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Abstract. Minor artifacts introduced during image acquisition are of-
ten negligible to the human eye, such as a confined field of view resulting
in MRI missing the top of the head. This cropping artifact, however, can
cause suboptimal processing of the MRI resulting in data omission or
decreasing the power of subsequent analyses. We propose to avoid data
or quality loss by restoring these missing regions of the head via varia-
tional autoencoders (VAE), a deep generative model that has been previ-
ously applied to high resolution image reconstruction. Based on diffusion
weighted images (DWI) acquired by the National Consortium on Alcohol
and Neurodevelopment in Adolescence (NCANDA), we evaluate the ac-
curacy of inpainting the top of the head by common autoencoder models
(U-Net, VQVAE, and VAE-GAN) and a custom model proposed herein
called U-VQVAE. Our results show that U-VQVAE not only achieved the
highest accuracy, but also resulted in MRI processing producing lower
fractional anisotropy (FA) in the supplementary motor area than FA de-
rived from the original MRIs. Lower FA implies that inpainting reduces
noise in processing DWI and thus increase the quality of the generated
results. The code is available at https://github.com/RdoubleA/DWI-
inpainting.

1 Introduction

Diffusion MRI, or diffusion weighted imaging (DWI), is widely used to investi-
gate white matter integrity and structural connectivity between brain regions.
Studies based on DWI have revealed disruption in structural networks associated
with stroke, brain tumors, neurodegenerative disorders (such as multiple scle-
rosis), and neuropsychiatric disorders (e.g., schizophrenia) [1]. Despite its wide
usage, DWI is plagued by numerous signal artifacts that require extensive pre-
processing, such as eddy currents, susceptibility distortion, signal dropout, and
motion artifacts [2]. Additionally, part of the brain can be cut off in the image
(as shown in Figure 1) due to improper positioning of the subject, limitations in
slice acquisitions and prescription, or subject repositioning during a scan session.
This cropping artifact can frequently occur in prospective longitudinal studies for
investigating neurodevelopment during childhood and adolescence, where imag-
ing acquisition protocols (e.g., field of view) are optimized based on the baseline
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visits of subjects and then become suboptimal when the head size increases in
later visits. The cropping not only results in missing information, but also in-
fluences subsequent preprocessing steps such as inter-subject or cross-modality
registration that heavily relies on image boundary information [3]. These mis-
alignments can adversely affect the followup group analysis on regional DWI
measures leading to spurious findings.

Correcting for cropped brain regions can be addressed by image inpainting
methods [4]. The goal of image inpainting is to predict missing data in corrupted
regions based on information from the rest of the image. For example, patch-
based methods find candidate replacement patches in the undamaged parts of
the image to fill in corrupted regions using matrix-based approaches [5–7] and
texture synthesis [8]. Other examples are diffusion-based methods propagating
information to corrupted regions from its neighboring areas via interpolation
[9, 10]. While these methods have shown promising results, they rely on local
image properties, often resulting in reconstructions that ignore global context
and thus produce unrealistic looking MRIs [11].

The global context can be learned by deep learning methods trained on large
datasets. For example, fully convolutional networks based on the U-Net archi-
tecture [12–14] use skip connections to propagate multiscale features to fix the
image appearance in the missing regions [15–18]. The U-Net architecture can be
further augmented by deep generative models, such as variational autoencoders
(VAE) [19]), which first learn a latent distribution explicitly capturing multiscale
structures before generating the missing image data. Vanilla VAEs have been
implemented for image denoising and inpainting [20], but their low-dimensional
latent distribution tend to omit high-frequency features resulting in blurry im-
ages [21]. Significant improvement of reconstruction fidelity can be achieved by
vector quantized VAEs (VQVAEs) [22,23]. For example, VQVAE (with skip con-
nections similar to U-Net) have accurately reconstructed T1-weighted structural
MRIs [24] but their prediction accuracy on cropped image regions still needs to
be tested.

Here, we experiment with several deep generative modeling approaches to re-
pair cropping artifacts in DWI acquired by the longitudinal study National Con-
sortium on Alcohol and Neurodevelopment in Adolescence (NCANDA). Based
on DWI that were cropped by us (i.e, the ground truth is known), we compare
the inpainting accuracy of U-VQVAE, which combines aspects of U-Net and
VQVAE, to U-Net, VQVAE and VAE-GAN [25]. VAE-GAN incorporates an
adversarial discriminator network and has previously been applied to image re-
construction. On the real data (i.e., image acquisition caused cropping), we then
highlight the improvement of processing based on the inpainted DWIs by com-
puting fractional anisotropy (FA) in regions affected by the cropping. Compared
to the regional FA from the original DWI, FA derived based on the inpainted
DWI were lower, indicating a reduction in noise in the image processing pipeline.
These results demonstrate the utility of autoencoder models for repairing crop-
ping artifacts in multishell diffusion MRI and improving signal-to-noise ratio in
downstream processing steps. More important, they also provide us with a tool
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for restoring parts of the brain in MRIs that are cut off due to improper subject
positioning or suboptimal field-of-view.

2 Methods

Since the U-Net architecture has been extensively discussed in prior studies, we
focus on describing the U-VQVAE architecture. From that, VQVAE and VAE-
GAN are derived. After that we introduce the dataset used for training the
models and the metrics used for evaluation.

2.1 Model Architecture

U-VQVAE reconstructed cropped DWI by leveraging the generative modeling
capabilities of the VAE architecture. VAE [19] consists of an encoder φ and a
decoder network ψ. The encoder models a posterior distribution p(z|x) of the
latent random variable z given the input DWI image x, and the decoder mod-
els p(x|z), the likelihood of input image given z. Typically, z is assumed to
be normally distributed N (0, 1), but VQVAEs [22, 23] model z with a collec-
tion of embedding vectors E ∈ RK×D, where K is the predefined number of
embedding vectors and D is the predefined dimensionality of each embedding
vector ek ∈ RD, k ∈ {1, 2, . . . ,K}. In our model, we set K = 512 and D = 32.
We assume that the encoder first reduces the input x to a 3D volume of J
voxels before entering the latent space, with the jth voxel characterized by a
D-dimensional vector zje (D channels). The encoder φ then further incorporates
a quantization that maps each zje to the nearest vector in the embedding space
E = {e0, . . . , eK−1}. Then the final embedded latent representation zj follows
a categorical posterior distribution:

q(zj = eτ |x) =

{
1 for τ = argmink‖zje − ek‖2
0 otherwise

(1)

In other words, quantization ensures that the decoder uses discrete vectors from
the embedding for a high-resolution reconstruction instead of a fuzzy encoding
created by the encoder alone. The embedding space is not predetermined, but
instead is learned through back propagation with exponential moving average
as described in [22].

The loss function for the U-VQVAE model consisted of an image reconstruc-
tion loss, a codebook loss, and a commitment loss. The image reconstruction loss
is defined by the Mean Squared Error between the input of the encoder x, i.e, the
cropped MRI, and the ground-truth x′, i.e, the MRI without cropping. In other
words the loss is ‖x′ − ψ(φ(x))‖2, which is dependent on both the encoder and
decoder networks. The codebook loss uses the l2 error to encourage the embed-
ding vectors in E to move closer towards the learned features zje; i.e, it ensures
that the discrete embedding accurately reflects the compressed representation of
the image learned by the encoder. Defining sg(·) as the stop-gradient operation
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Fig. 1: Architecture of the U-VQVAE model

and ejτ as the final embedded vector that matches zje (Eq. 1), this loss term is

defined by
∑J
j=1 ‖sg(zje)−ejτ‖22. The commitment loss also relies on the l2 error

to encourage zje to converge to the embedding vectors. This loss term is defined

by
∑J
j=1 ‖zje − sg(ejτ )‖22, which is only dependent on the encoder. Let β = 6 be

the weight associated with the commitment loss and α = 1 the weight of the
codebook loss, the objective function associated with an input image x is then
defined as

L(x,E) := ‖x′ − ψ(φ(x))‖2 +

J∑
j=1

(
α‖zje − sg(ejτ )‖22 + β‖zje − sg(ejτ )‖22

)
(2)

The encoder network of the model (see also Figure 1) consists of four convo-
lutional layers, where each layer downsampls the DWI by a factor of two. The
decoder network of the model is defined by four transpose convolutional layers,
where each layer upsamples the compressed representation by a factor of two.
ReLU activations are used in every layer. All convolutional layers have kernel
size 4× 4× 4, a stride of 2, and padding of 1.

With regard to the other three models, the U-Net model is implemented as
in [13] except with 4 filters in the first convolutional layer as opposed to 64.
This modification can effectively reduce the model size so that the batch size
can be increased. U-Net uses only the reconstruction loss without the codebook
and commitment loss. The VQVAE model removes the skip connections on every
level in the U-VQVAE. The VAE-GAN model uses the same U-VQVAE architec-
ture with additional batch normalization layers as a generator and adds a fully
convolutional patch-wise discriminator classifier [14] in an adversarial setup. Ad-
ditionally, it produces less blurry reconstructions by replacing the voxel-wise l2
reconstruction loss with the l2 error between real and generated image represen-
tations in the third convolutional layer of the discriminator network [25].

2.2 Dataset and Evaluation Metrics

We first trained and tested the model on an artificially cropped dataset, which
was based on the b0 and b1000 DWIs of 824 subjects from NCANDA without
cropping artifacts (Public Release: NCANDA PUBLIC BASE DIFFUSION V01)
and of 100 subjects from the Human Connectome Project (HCP) [26,27]. Images
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Model
Whole Cropped

SSIM PSNR MSE Gradient SSIM PSNR MSE Gradient

U-VQVAE 0.9973 49.8733 1.089e-5 0.0209 0.9679 30.7809 8.535e-5 0.0041
VQVAE 0.8467 32.0512 5.437e-4 0.0064 0.9279 28.4808 1.449e-4 0.0034
U-Net [13] 0.9959 49.4796 1.152e-5 0.0210 0.9638 30.6117 8.723e-5 0.0039
VAE-GAN 0.8074 30.6311 2.919e-3 0.1206 0.8036 21.7169 2.348e-3 0.2033

Table 1: Model performance evaluated by various image quality metrics on both
the entire image and only the cropped regions. Amount of cropping was fixed to
12.5%, similar to the training data. PSNR is measured in dB.

from HCP were downsampled to 96×96×64 to match the resolution of NCANDA
images. All images were normalized to the range 0-1 to minimize influence from
variation in voxel intensities in the training the models. The training data was
further augmented by randomly rotating images ten degrees in either direction
for every axis and translating 10 voxels in the two directions of the axial plane.
This resulted in a dataset of 420,487 MRI, 236,291 MRIs from NCANDA and
184,196 MRIs from HCP. The MRIs consisted of 93,467 b0 volumes and 327,020
b1000 volumes. 80% of the dataset was used for training and 20% for testing.

The optimal model was determined by its capability of inpainting DWI
cropped by us. Specifically, training MRIs were cropped eight slices (or 12.5%)
from the top before being analyzed by the model. This amount of cropping re-
flected the average cropping across the real corrupted MRIs of the NCANDA
dataset. Models were trained on a single NVIDIA Tesla V100-SXM2 32 GB GPU.
The Adam optimizer was used with a learning rate of 0.001. The batch size was
set to 128 DWI images for all models. To measure the inpainting accuracy, we
applied the models to the artificially cropped MRIs of the testing data and
compared the reconstruction to the ground-truth via Structural Similarity [28],
Peak Signal-to-Noise Ratio (PSNR), and Mean-Squared Error (MSE). We also
computed the average image spatial gradient as an indicator of how well mod-
els recreated high-frequency details. Separately, these metrics were calculated
confined to the eight cropped slices.

Using the optimal model derived by these metrics, we evaluated the impact
of inpainting on downstream processing steps. The experiment was based on the
DWI sequences of 13 adolescents at their followup visits (from Year 2 to Year
6) of the NCANDA dataset. These DWIs were labelled as ‘unusable’ by the
NCANDA quality assurance protocol [29] due to the field of view not being able
to capture the entire head anymore (top of the brain is cut off, see also Fig. 1) as
it increased in size compared to the baseline. To show the impact of inpainting,
we registered the FA maps of the DWI to the SRI24 atlas space [30] based on
either the real b0 volumes with cropping artifacts or the inpainted volumes. We
then analyzed the differences in FA in between those two FA maps to evaluate
the influence from the inpainting.
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Fig. 2: Example b0 and non-b0 original and inpainted images for each model.
Each row is a different view of the image with the bottom half zoomed in on the
cropped region.

3 Results and Discussion

3.1 Evaluation on artificially cropped B0 MRIs of DWI

The accuracy scores for each model on the artificially cropped dataset are listed
in Table 1. While VAE-GAN achieved the highest mean image gradient among
the models, it also recorded the lowest PSNR. This is likely due to the relatively
high level of noise levels shown in the inpainted images from this model in Fig-
ure 2 (compared to those from U-VQVAE). The increased noise may have been
introduced by adversarial training of the generator with the discriminator net-
work, which may have conflicted with reconstruction of intact slices of the image
through the generator’s skip connections. Across all other metrics, U-VQVAE
performed the best. As expected, image quality metrics for U-VQVAE were much
better than those for VQVAE, indicating the importance of including skip con-
nections. This is also supported by U-Net’s high SSIM and PSNR, which nearly
rivals U-VQVAE. To determine whether U-VQVAE had statistically higher re-
construction fidelity than U-Net, we performed a two-sample t-tests on U-Net’s
and U-VQVAE’s mean SSIM and PSNR for both whole image and cropped parts.
U-VQVAE’s increase in accuracy compared to U-Net was statistically significant
in all four cases (i.e, p < 0.001; p-values were one-sided and FDR corrected).
These results demonstrate that U-VQVAE was the most accurate model for
reconstructing cropped regions informed by the image’s global structure.
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(a) (b) (c)

Fig. 3: (a) The Supplementary Motor Area overlaid with the SRI24 atlas; (b)
Average FA at different axial slices of the 13 NCANDA DWI sequences with
cropping artifacts; (c) Difference in average FA derived by registrations based
on either cropped or inpainted b0 volumes

3.2 Impact on Downstream Preprocessing

This section highlights the potential usage of our proposed inpainting method
by U-VQVAE in analyzing NCANDA data, which in part studies the white mat-
ter microstructural development during adolescence. The DWI sequence of each
of the 13 subjects used in this experiment was preprocessed by the publicly
available NCANDA image processing pipeline [29], which included bad single
shots removal, echo-planar structural distortion correction, eddy-current correc-
tion, rigid alignment for motion correction, and skull stripping. The Fractional
Anisotropy (FA) map was estimated by CAMINO [31].

Performing population-level analysis on the FA maps requires aligning them
to a single template. The alignment was performed by non-rigidly registering the
b0 volume to the subject T2w image, which was then non-rigidly registered to
the SRI24 atlas [30] (Fig. 3a). This alignment was potentially corrupted at the
top of the skull, specifically in the Supplementary Motor Area (SMA, Fig. 3a),
due to the cropping artifact. We show this by repeating the registration using the
inpainted b0 volumes. Fig. 3c shows the difference in the average FA of SMA at
different axial slices (slice 114 to 137) derived by the two registration approaches.
We can see that while the two registrations resulted in similar FA in lower axial
slices (slice < 118) and outside the brain (slice > 134), the registration based
on inpainted b0 volumes generated lower FA at slice 118 to 133. This difference
was more pronounced at slice 122 to 129, regions most severely impacted by the
cropping, despite the average FA value decreased in magnitude at these slices
(Fig. 3b). This indicated that our inpainting could potentially improve the power
of group-level analysis on the FA measures as higher FA estimates are generally
associated with greater noise or larger artifacts within the data [32].



8 R. Ayub et al.

4 Conclusion

In this study, we presented a vector quantized variational autoencoder archi-
tecture that is capable of repairing cropping artifacts in multi-shell diffusion
weighted images for the first time. The images inpainted by our model exhibited
higher fidelity as measured by various image quality metrics than other landmark
models widely used in image reconstruction. Most importantly, images inpainted
by our model yielded FA maps with lower FA values in areas previously impacted
by the cropping artifact, indicating a reduction in noise in the image processing
pipeline and demonstrating that our inpainting can improve the power of group-
level analyses. Future directions of our modeling approach could include training
with varied levels of cropping to improve model robustness and generalizing the
model to other MR imaging modalities.
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