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Abstract. Susceptibility-induced distortions in diffusion MRI (dMRI)
have significantly hindered the study of human brain pathways. Despite
the availability of various B0-image-based and FOD-based distortion
correction methods, significant distortions persist in certain brain re-
gions, such as the brainstem. In this paper, we present a novel unsu-
pervised learning-based distortion correction framework, named Multi-
Modal Distortion Correction Network (MMDC-Net). To aggregate the
complementary information in B0 and FOD images, we model distortion
correction as a multi-modal optimization problem. We further estab-
lish a multi-modal learning paradigm for distortion correction, including
modality-aware attention, intensity correction and gradient optimiza-
tion. First, a Modality-Aware Attention Module (MAM) is designed to
extract correction-related features from each modality. We introduce a
differentiable intensity correction unit to correct the intensity bias in
B0 images. Finally, PCGrad is integrated to mitigate gradient conflicts
when optimizing similarity losses across the two modalities. Our method
was evaluated on the HCP dataset with RL-LR phase encoding and the
HCP-Aging and HCLV datasets with AP-PA phase encoding. The results
demonstrated that MMDC-Net achieved superior and robust distortion
correction performance compared to other state-of-the-art methods.

Keywords: Susceptibility-induced distortion correction · Diffusion MRI
· Unsupervised deep learning

1 Introduction

Diffusion magnetic resonance imaging (dMRI), a non-invasive technique, cap-
tures water molecule diffusion patterns in biological tissues and is widely used
for human brain white matter fiber tracking [10]. However, the echo-planar imag-
ing (EPI) sequence, commonly used in dMRI, is prone to severe geometric and
intensity distortions along the phase encoding (PE) direction due to field inhomo-
geneities and low bandwidth [9,4]. These susceptibility-induced distortions typ-
ically occur at tissue-cavity boundaries, such as the brainstem and orbitofrontal
regions [12,11].
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A common way to correct susceptibility-induced distortion is to estimate an
undistorted image by acquiring two images with opposite PE directions, known
as the “blip-up blip-down” method. Among these methods, the topup method in
the FSL toolbox [1] uses a discrete cosine basis function to estimate a smooth
displacement field from two B0 images. In recent years, with advancements in
deep learning, several learning-based methods have been proposed to estimate a
displacement field using B0 images [17,6,3,18].

By leveraging the structural information in B0 images, B0-based methods
can effectively reduce susceptibility-induced distortions in dMRI. However, their
correction performance remains limited in certain regions due to insufficient local
information. To address this issue, Qiao et al. [13] proposed FODReg, a method
that uses fiber orientation distribution (FOD) images to estimate residual dis-
tortions, and subsequently developed a learning-based approach, DrC-Net [12].
While these FOD-based methods improve regional correction, both rely on a
cumbersome two-step pipeline using topup for preprocessing. This not only leads
to a complex correction workflow but also fails to exploit the complementary in-
formation between B0 and FOD images.

To further improve the efficiency and accuracy of distortion correction, a nat-
ural solution is to aggregate information from both B0 and FOD images into a
unified, one-step correction pipeline. In this paper, we propose a novel unsuper-
vised learning-based framework named the Multi-Modal Distortion Correction
Network (MMDC-Net). We formulate the distortion correction problem as a multi-
modal optimization problem, aiming to minimize the discrepancy between the
opposing phase-encoding (PE) directions of B0 and FOD images using a single,
shared deformation field. Furthermore, we develop a novel multi-modal learning
paradigm for distortion correction, which incorporates modality-aware attention,
intensity correction, and gradient optimization. Specifically, we first introduce
a Modality-Aware Attention Module (MAM) to adaptively emphasize the most
informative multi-modal features. Subsequently, a differentiable intensity cor-
rection unit is employed to correct the intensity bias in B0 images, ensuring
consistent optimization directions across modalities. Finally, PCGrad is intro-
duced to mitigate gradient conflicts arising from multi-modal similarity losses.
Experimental results demonstrate that MMDC-Net achieves superior and more
robust distortion correction performance compared to state-of-the-art methods.

2 Methods

2.1 Susceptibility-Induced Distortion Modeling

In the following, the right-to-left (R/L) or posterior-to-anterior (P/A) PE B0
and FOD images are referred to as positive PE images I+, and the opposite
PE as negative PE images I−. The fundamental assumption underlying this
framework is that the distortion field of each PE image has the same magnitude
but opposite direction [1]. Therefore, the distortion correction problem can be



Susceptibility-Induced Distortion Correction in Diffusion MRI 3

formulated by minimizing the difference between the two deformed images:

ϕ̂ = argmin
ϕ

{
Lsim(I+ ◦ ϕ, I− ◦ ϕ−1)

}
, (1)

where ϕ̂ is the optimal deformation field, I+ ◦ ϕ and I− ◦ ϕ−1 are the deformed
images, Lsim(·, ·) is the similarity measurement. Existing distortion correction
methods only use inputs from one modality for optimization, such as B0 or FOD
images. However, a single-modal optimization objective could learn an incorrect
deformation in regions of missing contrast, resulting in the optimal deformation
field ϕ̂ failing to represent the true distortion field. To fully utilize the B0 and
FOD images, we model the distortion correction problem as minimizing the
difference between positive PE and negative PE of B0 and FOD images with the
same deformation field. Therefore, the multi-modal optimization objective can
be expressed as:

ϕ̂ = argmin
ϕ

{
Lsim(I+

B0 ◦ ϕ, I
−
B0 ◦ ϕ

−1) + Lsim(I+
FOD ◦ ϕ, I−

FOD ◦ ϕ−1)
}
, (2)

where ϕ̂ is the optimal distortion field learned from both B0 and FOD images,
I+
B0 ◦ ϕ and I−

B0 ◦ ϕ−1 are the deformed B0 images, I+
FOD ◦ ϕ and I−

FOD ◦ ϕ−1

are the deformed FOD images.

2.2 Network Architecture

The details of our framework are illustrated in Fig. 1(a). First, we acquire dMRI
data in both PEs and perform eddy current correction using the FSL toolbox [2].
Subsequently, we estimate the FOD image from dMRI using the method based
on a spherical deconvolution framework [14]. The number of FOD components
is set to 6, which has been proven to be adequate [13,12].

Given the significant contrast differences in the FOD and B0 images, our
encoder is designed to separately extract features from each modality. First, B0
and FOD images from positive and negative PE are concatenated into 2-channel
and 12-channel inputs and fed into two encoder branches. As shown in Fig. 1(a),
each convolution block in the encoder consists of a convolution layer with a
kernel size of 3×3×3 and a stride of 2, as well as a LeakyReLU activation layer
with a negative slope of 0.2.

A rigid transformation head is designed to correct the linear misalignment
between two PEs. Specifically, a MLP layer maps the learned feature from the
B0 and FOD images to a set of parameters: µ = (θx, θy, θz, tx, ty, tz), where θ
and t represent the rotation and translation along each respective axis. Then, the
rigid transformation matrix M = Rx ◦Ry ◦Rz ◦T can be calculated from µ, and
converted into a deformation field ϕr. Finally, through the Spatial Transformer
Network (STN) [8], the deformation field ϕr is applied to the negative PE images
to achieve rigid alignment of the subject in both PEs.

The B0 and FOD images in opposite PEs contain complementary features
for correction. However, according to the prior knowledge, the contribution of
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Fig. 1. The proposed pipeline to correct susceptibility-induced distortion in dMRI
data. (a) Detail of the proposed MMDC-Net. (b) Detail of the Modality-Aware Attention
Module. (c) Illustration of the Differentiable Intensity Correction Unit.

different modalities to distortion correction performance varies across brain re-
gions. For example, in the brainstem regions, FOD images provide more relevant
information, while B0 images contribute limited information due to the lack of
anatomical details. Therefore, it is essential to disentangle the multi-modal fea-
tures from the encoder into correction-related and correction-agnostic features,
which allows the model to focus on the most informative features for correction.
Through the layer-wise integration of the Modality-Aware Attention Module
(MAM), our decoder adaptively emphasizes correction-relevant features across
modalities.

As shown in Fig. 1(b), our MAM module first captures features of the en-
coder and decoder and learns a 2-channel attention map. Specifically, we reduce
the channels of the concatenated features to 2 using a convolutional layer. Then,
they are normalized by applying a softmax layer over channel dimensions. The
2-channel attention map p̂i reflects the contribution between modality in each
region to distortion correction, highlighting the importance of correction-related
characteristics and decreasing the attention to correction-agnostic characteris-
tics. The output feature emi+1 can be obtained by multiplying the features with the
attention map. In the final stage of the decoder, a fine convolution layer is used
to generate a 3D distortion field. Since susceptibility-induced distortion occurs
along the PE direction, the distortion field is constrained to be one-dimensional
along the PE direction. Finally, the learned distortion field ϕd is applied to both
PE directions.

2.3 Differentiable Intensity Correction Unit

As shown in Fig. 1(c), the B0 images show significant intensity bias due to
susceptibility-induced distortion, which becomes more severe after transforma-
tion. This leads to intensity inconsistencies between the two PEs and thus im-
pacts the similarity calculation. Conversely, FOD images show no intensity bias.
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Therefore, to ensure consistent optimization for both modalities, it is essential
to correct the intensity distortion in B0 images.

Inspired by Jacobian modulation in conventional methods [1], we propose a
differentiable Intensity Correction (IC) Unit that calculates compensation factors
based on distortion field shifts. It reduces the intensity in signal build-up regions
and increases it in signal loss regions. Using the RL-LR direction distortion as
an example, we compute the coordinate matrices u+

i and u−
i in PE direction:

u+
i (ϕ) = ϕ(xi + 1, yi, zi)− ϕ(xi, yi, zi),

u−
i (ϕ) = ϕ(xi, yi, zi)− ϕ(xi − 1, yi, zi),

(3)

where ϕ is the distortion field. The compensation factor Ji is computed as:

Ji(ϕ) = 1 +
u+
i (ϕ)− u−

i (ϕ)

2
, (4)

where i ∈ Ω and Ω is the whole domain of the image. The corrected image is
obtained by applying the compensation factor J to the B0 image after transfor-
mation: I+

B0 = J(ϕd) · (I+
B0 ◦ ϕd) and I−

B0 = J(ϕ−1
d ) · (I−

B0 ◦ ϕ
−1
d ).

2.4 Loss Function and Optimization

As mentioned above, the optimization objective of our proposed method includes
the similarity of two corrected B0 images LsimB0 and two corrected FOD images
LsimFOD. Additionally, the regularization term Lreg is used to promote smooth-
ness of the distortion field. The mean squared difference (MSD) is selected as
the similarity measure, while the regularization term is defined as the spatial
gradient magnitude: Lreg =

∑
p∈Ω ∥ ∇ϕ(p) ∥2, where p is image voxel position

and Ω is the whole domain of the image.
However, due to the contrast and structural differences between different

modality-specific image pairs, the gradients of the two similarity loss functions
may conflict. To address this, PCGrad [16,19] is used to reduce gradient conflicts
between the similarity losses LsimFOD and LsimB0. Specifically, we compute the
gradient of the two modal losses separately and project one onto the orthogonal
plane of the other to eliminate conflicts, ensuring stable optimization.

3 Experimental Setup and Results

3.1 Experimental Setup

Our method was evaluated on three datasets: HCP, HCP-Aging, and HCLV.
The Human Connectome Project (HCP) [15] dataset contains raw 3T dMRI
scans from RL-LR PEs with an isotropic spatial resolution of 1.25mm. We ran-
domly split the HCP dataset into 550 scans for training and 50 scans for test-
ing. The Lifespan Human Connectome Project Aging (HCP-Aging) dataset [5]
comprises 3T dMRI data (AP-PA PEs) with 1.5mm isotropic spatial resolu-
tion, split into 544 training and 50 testing scans. The Human Connectome for
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Low Vision (HCLV) dataset includes 3T dMRI data (AP-PA PEs) with 1.5
mm isotropic spatial resolution; all 58 subjects served as test data for gen-
eralization. We compared our method with two state-of-the-art conventional
methods topup [1], FODReg [13], and four learning-based methods S-Net [6],
flow-net [17], FD-Net [18], DrC-Net [12]. For all methods, we used their recom-
mended configurations for training and inference.

Our proposed MMDC-Net was trained using the PCGrad optimizer with a
learning rate of 1e−4, a weight parameter λsim of 1e−2, and a regularization
parameter λreg of 5e−4. We trained our model for 500 epochs with 100 steps per
epoch. The implementation and testing of our method were carried out on an
NVIDIA Tesla V100 SXM2 GPU using the PyTorch backend.

We evaluated the distortion correction performance of our method using two
metrics: mean squared difference (MSD) of fractional anisotropy (FA) from the
tensor model and minimum angular difference (MAD) between the major fiber
directions of opposite PEs. The angular difference is defined as the minimum
angle between the main fiber of the positive PE FOD and the top three fibers
of the negative PE FOD. The whole white matter (wm) region was used as an
ROI to measure the overall correction performance. Additionally, we particularly
focused on brain regions with significant residual distortion after correction,
including the brainstem, orbitofrontal cortex (ofc), and corpus callosum (cc).
We segmented the ROIs from the T1 image using FreeSurfer 6.0 [7], and then
linearly registered them to dMRI space for analysis.

3.2 Results

Fig. 2. The quantitative results evaluated on four ROIs. The top row is the result of
HCP data and the bottom row is the result of HCP-Aging data. The left box plots
show the results on MAD, while the right box plots are MSD results.

Fig. 2 shows the correction results comparing our proposed MMDC-Net with
other SOTA methods. Besides the MSD in the cc region in the HCP-Aging
dataset for DrC-Net, the results from MMDC-Net were statistically different from
those of the other compared methods in terms of a Wilcoxon test (p < 0.05). This
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indicates that our method not only performed superiorly in severely distorted
brain regions but also provided excellent correction effects across the entire im-
age. Furthermore, the results demonstrated the ability of our method to correct
dMRI data with different phase-encoding directions and different resolutions.

Fig. 3. Distortion correction effects are shown in the FOD images in the brainstem
region. The blue box indicates the location of the ROI in the first component of the
FOD image.

We visualize the corrected FOD of both PEs in Fig. 3. It can be seen that
even after applying existing correction methods, the fiber bundle trajectories
generated from the two PEs remain internally irregular, which could lead to in-
correct analysis. Specifically, for the HCP example above, the left-right direction
offset between the two PEs still exists after correction by existing methods, es-
pecially topup, S-Net, flow-net, and FODReg. Furthermore, although DrC-Net
corrects the positional offset, it introduces significant irregularities and noise
within the fiber bundles. For the following HCP-Aging example, some methods
also suffer from insufficient deformation, especially in the negative PE. In con-
trast, MMDC-Net corrected the distortion of the two PEs completely, resulting in
clear and regular fiber bundle trajectories in the brainstem region.

3.3 Generalizability Analysis

To evaluate the generalization of our MMDC-Net, we trained all learning-based
methods on HCP-Aging data and tested on HCLV data. As shown in Table 1,
our method outperformed other learning-based and conventional methods with
results comparable to DrC-Net, which demonstrates the generalization and ro-
bustness of our method.
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Table 1. Generalizability analysis for distortion correction methods in HCLV data.
For learning-based methods S-Net, flow-net, FD-Net, DrC-Net and our MMDC-Net, we
trained on HCP-Aging data and tested on HCLV data. For conventional methods topup
and FODReg, we used the default parameter settings. Bold values indicate the best
results.

MAD ↓ MSD (×10−2) ↓

pons ofc cc wm pons ofc cc wm

topup 12.75±1.92 9.67±1.22 7.06±1.06 10.98±0.44 2.18±0.58 1.08±0.21 0.98±0.21 0.67±0.09
FODReg 11.82±2.14 9.10±1.23 6.24±0.97 7.20±0.39 1.84±0.53 0.85±0.16 0.85±0.17 0.55±0.06

S-Net 21.61±11.04 18.73±6.31 8.50±4.07 10.72±0.72 5.20±1.38 3.94±0.51 6.03±1.05 3.53±0.16
flow-net 16.36±3.89 13.19±4.11 9.73±3.55 14.05±1.65 2.72±0.70 1.49±0.51 6.45±2.44 1.32±0.41
FD-Net 15.87±3.34 11.98±3.37 8.89±2.97 12.74±1.72 2.65±0.68 1.41±0.44 5.57±2.31 1.28±0.37
DrC-Net 9.88±1.20 7.21±0.79 6.67±0.99 6.40±0.37 0.87±0.21 0.49±0.08 0.67±0.16 0.29±0.04
MMDC-Net 8.85±1.66 6.91±1.28 6.36±2.34 6.47±0.37 0.67±0.18 0.54±0.12 0.51±0.10 0.36±0.03

Table 2. Ablation study of input modality and components of the framework in HCP
dataset. The MAD and MSD metrics in different ROIs are reported. Bold values indi-
cate the best results. * denotes the baseline model. Components are added cumulatively
to the baseline.

MAD ↓ MSD (×10−2) ↓

pons ofc cc wm pons ofc cc wm

B0* 15.06±3.82 9.94±6.15 8.66±1.95 11.77±0.77 2.6±0.7 2.0±1.0 1.2±0.4 1.3±0.2
FOD* 9.19±2.58 11.17±2.67 6.83±1.80 9.08±0.84 1.6±0.6 3.1±0.5 1.3±0.4 0.9±0.2
(B0+FOD)* 9.87±2.68 10.49±2.15 6.43±1.40 9.11±0.78 1.6±0.6 2.8±0.5 1.1±0.3 0.9±0.2

+MAM 9.01±2.18 7.64±1.40 5.86±1.08 8.99±0.94 1.3±0.4 1.4±0.3 0.9±0.4 0.7±0.2
+IC Unit 9.11±2.64 7.54±1.37 5.65±0.90 8.90±0.67 1.2±0.4 1.1±0.3 0.9±0.4 0.7±0.2
+PCGrad 9.04±2.28 7.11±1.29 5.64±0.80 8.69±0.79 0.9±0.3 0.9±0.2 0.7±0.3 0.5±0.1

3.4 Ablation study

As shown in Table 2, we investigated the impact of input modalities on distor-
tion correction. For a fair comparison, a baseline was established to accommodate
multi-modal inputs, retaining the rigid transformation head and replacing MAM
with a series of convolutional blocks. The results show that using only the B0 im-
age partially corrected distortions in the white matter and orbitofrontal regions,
while using only the FOD image improved correction in specific regions such as
the pons in the brainstem. However, simply concatenating B0 and FOD images
did not yield better results, as it did not effectively utilize the complementary
information between the two modalities. Our paradigm gradually improved over-
all correction performance. However, introducing the IC unit increased MAD in
the pons region, which was attributed to low B0 image intensity and severe
distortion in this region.

4 Discussion and Conclusion

We propose an unsupervised learning-based method to correct susceptibility-
induced distortion in dMRI data. Unlike prior works that use only B0 or FOD
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images, we establish a multi-modal correction paradigm to fully extract com-
plementary information across modalities and ensure stable convergence. Our
proposed MAM efficiently extracts the correction-related features and explicitly
reveals the contribution of B0 and FOD images for distortion correction. More-
over, IC Unit and PCGrad resolve the multi-modal conflicts during optimization.

Although our proposed method achieves superior correction accuracy, it in-
curs higher computational overhead compared to B0-only methods due to the
required eddy current correction and FOD reconstruction steps. Notably, several
fast deep learning-based tools for these preprocessing steps have been developed
in recent years, which have significantly reduced this computational burden and
made our pipeline feasible for large-scale neuroimaging studies.

We hope that this unified multi-modal framework will offer valuable insights
and pave new directions for susceptibility distortion correction in dMRI.
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