable registration method, and we show that, systematically,
all tested approaches benefit from a more accurate locally affine pre-registration.

Regarding the related work on image registration, since the pioneering image
registration work using landmarks [4], methods have evolved from optimization-
based to deep learning-based approaches. For example, Deeds [7] is a non-
learning-based algorithm using a multi-scale approach to match image features
and obtain a dense displacement field. While robust to many modalities and
anatomic regions, it remains computationally expensive. The advent of deep
learning models has unlocked fast registration times. Early models, such as Vox-
elMorph [3,2], provided fast and accurate inferences, but are relatively sensitive
to domain shifts. Follow-up approaches have explored ways to become more ro-
bust to the domain shift, either with automatic hyperparameter selection [10,11]
or leveraging synthetic data [9]. Most interestingly, recent foundational regis-
tration models, such as UniGradICON [17], trained on diverse large datasets,
have shown a high capacity to generalize across organs, modalities, contrasts,
and anatomies with minimal fine-tuning. All these works assume that a pre-
registration is performed on the images they take as input.

As mentioned earlier, other than toolkits providing affine global registrations,
very few works have specifically addressed the pre-registration step. One of them,
most related to our work, is Polaffini [14], an elegant training-free approach.
In it, similar to us, segmentation masks of the moving and fixed images are
extracted with the help of a segmentation model, and, for each detected instance,
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a local affine transformation is computed. To merge the local transformations,
Polaffini uses a blending scheme based on weights computed with a smooth
kernel function. This approach has a main drawback: it is very sensitive to the
empirical choice of the smoothing parameter σ. In contrast, our method proposes
to learn the weighting function by considering not only the segmentation masks,
but also the input images.

In summary, our work makes the following contributions: (i) We formulate
the pre-registration of two volumes as a learnable weighted average of multiple
locally affine transformations. Our approach leverages the input images and the
segmentation masks to learn BlendNet, a network that predicts smooth blending
weights that allow for combining multiple locally optimized transformations into
a single, dense, and spatially smooth transformation; (ii) We introduce a training
objective that combines local anatomic-aware supervision, a smoothness regular-
ization term, and negative folding losses to prevent non-plausible deformations;
(iii) Our approach is plug-and-play with respect to all existing registration meth-
ods: it can be used as a pre-processing before any other registration method; (iv)
We present extensive experiments on the Learn2Reg challenge data, in which the
benefits of BlendNet are shown. Existing registration methods, such as Deeds,
VoxelMorph, and UniGradICON, exhibit a systematic boost in performance, par-
ticularly, when high-quality segmentation images are available. (v) The learned
models and code are made available for research purposes.

2 Method

In Fig. 1 we present the overview scheme of our method. The inputs to our
method are a pair of volumetric images and their corresponding segmentation
masks. We note If ∈ RW×H×D, with W,H,D ∈ N, the fixed image defining the
target of the registration, and Im ∈ RW×H×D the moving image to be deformed.
We define the set of all voxel indices of the image as Ω. Analogously, we note the
fixed and moving segmentation masks as Sf and Sm, defined in BW×H×D×C ,
where each channel is the binary segmentation of the anatomic class c, with
c ∈ [1, C] and C ∈ N is the number of segmented classes. We note Sc

f and Sc
m

the channel corresponding to the anatomic class c.
Our approach starts by using each pair of segmentation masks Sc

f and Sc
m

to compute C linear affine transformations {T c(Sc
f , S

c
m)}c=1,...,C , by optimizing

the alignment of each pair of segmented objects using a variant of the Iterative
Closest Points algorithm [5]. In parallel, we define the BlendNet network B,
that takes as input the images and all channels of the segmentation masks, and
outputs spatial, per segmented class, weights, i.e.

B(If , Im, Sf , Sm) = ω ∈ RW×H×D×C (1)

where ω(i, j, k, c) ≥ 0, and
∑C

c=1 ω(i, j, k, c) = 1,∀(i, j, k) ∈ Ω. These weights
are used to compute, on each voxel, the pre-registration transformation

ϕ(i, j, k) =

C∑
c=1

ω(i, j, k, c) T c(Sc
f , S

c
m) (2)
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Fig. 1. A : Pre-registration pipeline. The fixed and moving images If , Im and their
associated segmentations S1,...,C

f and S1,...,C
m are used as input. From the segmentation

masks, C local affine transformations are computed. From the images and segmentation
masks, BlendNet predicts optimal blending weights ω used to merge the local trans-
formations into the pre-registration transformation ϕ. B : Any registration method R,
can be used with If and ϕ(Im) to obtain the final warped moving image (W )(ϕ(Im)).

as a linear combination of the individually computed transformations. The re-
sulting transformation ϕ is applied to the moving image Im and the segmen-
tation mask Sm, and we obtain the warped image ϕ(Im), which we name the
pre-registered image, and its associated warped segmentation ϕ(Sm).

Then, given an arbitrary non-rigid registration algorithm R(., .), we use it
with the original fixed image If and the pre-registered image ϕ(Im), i.e. we com-
pute R(If , ϕ(Im)), and obtain the final warped image that we note W(ϕ(Im)).

2.1 Local Transformations

To compute local transformations {T c(Sc
f , S

c
m)}c=1,...,C , we use a variant of the

Iterative Closest Points algorithm [5]. Between each pair of (Sc
f , Sc

m), we opti-
mize an affine transformation with a symmetric ICP: at each iteration, we build
bidirectional matches between target and source surfaces with a nearest-neighbor
approach, and optimize the alignment of these correspondences. To avoid degen-
erate transformations, we first compute a rigid alignment, before estimating the
affine transformation.

2.2 BlendNet

The key component of our approach is the BlendNet network, taking as input
the images and segmentation masks and predicting the blend weights of the
anatomic local transformations, i.e. B(If , Im, Sf , Sm) = ω. The architecture of
our BlendNet is a 3D U-Net [6] with skip connections between encoder and
decoder layers, and a final softmax layer. It is composed of 3 encoder layers, 1
bottleneck, and 3 decoder layers. Spatial resolution is reduced by a factor of 8,
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and feature channels size are 16, 32, 64, and 128. In total, our U-Net has around
1.41 M trainable parameters.

To train our BlendNet we use a multi-objective loss composed of four terms:
i) an image similarity loss ii) a Dice loss, iii) a smoothness regularization loss,
and iv) a negative folding penalty loss. In addition, to avoid instability, we define
the weight inside a segmented class to be equal to one, i.e., the transformation
matrix of the voxels inside the class c is Tc(i, j, k). Each loss is weighted with
an empirically chosen λ ∈ R, so that the contribution of all losses is balanced in
the final loss.

Image similarity loss. To encourage global intensity-based alignment, we
propose a normalized mutual information loss between the fixed image If and
the warped CT image ϕ(Im):

Lsim(If , Im, ϕ) = 1− NMI(If , ϕ(Im) (3)

where NMI(A,B) = 2I(A,B)
H(A)+H(B) with H(.) the marginal entropy of the in-

tensity distribution; and I(. , .) the mutual information, computed with the joint
and marginal entropies.

Dice loss. We use the soft Dice loss [16] to encourage overlap between the
pre-registered moving segmentation ϕ(Sm) and the target segmentation Sf , i.e.
Ldice(ϕ(Sm), Sf ). The loss is individually computed for each anatomic class and
then averaged over all classes.

Ldice(ϕ(Sm), Sf ) = 1− 1

C

C∑
c=1

Dicec(S
c
f , ϕ(S

c
m)) (4)

It is worth noting that the dice loss is computed after the pre-processing
step, i.e., we use ϕ(Sm) and compare it to Sf . Although computing the dice
loss after the pre-processing is conceptually not accurate, as the warped image
with a combination of linear transformations can not fully match the target
segmentation, a key advantage of this approach is that the learned BlendNet
network is generic with respect to the deformable registration method R(., .)
used afterwards.

Smoothness regularisation loss. To enforce spatial smoothness of the
combined transformation, we enforce smoothness between the neighbouring pre-
dicted weights in ω with a quadratic penalty loss

Lsmooth(ω) =
1

|Ω|
∑

(i,j,k)∈Ω

C∑
c=1

∑
e∈N

(ωc((i, j, k) + e)− ωc(i, j, k))
2
, (5)

where N is the set of 6-direction vectors covering the 1-connected 3D neigh-
bourhood, i.e. {[−1, 0, 0], [1, 0, 0], [0,−1, 0], [0, 1, 0], [0, 0,−1], [0, 0, 1]}. Although
one could enforce this smoothness supervision on the resulting warping fields ϕ
defined in Eq. 2, note that, as the transformations T are linear, if the weights ω
are smooth, then the warping field ϕ is also smooth.
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Negative folding loss. To prevent foldings and non-manifold transforma-
tions, we introduce the hinge loss

Lfold(ϕ) =
1

|Ω|
∑

(i,j,k)∈Ω

max(0, − detJϕ(i, j, k)) (6)

where Jϕ is the determinant of the Jacobian of ϕ computed with finite differences.

3 Experiments

3.1 Dataset and metrics

To evaluate our method, we use the Abdomen CT-CT dataset and associ-
ated metrics from the Learn2Reg challenge [8]: Dice (DSC), Dice 30% quantile
(DSC30), 95th Hausdorff distance (HD95), and the standard deviation of the
logarithm of the Jacobian determinant (SDlogJ). DSC, DSC30 and HD95 are
computed without label weighting, with each anatomical structure contributing
equally to the reported scores. SDlogJ is computed over the full image domain,
reflecting global deformation regularity rather than only within labeled anatom-
ical structures.

The scans were pre-processed by organizers to an isotropic 2 mm resolution,
affinely registered to a reference, and cropped to the dimension (192 × 160 ×
256). Each CT is annotated with Ground Truth (GT) segmentation masks SGT

for 13 organs. We use TotalSegmentator (TS) [18] to compute segmentation
masks, that we name STS . The original dataset is composed of 50 scans, but the
segmentations of the 20 test cases are not publicly available. Thus, we use the
30 public cases and split them into Ntr = 15 train cases, Nv = 5 for validation,
and Nt = 10 to test. By considering all pairwise cases, each set has (N∗ − 1)2/2
registration cases.

3.2 Experimental setting and baselines

To explore the impact of the pre-registration step on different registration ap-
proaches, we perform our experiments with state-of-the-art methods: Deeds [7],
VoxelMorph [3], and the foundational registration model UniGradICON [17].

To quantify the impact of the proposed framework, we compare to two state-
of-the art pre-registration approaches: the classical global affine transformation
(G. Aff.), and Polaffini [14]. As the used dataset was already preliminary affinely
aligned by the organisers, we don’t need to perform any treatment to the images
for G.Aff. We run Polaffini using its publicly available implementation and its de-
fault parameters. The smoothness parameter controlling the Gaussian blending
of local affine transformations was computed using the authors’s implementation
of the Silverman’s rule of thumb.

For BlendNet, we train by alternatively using SGT and STS for Sf and Sm,
so that the network learns some robustness to the segmentation masks errors.
It is trained using Adam with a learning rate of 10−4. The training objective
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Table 1. Registration results on the left out test data using UniGradICON, Deeds
and VoxelMorph with different pre-registration methods: G. Aff., Polaffini, and Ours.
The GT suffix in the method name indicates that ground truth segmentation masks
were used as input. (∗) signifies that a method is statistically better than G. Aff and
Polaffini using Wilcoxon signed-rank tests (α = 0.05).

Method Init DSC↑ DSC30↑ HD95↓ SDlogJ ↓

UniGrad

G. Aff. 0.55 ± 0.10 0.51 12.62 ± 3.52 0.97 ± 0.48
Polaffini 0.53 ± 0.08 0.50 13.51 ± 3.73 1.27 ± 0.56
Ours 0.63 ± 0.05 (∗) 0.61 14.03 ± 4.10 0.66 ± 0.28
PolaffiniGT 0.56 ± 0.10 0.52 13.54 ± 4.30 1.56 ± 0.59
OursGT 0.71 ± 0.04 (∗) 0.70 8.97 ± 2.02(∗) 0.75 ± 0.32

Deeds

G. Aff. 0.49 ± 0.09 0.46 14.10 ± 6.18 1.21 ± 0.74
Polaffini 0.48 ± 0.10 0.44 14.56 ± 4.79 2.40 ± 1.06
Ours 0.56 ± 0.06 0.52 14.85 ± 5.71 1.55 ± 0.66
PolaffiniGT 0.48 ± 0.07 0.41 15.36 ± 6.63 2.42 ± 1.08
OursGT 0.58 ± 0.07 (∗) 0.54 10.92 ± 2.82 1.52 ± 0.68

VoxelMorph

G. Aff. 0.29 ± 0.08 0.25 20.70 ± 5.73 0.16 ± 0.06
Polaffini 0.32 ± 0.09 0.28 21.12 ± 7.00 0.33 ± 0.19
Ours 0.49 ± 0.07 (∗) 0.45 15.10 ± 3.40 0.61 ± 0.24
PolaffiniGT 0.33 ± 0.09 0.28 19.95 ± 6.15 0.32 ± 0.20
OursGT 0.52 ± 0.08 (∗) 0.48 11.54 ± 2.04 (∗) 0.66 ± 0.25

combines mutual information, dice, smoothness regularization and negative fold-
ing losses, respectively weighted by 1.0, 1.0, 0.5, and 0.05. We evaluate BlendNet
with the TotalSegmentator [18] masks (Sf := STS

f , Sm := STS
m ) and report

these values as Ours. To mimic a case in which the moving and fixed images do
have curated segmentation masks, we also evaluate BlendNet with the ground
truth segmentation masks (Sf := SGT

f , Sm := SGT
m ) and report these values

as OursGT. Analogously, we run Polaffini with the TotalSegmentator and GT
segmentation masks as input and we report these results as Polaffini and Po-
laffiniGT respectively.

3.3 Impact of pre-registration on non-linear registration

In Table 1, we report the obtained results by the three registration methods
using the different pre-registration strategies. We performed Wilcoxon signed-
rank tests (α = 0.05) [19] and report (*) whenever a method is statistically
better than G. Aff and Polaffini. Fig. 3 shows the 13-per-organ distributions of
DSC obtained using UniGradICON with G. Aff. (blue) and BlendNet (orange).

As seen in Table 1, our approach leads to: i) a significant improvement in
DSC and DSC30 accuracy; ii) a significant improvement or on par HD95 results,
and iii) a negative effect on the SDlogJ metric, when compared to G.Aff. . These
results are systematic for the three tested registration methods. Methods using
GT masks (OursGT and PolaffiniGT) are clearly superior to the ones using TS
masks (Ours and Polaffini), highlighting the fact that high-quality segmenta-
tion masks of the shape of the anatomy provide a quantitative advantage to the
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Source Pre-warped Warped Target

G
.a

ff
P
ol

affi
n
i

O
u
rs

Fig. 2. Qualitative comparison of the registration results obtained with G.aff (1st row),
Polaffini (2nd row), and our method (3rd row). Columns show the source image, the
pre-warped image, the final warped image with UniGradICON, and the target image.

Fig. 3. Dice scores distributions of organ labels 1 to 13 (we use the Learn2Reg index
convention) for UniGradICON, using as initialization the G. Aff. (in blue) and the
BlendNet scheme (in orange). Legend - Mean: ⋄; Median: −; Distribution outliers: ◦.



BlendNet for Pre-Registration 9

pre-registration process. The DSC distributions shown in Fig. 3 clearly high-
light the benefit of BlendNet for each and every organ in the registration task.
Distribution medians and means clearly improved using our BlendNet scheme
initialization. We can see up to 0.4 DSC improvement, while the smallest im-
provement remains around 0.2. Although a few outliers are still present, the
overall DSCs distributions are higher.

Regarding the comparison to Polaffini [14], Tab. 1 shows that our approach
yields, in both TS and GT settings, significantly superior performance in terms
of DSC and SDlogJ, compared to Polaffini, except for VoxelMorph. In terms
of HD95, our methods achieve comparable performance to Polaffini in TS set-
tings and outperform it in GT settings. It is worth noting that Polaffini DSC
performance, compared to G. Aff., is relatively low. Two elements could be re-
sponsible for this low performance. First, as explained in their paper, the choice
of their smoothing parameter is critical. To obtain the results of Tab. 1, we
used their open implementation that uses the "Silverman’s rule" to automati-
cally choose the adequate parameter. Manually fine-tuning this parameter could
improve its performance. A second source of explanation could arise by the fact
that Polaffini only focuses on the segmentation masks and does not use the image
content. In Fig. 2, we present qualitative results of the pre-registration and final
registration for G. Aff, Polaffini and ours. Indeed, Polaffini’s pre-registration,
estimated solely by the segmentations masks, severely deforms the image in the
other locations, making it difficult for the non-linear registration to obtain cor-
rect correspondences between the images. Our proposed pre-registration step,
aligns the shapes of the local structures while preserving the overall shape of the
image.

Another noteworthy result observed in Table 1, is the improvement of the
metrics when using the GT segmentation masks instead of the TS ones. To fur-
ther understand this difference, we compared both segmentations for all dataset
samples by computing the DSC between the TS and GT masks. For all organs,
the mean (and median) DSC range is [.66,.96] (and [.68,.96]), indicating an over-
all good accuracy. However, for some organs, the minimum DSC values drop to
[0.03- 0.06], indicating that in some cases the organs are poorly segmented, and
the performance drops. As a takeaway message, registration users should con-
sider the benefit of spending time in the manual segmentation of a few important
anatomic regions, which can significantly boost the registration accuracy, with
a mean gain as high as of .14 Dice points for UniGradICON.

3.4 Ablation studies

We next perform three experiments to validate our architectural choices, namely
the folding penalty, the choice of affine transformations, as well as the use of the
Mutual Information loss.

We validated the relevance of the folding penalty in Eq. 6, by running our
approach with the corresponding lambda weights equal to zero. We observed
stable DSC and HD metrics with a major increase in SDlogJ.
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Fig. 4. Qualitative comparison of BlendNet warping with and without mutual infor-
mation (MI). Without MI, we only constrain the warping of the segmented structures;
and thus, BlendNet is allowed to deform the soft tissue without any alignment objec-
tive, resulting in distorded images.

We also experimented using Rigid Transformations instead of Affine Trans-
formations for all settings (in Table 1), but all results were systematically worse,
thus highlighting the benefit to use Affine transformations for the pre-processing
step.

We also experimented by setting the lambda weight to zero of the Mutual
Information loss term (Eq. 3). In Fig 4 the absence of the Mutual Information
loss leads to visibly unrealistic deformations in the BlendNet pre-warped image,
showing that this loss plays an important role in preserving global image con-
sistency. Most interestingly, this visual failure is not reflected by the standard
quantitative metrics: all numerical results were very close to those reported in
the Ours and OursGT lines in Table 1. As the Learn2Reg metrics are focused
on ROI overlap and deformation plausibility, the evaluation is biased toward the
segmented regions of interest and may overlook severe distortions occurring in
the image. This suggests that good metric performance within selected ROIs,
along with deformation plausibility, do not necessarily guarantee anatomically
plausible or globally accurate registration; opening a lead for future registration
evaluation protocols.
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4 Conclusion

We presented a framework to pre-register volumetric images by leveraging the se-
mantic segmentation of anatomic structures. These segmentations are relatively
easy to obtain, either by manual annotation or by leveraging segmentation foun-
dational models. Leveraging the shape of each individual anatomic structure we
compute local affine transformations, and we learn BlendNet to predict opti-
mal blending weights to merge them into a global, continuous, smooth function.
Our pre-registration approach is plug&play and can be used before any exist-
ing registration model. Extensive experiments show how all tested registration
approaches systematically benefit from our more accurate pre-alignment, with
important performance boosts, and a possible trade-off in deformation regularity.
For the recent foundational registration model UniGradICON [17], they reach
.16 points Dice on average if high-quality segmentation masks are available.

BlendNet also comes with some limitations. Although BlendNet is agnostic
to the input modality and the anatomic region; to train BlendNet, one has
to fix the number of segmentation classes in the input. This implies that if
the number of anatomic regions varies, one needs to retrain BlendNet. A lead
to overcome this limitation would be to use paired landmarks, i.e., a list of
correspondences between both images, which could better generalize from one
anatomic region to another. Another lead for future work would be to learn
fine-tuned versions of BlendNet. BlendNet is supervised with an intermediate
dice score, but if the used registration approach is end-to-end differentiable with
respect to the images, one could use the final segmentation masks as supervision
and fine-tune BlendNet to a specific model (such as UniGradICON). In terms
of evaluation, in this paper, we evaluated BlendNet on the CT-CT registration
case. As BlendNet is agnostic to the input modality, it would be interesting
to evaluate its performance in other modalities (MRI-MRI, CBCT-CBCT) and
cross-modality settings (CT-MRI, MRI-US), as the obtained results clearly point
out that an accurate local pre-registration step plays an important role in the
accuracy of the image registration task.
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