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Abstract. Deep learning models have revolutionized image registration
but their accuracy can degrade under unforeseen data variations (domain
shifts). It is crucial to assess model robustness under such shifts, often
accomplished using simulated domain shifts and expert annotations, e.g.,
landmarks. This work presents ProactiV-Reg, an annotation-free app-
roach that utilizes a learnable image mapping: it iteratively adjusts a
moving image to align with a fixed image under simulated domain shifts.
The distances between the perturbed and the optimized images reveal
model robustness. We evaluate ProactiV-Reg on three models, showcas-
ing its ability to detect robustness differences, identify dominant pertur-
bations, and provide insights into the model’s input requirements.

Keywords: deformable image registration - deep learning - robustness

1 Introduction

Many image registration methods now use deep learning models to enable time-
critical medical applications [1,4,20]. However, a major challenge remains: These
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models are susceptible to domain shifts, i.e., where the data used for train-
ing differs from real-world applications in terms of contrast, quality, resolu-
tion, or patient population. Such discrepancies can lead to inaccurate registra-
tions [11,14], potentially jeopardizing downstream clinical tasks. This limitation
underscores the need to assess the robustness of deep learning models to domain
shifts to ensure their reliable application.

In parallel, others have addressed model reliability by quantifying model
uncertainty using techniques such as Bayesian neural networks, Monte Carlo
dropout, and ensemble models. These techniques may help clinicians evaluate
the trustworthiness of predictions [8,12]. In addition, methods such as test-time
optimization, where the model is fine-tuned on a single image pair during test-
ing, can reduce the inaccuracies caused by domain shifts [2,18]. While these
approaches are valuable during deployment, our work focuses on assessing model
robustness under domain shifts during the validation phase.

Model robustness is often assessed by simulating domain shifts and evaluating
accuracy using landmarks or segmentations, which require expert annotators [5,
6]. ProactiV, a recently proposed technique, uses visual analytics to proactively
investigate model behavior under domain shifts [19]. Image perturbations are
applied to an image and the method then adapts the image until it produces
desired outputs. This input image is referred to as the “optimized image”. When
significant adaptations are required to achieve the desired output with a specific
model, this indicates potential susceptibility to the perturbation. By analyzing
the distances between perturbed and optimized images, users can assess the
model’s robustness to domain shifts. However, ProactiV is designed for single-
input tasks with available ground truth predictions, such as MRI reconstruction,
and cannot be directly applied to image registration with two input images and
no readily available ground truth.

This work presents an adaptation of ProactiV to make it suitable for image
registration, offering a model-agnostic method for assessing model robustness
under domain shifts. We eliminate the ground truth dependency and investigate
the hypothesis that the distances between perturbed and optimized images are
reliable indicators of model robustness. Finally, we demonstrate the method on
three state-of-the-art registration models and apply it in two use cases.

2 Methods

2.1 Image Registration Robustness

Deformable image registration aligns a moving image (M) to a fixed image (F')
using a dense displacement vector field (DVF: ¢), predicted by a registration
model (Rg). Robustness refers to the model’s ability to maintain accuracy when
encountering data different from its training data. We formulate two concepts
of model robustness. Both are concerned with registration failures due to input
variations, but differ in how this might be assessed.
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1. Sensitivity to input variations: A non-robust model shows output changes
in response to input variations. This issue is particularly relevant in the con-
text of predictable domain shifts where the model should remain invariant.
For example, the output DVF (and resulting image alignment) of a model
changes as a result of deteriorating image quality.

2. Implicit input requirements: A non-robust model might need input mod-
ifications to achieve accurate registration, a concept relevant for unknown
domain shifts, where data discrepancies are unclear. Understanding these
input modifications may help identify the specific image characteristics (the
input requirements) needed for optimal model performance. For instance, if
a new image pair contains an artifact not present in the training data, the
model might perform better if this artifact is corrected beforehand.

2.2 ProactiV-Reg

We use both concepts (sensitivity to input variations and implicit input require-
ments) to gain insights into the model’s robustness under domain shifts. To
achieve this, we propose ProactiV-Reg, an adaptation of ProactiV tailored to
deformable image registration (Fig.1). Our code is publicly available at https://
github.com/iriskolenbrander/ProactiV-Reg-WBIR.git.

Step 1. Image Perturbation. This step simulates domain shifts by introduc-
ing controlled modifications to both the fixed and moving images. The pertur-
bations can be applied separately or in combination, with varying severity levels
(L) as detailed in the Supplementary Materials (A.1). The perturbed moving
and fixed images are denoted by M7 and FT.

Step 2. Learnable Image Mapping. Given a specific registration model and
a chosen perturbation, ProactiV-Reg aims to find the image (M 7) that, when
fed to the model together with the perturbed fixed image (F7), produces a DVF
(¢7) that results in good image alignment (Egs. 1 and 2).

In the optimization process, the moving image is made learnable and the
model’s parameters are frozen. The pixels of the learnable image (q) are iter-
atively updated using gradient descent to minimize an objective function. The
objective function is the image similarity between the perturbed fixed (F7) and
the image resulting from applying the predicted DVF ((JBT) to a non-learnable
copy of the moving image (¢’). Specifically, the similarity is the weighted aver-
age of the local normalized cross-correlation (NCC) (window size=7) at three
resolutions [16]. The optimization problem is formulated as follows:

M" = argming(—~NCC(Ry(q, F*) o ¢', FT)) (1)
Here, “o” indicates spatial transformation, ¢ is the learnable image (initialized
as qo = MT), and ¢ is the non-learnable copy of ¢ (updated in each iteration).
The voxel values of g at step n are updated as follows:

qn+1 = qn —ax anNCC(Rg(qn, FT) © q’/rL’ FT) (2)
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Model (Rg) @ 3

Image perturbation
[noise, smoothing, bias field]

MT = argmin,(NCC(Ry(q,FT) o q,FT))
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d¢r — initial and corrupted output DVF
¢T dy; — perturbed and mapped input moving image
d@ — perturbed and mapped output DVF
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Fig. 1. The ProactiV-Reg method: (1) The fixed (F') and moving images (M) are
perturbed by T, (2) The perturbed moving image (M7T) is used as learnable input (q)
and mapped to the image (M7) that produces the desired DVF (¢7) when fed to the
registration model (Rp), and (3) the distances dy;, d,r, and dj are computed.

Using a non-learnable copy for the spatial transformation ensures that gra-
dients are propagated through the model and prevents the optimization from
simply converging to MT = FT. The optimization is performed using the Adam
optimizer with a fixed learning rate of le-3 for each model (details on models
in Sect. 2.4) on a PC with an Nvidia Tesla V100-PCIe 32GB GPU. The process
continues until the loss function converges (change in value below le-4 for 20
consecutive iterations) or a maximum of 100 iterations is reached.

Step 3. Distance Computation. Finally, ProactiV-Reg computes three dis-
tances using the mean squared error (MSE) (Eq.3). These distances aim to
quantify the changes induced by the perturbation and the learnable mapping.

— dy;: Represents the input adaptations introduced by the learnable mapping.

- d & Represents the change in the model’s output caused by the mapping.

— dgr: Represents the changes induced by the domain shift (if available when
simulating domain shifts).

dy = MSE(MT,MT);  dy=MSE@",87);  dgr = MSE($,¢7)
(3)
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The original ProactiV also included the distances relative to the ground
truth, which we excluded because ground truth is not commonly available in
image registration. We chose the MSE from the image metrics MSE, mean abso-
lute error, and structural similarity image metric, based on the stronger correla-

tion observed between MSE and registration accuracy (Supplementary materials:
Table S1).

2.3 Brain MRI Dataset

We evaluate ProactiV-Reg on a dataset of 51 3D brain T1-weighted magnetic
resonance images (MRI) from the open access OASIS dataset [15], which includes
adult subjects diagnosed with mild to moderate Alzheimer’s disease. We use
Hoopes et al.’s processed dataset [10], consisting of images of size 180 x 192 x
180 after skull-stripping, affine alignment to a common atlas (FreeSurfer [7]),
resampling of voxel sizes to 1 x 1 x 1 mm, and gray value scaling to the range [0—
1]. Semi-automatic labels are available for 35 brain structures. A single, randomly
selected subject serves as the fixed image to which all other subjects (moving
images) are registered, resulting in 50 image pairs.

Synthetic Deformations. In the experiments described in Sects. 3.1 and 3.2
(Sect. 3.2: nonlinear deformations), we use synthetically deformed brain MRIs,
applying generated DVFs to the original MRIs [3]. While this approach allows
us to validate the distances using ground truth DVFs, they are not part of the
ProactiV-Reg method (and thus are not required to assess robustness).

We apply two DVFs to each MRI in the original dataset: a low-resolution
DVF (on a 5 X 6 x 5 control point grid) obtaining the moving image, followed
by a statistical model-based DVF (20 x 24 x 20 grid), obtaining the fixed image.
The statistical model captures true variations between subjects and is built using
principal component analysis (PCA) capturing 80% of the variations in defor-
mations produced by iterative registration (in Elastix [13] using mutual informa-
tion, a three-resolution scheme, 100 iterations, and a final B-spline grid spacing
of 8mm). The magnitude of the deformations is controlled by o4, which was set
to 4500 unless otherwise specified (Supplementary Materials: A.3). The result-
ing synthetic images exhibit realistic variations between the brains of different
subjects.

2.4 Deep Learning Models

We select three pre-trained convolutional neural network models based on their
proven registration performance on T1-weighted brain MRIs and the availability
of their pre-trained weights. As the purpose of this study is to demonstrate
ProactiV-Reg, not to evaluate the three models, we will refer to them as models
A, B, and C.

— Model A [1]: This unsupervised U-Net architecture has four/three convolu-
tional blocks in the encoder/decoder (32 filters), skip connections, and four
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convolutional blocks in the registration head (16 filters). It is trained using
MSE loss and regularization.

— Model B [9]: This weakly supervised U-Net architecture adopts a similar
structure to model A but with more filters (256 filters in both encoder/decoder
and registration head). It is trained using the soft Dice loss (of binary seg-
mentations) and regularization.

— Model C [17]: This unsupervised model incorporates a conditional architec-
ture with three levels of convolutional encoders, conditional modules, and
decoders (28 filters). The model is conditioned on a regularization weight
(RW=0.4 unless otherwise specified) and was trained using a pyramid local
NCC and regularization.

2.5 Evaluation Metrics

Registration accuracy is measured by propagating the moving segmentation
using the predicted deformation and computing the 95th percentile Hausdorff
distance (95%HD) of the cerebral cortex, cerebellar cortex, brainstem, lateral
ventricle, and hippocampus (calculated as the average of 95%HD values of bilat-
eral structures). In addition, the synthetically deformed dataset allows the (mean
absolute) error computation of the predicted and ground-truth deformations.

3 Experiments and Results

3.1 Distances as Indicators of Registration Robustness

This section investigates whether the distances (dy;, dyr, and djr) can serve
as measures of registration robustness. Using a synthetically deformed dataset,
we study how the distances and the registration error are affected by different
intensity-based perturbations, including noise, smoothing, or bias field (severity
levels L = 10; see Supplementary Materials: A.1). We use model A to minimize
the number of iterative optimizations.

The distances increase with noise and bias field but remain constant with
smoothing (Fig. 2). These results correlate with the registration error, supporting
our hypothesis that the distances reflect registration robustness. Notably, dyr
and d or increase substantially under bias fields, while d; increases only slightly.
In other words, the image mapping introduces small changes to the input image
that significantly affect the predicted DVF. These results suggest that multiple
distances are essential for a more complete understanding.

3.2 Models’ Robustness Under Simulated Domain Shifts

We demonstrate ProactiV-Reg in two use cases, focusing on understanding model
behavior under simulated domain shifts. We validate our findings by examining
the impact of these shifts on the alignment of brain structures.
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Registration error dia dgr dj
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20 /\/‘—( 10 4 —— Noise
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Fig. 2. The effect of intensity-based perturbations on the registration error and dis-
tances of model A evaluated on a synthetically deformed dataset. The distances d;
and d 5 Trepresent the input and output change needed for optimal registration; d,r
represents the output change caused by the domain shift.

Intensity-Based Perturbations. We investigate the robustness of three mod-
els (A, B, and C) to intensity-based domain shifts, including noise, smoothing,
and bias field (with varying severity levels, L = 5) on the brain MRI dataset.
Our goal is to identify the most robust model and the most impactful domain
shift, assessed using three visualization panels in ProactiV-Reg. The distances
panel (i) shows the distances under a single perturbation for low-level analysis.
The global panel (ii) summarizes the distances under combined perturbations of
smoothing and bias field (25 combinations for L = 5), reduced to two dimensions
via PCA. The instance panel (iii) shows examples of perturbed and optimized
images, useful for analyzing local changes induced by the learnable mapping.

Figure4i reveals that model A is the most sensitive to noise and bias field,
with substantial increases in d; and dgr. Figure 4ii supports this, showing more
dispersed data points for model A (arrow q) compared with the tightly clustered
points of models B and C (arrows r-s). All models display relatively constant
distances under smoothing perturbations (Fig. 4i), indicating good robustness to
this domain shift. These findings align with the observed brain structure align-
ment after registration (Supplementary Materials: Fig. S1). Interestingly, the
optimized images of model A contained additional fine-grained details and a
low-resolution, inhomogeneous signal resembling a bias field (Fig. 4iii), suggest-
ing that model A relies on bias field correction for optimal registration.

Nonlinear Deformations. We explore the use of ProactiV-Reg for optimizing
the regularization weight (RW) in model C. We assess model C’s robustness
under nonlinear deformations while setting the RW to 0.1, 0.25, 0.5, 0.75, or 1.0.
We create six datasets with different deformation magnitudes (o, €[3000, 4000,
5000, 6000, 7000, 8000]; Supplementary Materials: A.3).

Figure 3b shows that higher DVF constraints (higher RW) result in poorer
structure alignment for larger deformations. This finding is also reflected in the
distances (Fig. 3a), indicating that these distances can be used instead of segmen-
tations to optimize the RW for robust registration across varying deformations.
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Fig. 3. The impact of nonlinear deformations on the distances (a) and the brain struc-
ture alignment (b) of model C conditioned on different regularization weights (RW).

dyr and dg represent the input and output change needed for optimal registration.
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Fig. 4. ProactiV-Reg for assessing the robustness of registration models. Distances view
(i): shows the distances influenced by a single perturbation, where distances dy; and
dj represent the input and output change needed for optimal registration, and dyr the
output change caused by the domain shift. Global view (%): summarizes the distances,
where each data point represents a combination of perturbations. Instance view (m)
shows the local changes added by the mapping. [FT, MT] = perturbed images; M7
optimized moving image; M7 — M7 = difference i image.
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3.3 Discussion and Conclusion

This paper presents ProactiV-Reg, a model-agnostic method that provides valu-
able insights into the robustness of deep learning-based deformable image regis-
tration methods under domain shifts. Our results demonstrate ProactiV-Reg for
detecting differences in the robustness of three registration models, identifying
impactful domain shifts, and determining the optimal regularization weight.

The observed robustness levels are consistent with previously reported find-
ings in the literature. In particular, our results confirm the relatively weaker
generalizability of model A and the higher robustness of models B and C across
different datasets, as reported by Hoffmann et al. [9] and Mok et al. [18]. The
instance-level analysis provide valuable insights into the implicit input require-
ments of model A: it relied on the correction of bias fields for optimal registration.

The current implementation of ProactiV-Reg uses fixed design choices to
serve as a proof of concept. Our results highlight that some insights can only be
derived from computing multiple distances, e.g., a model may require only minor
input adjustments to achieve significant improvements. Future work will involve
revisiting some of the design choices. For example, mapping both moving and
fixed images to desired inputs could be explored. This approach might encounter
convergence problems due to the increased optimization complexity.

While this work focused on three models and four simulated domain shifts,
ProactiV-Reg is universally applicable to other models and domain shifts. It can
also be used to assess whether a particular registration model performs well on
new data from different distributions. In this context, the simulation of pertur-
bations is not necessary. Expert annotations and ground truth deformations,
although used for validation in this study, are not required for the application
of ProactiV-Reg. Ultimately, this method can guide the development of robust
registration models by informing the redesign of network architectures or train-
ing procedures. In the future, we will demonstrate ProactiV-Reg to guide the
design of data augmentation for improving model robustness.

In conclusion, ProactiV-Reg is a versatile tool for assessing the robustness of
registration models. It is model agnostic, does not rely on expert annotations or
other ground truth, and can incorporate any domain shift, making it a promising
method for guiding the development of deep learning models towards robust
image registration.
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