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Cochlear implants (CIs) are surgically implanted neural prosthetic devices that are used to treat severe-
to-profound hearing loss. These devices are programmed post implantation and precise knowledge of the
implant position with respect to the intra cochlear anatomy (ICA) can help the programming audiologists.
Over the years, we have developed algorithms that permit determining the position of implanted elec-
trodes relative to the ICA using pre- and post-implantation CT image pairs. However, these do not extend
to CI recipients for whom pre-implantation CT (Pre-CT) images are not available. This is so because post-
operative images are affected by strong artifacts introduced by the metallic implant. To overcome this
issue, we have proposed two methods to segment the ICA in post-implantation CT (Post-CT) images, but
they lead to segmentation errors that are substantially larger than errors obtained with Pre-CT images.
Recently, we have proposed an approach that uses 2D-conditional generative adversarial nets (cGANSs)
to synthesize pre-operative images from post-operative images. This permits to use segmentation algo-
rithms designed to operate on Pre-CT images even when these are not available. We have shown that it
substantially and significantly improves the results obtained with methods designed to operate directly
on post-CT images. In this article, we expand on our earlier work by moving from a 2D architecture to a
3D architecture. We perform a large validation and comparative study that shows that the 3D architec-
ture improves significantly the quality of the synthetic images measured by the commonly used MSSIM
(Mean Structural SIMilarity index). We also show that the segmentation results obtained with the 3D ar-
chitecture are better than those obtained with the 2D architecture although differences have not reached
statistical significance.

© 2019 Elsevier B.V. All rights reserved.

1. Introduction

propriate signals to each of the implant’s electrode. The efficacy
of the CI programming is sensitive to the spatial relationship be-

The cochlea is a component of the inner ear. It is a spiral-
shaped cavity located inside the bony labyrinth that contains two
main cavities: the scala vestibuli and the scala tympani. The modi-
olus is a porous bone around which the cochlea is wrapped that
hosts the cochlear nerve and the spiral ganglions. These structures,
which are the ones this article focuses on, are shown in Fig. 1 and
will be referred together as ICA (Intra Cochlear Anatomy) struc-
tures. Cochlear implants (CIs) are surgically implanted neural pros-
thetic devices that are used to treat severe-to-profound hearing
loss (National Institute on Deafness and Other Communication Dis-
orders, 2011). CIs bypass the normal acoustic hearing process by
replacing it with direct stimulation of neural pathways using an
implanted electrode array. After implantation Cls are programmed
by audiologists who adjust a processor’s settings to send the ap-
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tween the CI electrodes and ICA structures. Providing accurate in-
formation about the position of the contacts with respect to these
structures can thus help audiologists to fine-tune and customize CI
programming (Noble et al.,, 2013). To provide this information we
have developed a number of algorithms that permit determining
the position of implanted electrodes relative to the ICA using pre-
and post-implantation CTs.

Pre-implantation CT (Pre-CT) images and post-implantation CT
(Post-CT) images of the ear are acquired before and after the
surgery, respectively. The CI electrodes are localized in the Post-
CT images using the automatic methods proposed by Zhao et al.
(2018, 2019). It is difficult to directly localize the ICA in the Post-
CT images due to the strong artifacts produced by the metallic CI
electrodes. The ICA is thus localized in the Pre-CT images and the
position of the CI electrodes relative to the ICA is obtained by reg-
istering the Pre-CT images and the Post-CT images. In order to lo-
calize the ICA in the Pre-CT images, where the ICA is only partially
visible, Noble et al. (2011) have developed a method, which we
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Fig. 1. An illustration of intra cochlear anatomical structures and CI electrodes.

refer to as PreCTseg for Pre-CT Segmentation. PreCTseg relies on a
weighted active shape model created with high-resolution microCT
scans of the cochlea acquired ex-vivo in which ICA structures are
visible. The model is fitted to the partial information available in
the Pre-CT images and used to estimate the position of structures
not visible in these images.

This approach does not extend to CI recipients for whom a Pre-
CT image is not available, which is the case for long-term recip-
ients who were not scanned prior to surgery, for recipients for
whom images cannot be retrieved, or for recipients implanted at
institutions that use pre-operative MR images instead of CT im-
ages. To overcome this issue, Reda et al. (2014a, b) have pro-
posed two methods to segment the ICA in Post-CT images. The first
method, which we refer to as PostCTseg1 for Post-CT Segmentation
unilateral, was developed for segmenting ICA structures in Post-
CT images of CI recipients who have been implanted unilaterally
(Reda et al., 2014a). PostCTseg1 relies on the intra-subject symme-
try in cochlear anatomy across ears. It first segments the ICA of
the contralateral normal ear and then maps the segmented struc-
tures to the implanted ear. The second method, which we refer to
as PostCTseg2 for Post-CT Segmentation bilateral, was developed
for segmenting ICA structures in Post-CT images of CI recipients
who have been implanted bilaterally (Reda et al., 2014b). PostCT-
seg? first identifies the labyrinth in the Post-CT image by map-
ping a labyrinth surface that is selected from a library of labyrinth
surfaces, and then uses the localized labyrinth in the image as a
landmark to segment the scala tympani, the scala vestibuli, and
the modiolus with a standard shape model-based segmentation
method.

But, while using these methods it was observed that they could
at times lead to results that lacked accuracy compared to other
components of the processing pipeline on which we rely to pro-
vide programming guidance to the audiologists. For instance, we
can localize contacts in electrode arrays with an average accuracy
better than 0.15mm (Zhao et al,, 2018, 2019) when the segmenta-
tion error of PostCTsegl applied to the unilateral cases, which we
refer to as IU for Implanted Unilaterally, included in this study is
0.26 mm. The segmentation error of PostCTseg2 applied to the bi-
lateral cases, which we refer to as IB for Implanted Bilaterally, is
larger and reaches 0.44 mm. These observations led us to explore
ways to improve our segmentation accuracy.

Generative adversarial nets (GANs) (Goodfellow et al., 2014)
have been applied to various computer vision tasks and have
produced impressive results. In particular, conditional generative
adversarial networks (cGANs) (Mirza and Osindero, 2014) have
emerged as a general-purpose solution to image-to-image trans-
lation problems. Inspired by these, we proposed an alternative for
localizing the ICA in the Post-CT images (Wang et al., 2018). First
we train 2D-cGANs introduced by Isola et al. (2017) to synthesize

artifact-free images from the Post-CT images, i.e., we train a net-
work whose input is a 2D slice in a volume in which the arti-
facts are present and whose output is the corresponding synthetic
artifact-free image. Once this is done for all slices, the synthetic 2D
images are stacked to each other and the PreCTseg method is ap-
plied to the synthetic volume. Results obtained with the PreCTseg
method on the synthesized volumes and the real pre-CT volumes
can then be compared to assess the efficacy of the artifact removal
method. In this earlier study performed on 74 ears we show that
this approach produces segmentation errors that are about half the
segmentation errors that was obtained with the methods designed
to operate on the post-operative images. In this article, we increase
the size of our testing dataset to 124 ears and we explore ways to
improve our method further by (1) using a 3D architecture rather
than a 2D architecture and (2) modifying the training objective of
the 3D-cGANs, which is a sum of an adversarial loss and a L1 re-
construction loss. The quality of the artifact-corrected images is
evaluated quantitatively by computing the surface error between
the segmentations of the ICA obtained with PreCTseg applied to
the real Pre-CT images and to the artifact-corrected CT images. We
further validate our method by comparing the ICA obtained with
PreCTseg applied to the artifact-corrected CTs and those which are
obtained with PostCTseg1 and PostCTseg2 directly applied to the
Post-CT images. Finally, as is commonly done to assess the qual-
ity of images, we compare the mean structural similarity index
(MSSIM) (Wang et al., 2004) between the real images and the syn-
thetic images obtained with the 2D and 3D architectures.

Table A in the Appendix provides a list of abbreviations used
throughout this work.

2. Material and methods
2.1. Training objectives

2.1.1. Adversarial loss

Typically, GANs are implemented by a system of a generative
network (G) and a discriminative network (D) that are compet-
ing with each other. G learns a mapping between a latent space
and a particular data distribution of interest, while D discriminates
between instances from the true data distribution and candidates
produced by G. The training objective of G is to increase the error
rate of D, i.e., to fool D by producing synthesized candidates that
appear to come from the true data distribution (Goodfellow et al.,
2014). cGANs are a special case of GANs in which both G and D
are conditioned on additional information that is used to direct
the data generation process. This makes cGANs suitable for image-
to-image translation task, where G is conditioned on an input im-
age and generates a corresponding output image (Mirza and Osin-
dero, 2014; Isola et al., 2017).

For our purpose, which is to eliminate the artifacts produced by
the CI, we use cGANs that are conditioned on the artifact-affected
Post-CT images. G thus produces an artifact-free image G(x) from a
Post-CT image x, and G(x) should not be distinguishable from the
real artifact-free Pre-CT image y by D, which is trained to do as
well as possible to detect G’s “fakes”. The output of D can be inter-
preted as the probability of an image to be generated by G rather
than a true Pre-CT image. Therefore, the training objective of D is
to assign a high value to G(x) and a low value to y. Conversely, the
training objective of G is to fool D to assign a low value to G(x)
and a high value to y. Thus, the adversarial loss of the cGANs can
be expressed as:

Lean (G, D) = mGin mgxIEx,y[log(D(x, )l
+Ex[log(1 — D(x, G(x)))] (1)



J. Wang, J.H. Noble and B.M. Dawant/Medical Image Analysis 58 (2019) 101553 3

2.1.2. Reconstruction loss

Previous research suggests that it is beneficial to mix the adver-
sarial loss with a more traditional reconstruction loss, such as the
L1 distance between G(x) and y (Isola et al., 2017), which is defined
as:

Ly, (G) = Exy[lly = G |l1] (2)

For our ultimate purpose, which is to localize the ICA in the
Post-CT images, we are more concerned about the quality of the
image content in the small region that encompasses the cochlea
than in the other regions in an artifact-corrected CT, therefore we
assign a higher weight to the voxels inside this region when calcu-
lating the L1 loss. To do so, we first create a bounding box that en-
closes the cochlea. With the number of voxels inside the bounding
box equal to Nj, and the number of voxels outside of the bound-
ing box equal to Ny, we assign weights to the voxels inside and
outside of the bounding box that are equal to (N, + Nout)/Ny;, and
1, respectively. The weighted L1 (WL1) loss can then be expressed
as shown in Eq. (3):

L, (G) = Exy[IW o (y = G(xX)|I;] (3)

in which W is the weighting matrix and o is the element-wise
multiplication operation.

2.1.3. Total loss
The total loss can be expressed as a combination of the adver-
sarial loss and the reconstruction loss:

L =arg mGin mbalx Leean (G, D) + aLwy, (G) (4)
wherein « is the weight of the WL1 term.

2.2. Architecture of the 3D-cGANs

Fig. 2 shows the architecture of our 3D-cGANs. The generator
is a 3D network which consists of 3 convolutional blocks followed
by 6 ResNet blocks (He et al., 2016), and another 3 convolutional
blocks (Fig. 2, the sub-network on the left). As is done in Isola et al.
(2017), dropout is applied to introduce randomness into the train-
ing of the generator. The input of the generator is a 1-channel 3D
Post-CT image, and the output is a 1-channel 3D synthetic Pre-CT
image. The discriminator is a fully convolutional network (Fig. 2,
the sub-network on the right) that maps the input, which is the
concatenation of a Post-CT image and the corresponding Pre-CT
image (or a Post-CT image and the synthetic Pre-CT image), to a
3D array d, where each d; ;i captures whether the (i, j, k)-th 3D
patch of the input is real or fake. The ultimate output of the dis-
criminator is a scalar obtained by averaging d.

3. Experiments
3.1. Dataset

Our dataset consists of Post- and Pre-CT image volume pairs of
252 ears, all these CT volumes have been acquired with the Cls re-
cipients in roughly the same position. 24 Post-CT images and all
of the 252 Pre-CT images were acquired with several conventional
scanners referred to as cCT scanners (GE BrightSpeed, LightSpeed
Ultra; Siemens Sensation 16; and Philips Mx8000 IDT, iCT 128, and
Brilliance 64). The other 228 Post-CT images were acquired with a
low-dose flat-panel volumetric CT scanner referred to as ICT scan-
ner (Xoran Technologies xCAT® ENT). The typical voxel size is and
0.25 x 0.25 x0.3mm? for the cCT images, and 0.4 x 0.4 x 0.4 mm?3
for the ICT images. The 252 ears are randomly partitioned into a
set of 90 ears for training, 25 ears for validation, and 137 ears for
testing. After random assignment, there are 13 bilateral cases for

Table 1

The number of ears and the type of CT scanner used to acquire the images in
the training, validation, and testing sets. “ICT-cCT” denotes that the ear has been
scanned by the ICT scanner postoperatively and a cCT scanner preoperatively, and
“cCT-cCT” denotes that the ear has been scanned by a cCT scanner postoperatively
and preoperatively.

Usage Total number of the ears Number of Post- and Pre-CT pairs
ICT-cCT cCT-cCT
Training 90 82 8
Validation 25 21 4
Testing 124 88 IB ears 78 10
36 IU ears 34 2

which one ear has been assigned to the training (or validation) set
and the other ear has been assigned to the testing set, the 13 ears
of such cases are removed from the testing set so that no image
from the same patient are used for both training and testing. De-
tails about our image set can be found in Table 1.

The Pre-CT images are registered to the Post-CT images using
intensity-based affine registration techniques (Wells et al., 1996;
Maes et al., 1997). The registrations have been visually inspected
and confirmed to be accurate. We apply image augmentation to
the training set by rotating each image by 20 small random angles
in the range of —10 and 10° about the x-, y-, and z-axis, such that
60 additional training images are created from each original image.
This results in a training set that is expanded to 5490 vol.

Because in our dataset the typical voxel size of the Post-
CT images is 0.4 x 0.4 x 04 mm?, we first resample the CTs to
0.4 x 0.4 x 0.4 mm3, so that all of the images have the same res-
olution. 3D patch pairs that contain the cochlea are cropped from
the Pre- and Post-CT images, i.e., paired patches contain the same
cochlea; one patch with and the other without the implant (Fig. 3).
The size of the patches is 38.4 x 38.4 x 38.4 mm> (96 x 96 x 96
voxels). Each patch is clamped to the range 0.1-th-99.9-th per-
centiles of its intensity values. Then the patches are rescaled to
the —1 to 1 range.

3.2. Optimization and inference

Our PyTorch implementation of the 3D-cGANs is adapted from
the 2D implementation provided by Zhu et al. (2017). « introduced
in Eq. (4) is set to its default value 100. In practice, the cochlea
is at the center of each 3D patch and we simply use the central
56 x 56 x 56 voxels of the 3D patch as the bounding box for cal-
culating the weights. The 3D-cGANs are trained alternatively be-
tween one stochastic gradient descent step on the discriminator,
then one step on the generator, using a minibatch size of 1 and
the Adam solver (Kingma and Bai, 2015) with momentum 0.5. The
3D-cGANSs are trained for 200 epochs in which a fixed learning rate
of 0.0002 is applied in the first 100 epochs and a learning rate that
is linearly reduced to zero in the second 100 epochs. At the infer-
ence phase, given an unseen Post-CT patch, the generator produces
an artifact-corrected image.

The MSSIM, which is introduced in Section 3.3.2, inside the
56 x 56 x 56 bounding box of the true Pre-CT images and the
artifact-corrected CTs generated by the cGANs has been used to se-
lect the number of training epochs. To do so we run inference on
the validation set every 5 epochs, the MSSIM is calculated for each
of the ears, and the epoch where it achieves the highest median
MSSIM is selected as the optimal epoch.

3.3. Evaluation

The proposed method is compared to the published baseline
methods PostCTsegl and PostCTseg2 as well as to our previous
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Fig. 2. An illustration of the architecture of the 3D-cGANs.

Sagittal

Fig. 3. Three orthogonal views of (a) the Pre-CT image and (b) the Post-CT image
of an example ear.

2D-cGANs-based method. As we have done in our previous study
(Wang et al, 2018), we upsample the voxel size of the CTs to
0.1 x0.1 x 0.1 mm? to train and test the 2D-cGANSs. This was done
to improve slice-to-slice consistency. Due to memory limitations,

this is not possible for the 3D-cGANs that are trained with vol-
umes.

To evaluate the quality of the synthetic images independently
from the segmentation results we compare the MSSIM between
the original pre-CT images and the images produced with the 2D
and 3D architectures. We also compare the performance of the 3D-
cGANs trained using the weighted L1 loss and those which are
trained using the original L1 loss.

3.3.1. Point-to-point errors

The effect of artifact reduction on segmentation accuracy is
evaluated quantitatively by comparing the segmentation of the
structures of interest (the scala tympani, the scala vestibuli, and
the modiolus) obtained with PreCTseg applied to the real Pre-CT
images with the results obtained when applying PreCTseg to the
artifact-corrected CT images. Because PreCTseg is based on an ac-
tive shape model approach, the outputs of PreCTseg are surface
meshes of the scala tympani, the scala vestibuli, and the modio-
lus that have a pre-defined number of vertices, and each vertex
corresponds to an anatomical location on the surface of the struc-
tures. There are 3344, 3132, and 17,947 vertices on the scala tym-
pani, scala vestibuli, and modiolus surfaces, respectively, for a total
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Fig. 4. Three example cases in which our proposed method leads to (a) a good, (b) average, and (c) poor results (see text for details).

of 24,423 vertices. Point-to-point errors (P2PEs), computed as the
Euclidean distance in millimeter, between the corresponding ver-
tices on the meshes generated from the real Pre-CT images and the
meshes generated from artifact-corrected images are calculated to
quantify the quality of the artifact-corrected images.

To compare the P2PEs of the 3D-cGANs-based method to results
obtained with the published baseline methods, we segment the
scala tympani, the scala vestibuli, and the modiolus with PostCT-
segl and PostCTseg2 in the Post-CT images of the IU ears and
the IB ears, respectively. The output of PostCTsegl and PostCTseg2
are surface meshes for the scala tympani, the scala vestibuli, and
the modiolus that have the same anatomical correspondences as
the meshes generated by PreCTseg. The P2PEs between the corre-
sponding vertices on the meshes generated with PreCTseg in the
real Pre-CT images and the meshes generated with PostCTsegl1 and
PostCTseg2 in the Post-CT images serve as baselines for compari-
son.

To compare the 3D-cGANs-based method to our previous 2D-
cGANs-based method, the P2PEs between the corresponding ver-
tices on the meshes generated from the real Pre-CT images with
PreCTseg and the meshes generated from artifact-corrected images
generated by the 2D-cGANs with PreCTseg are also calculated.

3.3.2. Mean structural similarity

To compare the quality of the artifact-corrected images pro-
duced by our previously 2D-cGANs and those which are generated
by the 3D-cGANs, we compare the MSSIM inside the 56 x 56 x 56
bounding box of the true Pre-CT images and the artifact-corrected
CTs generated by the 2D- and the 3D-cGANs. The MSSIM between
the true Pre-CT images and the Post-CT images serves as baseline
for comparison. The MSSIM between the artifact-corrected CT im-
age G(x) and the true Pre-CT image y can be expressed as:

M
MSSIM(G(x), y) = &ZSSIM(&, ¥j) (5)
j=1

wherein SSIM(g;,y;) is the local structural similarity (SSIM) be-
tween g; and y;, which are the image contents at the j-th local
window of G(x) and y, and M is the number of local windows in
the image. The local SSIM can be expressed as:

(2/’“31 Ky, + Cl) (20&% + CZ)
(,uéj + /’LJZ’J‘ + C1)(ngj + oyzj + Cz)

SSIM(gj. y)) = (6)
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Fig. 5. Boxplot of P2PEs for (a) the 88 IB ears, (b) the 36 IU ears, (c) the 78 IB ears
scanned by the ICT scanner postoperatively and the cCT scanners preoperatively,
(d) the 34 IU ears scanned by the ICT scanner postoperatively and the cCT scanners
preoperatively, (e) the 10 IB ears scanned by the cCT scanners postoperatively and
preoperatively, (f) the 2 IU ears scanned by the cCT scanners postoperatively and
preoperatively.
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Table 2

The values of the MSSIM between the true Pre-CT images and the artifact-corrected
CT images generated by the 2D- and the 3D-cGANSs. “ICT-cCT” denotes that the ear
has been scanned by the ICT scanner postoperatively and a cCT scanner preopera-
tively.

Image name Baseline 2D-cGANs  3D-cGANs  Type of the Post- and

Pre-CT pairs
Fig. 4a 0.771 0.891 0.971 ICT-cCT
Fig. 4b 0.499 0.780 0.931 ICT-cCT
Fig. 4c 0.348 0.473 0.552 ICT-cCT

in which pg;, py;, 0g;, 0y;, and gy, are the local means, standard
deviations, and cross-covariance of g; and y;; C; and C, are con-
stants to avoid instability when péj + ,uﬁj, or agzj + ayzj are close to
zero (Wang et al., 2004).

4. Results

Fig. 4 shows 3 example cases in which our proposed method
leads to (a) good, (b) average, and (c) poor results. For each case,
the first row shows three orthogonal views of the Pre-CT image
and the meshes generated when applying PreCTseg to this CT.
The scala tympani, the scala vestibuli, and the modiolus surfaces
are shown in red, blue, and green, respectively. The second row
shows the Post-CT image and the meshes generated when apply-
ing PostCTseg2 (or PostCTsegl) to this CT volume. The third and
the last rows show the outputs of the 2D- and the 3D-cGANs and
the meshes generated when applying PreCTseg to these images.
The meshes from the second to the last rows are color-coded with
the P2PE at each vertex on the meshes. Notably, even in the worst
case, segmentation errors of the 3D-cGANs are lower than those
of the baseline and of the 2D-cGANs. Note also the severity of the
artifact in this case and the failure of the segmentation method de-
signed to operate on the post-CT images. The values of the MSSIM
and the type of Post- and Pre-CT pairs for these examples are listed
in Table 2. In all cases the MSSIM between the original images and
the synthetic images produced by the 3D networks is higher than
between the original images and the synthetic images produced by
the 2D networks. This is consistent with the visual appearance of
the synthetic images as can be appreciated by comparing rows 3
and 4 of Fig. 4.

4.1. Point-to-point errors

For each testing ear, we calculate the P2PEs of the 24,423 ver-
tices, and we calculate the maximum (Max), mean (Mean), me-
dian (Median), standard deviation (STD), and minimum (Min) of
the P2PEs.

Figs. 5a and b show the boxplots of these statistics for the 88
IB ears and the 36 IU ears. PostCTseg2 and PostCTsegl serve as
the baseline method for the bilateral and unilateral cases, respec-
tively. Fig. 5a shows that both the 2D- and the 3D-cGANs-based
methods substantially reduce the P2PEs obtained with PostCT-
seg2 in the Post-CT images. The median of the baseline method
is 0.439mm, the medians of the 2D- and the 3D-cGANs-based
approach are 0.233mm and 0.198 mm, which are about half of
the baseline method. We perform a Wilcoxon signed-rank test
(McDonald, 2014) between the Max, Median, Mean, STD, and Min
values obtained with the baseline method and the cGANs-based
methods, and the resulting p-values are corrected using Holm-
Bonferroni method (Holm, 1979). The results show that the cGAN-
based methods significantly reduce the P2PEs compared to the
baseline method (p < 0.05) (Table 3. 88 IB ears, row 1 and 2). We
also perform a Wilcoxon signed-rank test between the 2D- and the
3D-cGANs-based approaches that shows that despite being visible

Table 3

p-Values of the two-sided and one-sided Wilcoxon signed-rank tests of the five statistics for the P2PEs of the 88 IB ears and the 36 IU ears.

Mean STD Min

Median

Max

Approaches to compare

Testing ears

One-sided Two-sided One-sided Two-sided One-sided Two-sided One-sided Two-sided One-sided

Two-sided

< 0.001
< 0.001

< 0.001
< 0.001
1.483
0.002
0.005

< 0.001
< 0.001

< 0.001
< 0.001

0.628

< 0.001
< 0.001

< 0.001
< 0.001
0.179

< 0.001
< 0.001

< 0.001
< 0.001
0.174

< 0.001
< 0.001

< 0.001
< 0.001

0.117

Post-CT + PostCTseg22D-cGANs + PreCTseg
Post-CT + PostCTseg23D-cGANs + PreCTseg
2D-cGANs + PreCTseg3D-cGANs + PreCTseg

88
1B

ears
36
U

< 0.001

0.371

< 0.001
0.001

< 0.001

0.002
0.949

< 0.001
0.001

< 0.001
0.002

0.136
0.115

Post-CT + PostCTseg12D-cGANs + PreCTseg
Post-CT + PostCTseg13D-cGANs + PreCTseg
2D-cGANSs + PreCTseg3D-cGANSs + PreCTseg

0.221

1.482

0.937

0.825

0.729

ears

Note: Bold indicates cases that are significantly different (p-value less than 0.05). The p-values have been corrected using Holm-Bonferroni method.
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Fig. 6. Boxplot of P2PEs for the 124 testing ears. “3D-cGANs WL1” and “3D-cGANs
L1” denote the results obtained with the 3D-cGANs which are trained using the
weighted L1 loss and original L1 loss, respectively.

the difference between the results of the 2D- and the 3D-cGANs
are not statistically significant (p > 0.05) (Table 3. 88 IB ears, row
3). Fig. 5b shows that both the 2D- and the 3D-cGANs-based meth-
ods reduce the P2PEs obtained with PostCTseg1 in the Post-CT im-
ages. The median of the baseline method is 0.260 mm, whereas the
medians of the 2D- and the 3D-cGANs are 0.194 mm and 0.188 mm,
respectively. A Wilcoxon signed-rank test shows that the cGANs-
based methods significantly reduce the P2PEs compared to the
baseline method for Median and Mean (p < 0.05) (Table 3. 36 IU
ears, row 1 and 2). There is a visible but not statistically signifi-
cant difference between the Max of the cGANs-based method and
the baseline (p > 0.05) (Table 3. 36 IU ears, row 1 and 2). There is
a visible but not statistically significant difference between the re-
sults of the 2D- and the 3D-cGANs (p > 0.05) (Table 3. 36 IU ears,
row 3).

Figs. 5¢ and d show the boxplots of the statistics of the 78 IB
ears and the 34 IU ears that have been scanned with the ICT scan-
ner postoperatively and the cCT scanners preoperatively. Table 4
shows the results of the Wilcoxon signed-rank tests. These show
the same trend as Fig. 5a and b and Table 3.

Fig. 5e and f show the boxplots of the statistics of the 10 IB ears
and the 2 IU ears that have been scanned with the cCT scanners
postoperatively and preoperatively. At the time of writing, we are
not able to draw strong conclusions form these two plots because
we only have a very limited number of such images but the trends
are similar to those obtained with the other datasets.

Fig. 6 shows the boxplots of the statistics for P2PEs of the 124
testing ears processed by the 3D-cGANs that are trained using L1
and WL1. Visually, the medians of the Max, Median, and Mean er-
ror values obtained with WL1 (yellow bars) are lower than those
obtained with L1 (black bars). Wilcoxon signed-rank tests reported
in Table 5 show that these differences are significant for the Max,
Median, Mean, and STD (p < 0.05).

4.2. Mean structural similarity

Fig. 7 shows boxplots of the MSSIM for the 124 testing ears.
Wilcoxon signed-rank tests show that all of the cGANs-based
methods achieve statistically significant higher MSSIM compared to
the baseline (p < 0.05). Table 6 shows the p-values of the Wilcoxon
signed-rank tests between the results of the 2D-cGANs and the 3D-
c¢GANs that are trained using a different reconstruction loss. The
3D strategies achieve statistically significant higher MSSIM com-
pared to the 2D approach (p < 0.05). The 3D-cGANs trained with
the weighted L1 loss produce a significantly higher MSSIM than

Table 4

p-Values of the two-sided and one-sided Wilcoxon signed-rank tests of the five statistics of the P2PEs for the 78 IB ears and the 34 IU ears that have been scanned with the ICT scanner postoperatively and the cCT scanners

preoperatively.

Mean STD Min

Median

Max

Approaches to compare

Testing ears

One-sided Two-sided One-sided Two-sided One-sided Two-sided One-sided Two-sided One-sided

Two-sided

<0.001
< 0.001

<0.001
< 0.001
1.110
0.002
0.006
1.110

<0.001
< 0.001

<0.001
< 0.001
0.770
0.285

<0.001
< 0.001

<0.001
< 0.001

0.172

<0.001
< 0.001

<0.001

<0.001
< 0.001

<0.001
< 0.001
0.136
0.080

Post-CT + PostCTseg22D-cGANs + PreCTseg
Post-CT + PostCTseg23D-cGANSs + PreCTseg
2D-cGANs + PreCTseg3D-cGANSs + PreCTseg
Post-CT + PostCTseg12D-cGANs + PreCTseg
Post-CT + PostCTseg13D-cGANSs + PreCTseg
2D-cGANs + PreCTseg3D-cGANSs + PreCTseg

78
1B

< 0.001
0.163
0.001

ears
34
U

< 0.001

< 0.001
< 0.001

< 0.001
0.002

< 0.001
0.001

0.285

0.002

0.075

0.857

0.675

0.590

0.993

ears

Note: Bold indicates cases that are significantly different (p-value less than 0.05). The p-values have been corrected using the Holm-Bonferroni method.
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;?\';;‘leugs of the two-sided and one-sided Wilcoxon signed-rank tests of the five statistics for the P2PEs of the 124 testing ears.
Reconstruction loss to compare ~ Max Median Mean STD Min
Two-sided  One-sided Two-sided One-sided Two-sided One-sided Two-sided One-sided Two-sided One-sided
WLI1L1 0.004 0.002 <0.001 <0.001 0.001 <0.001 <0.001 <0.001 0.945 -

Note: Bold indicates cases that are significantly different (p-value less than 0.05). The p-values have been corrected using Holm-Bonferroni method.

Table 6

The p-values of the two-sided and one-sided Wilcoxon signed-rank tests between the MSSIM of the true Pre-CT im-
ages and the synthetic images produced by the 2D-cGANs and the 3D-cGANs trained using different reconstruction
losses. “ICT-cCT” denotes that the ear has been scanned by the 1CT scanner postoperatively and a cCT scanner preop-
eratively, and “cCT-cCT” denotes that the ear has been scanned by a cCT scanner postoperatively and preoperatively.

Approaches to compare Mixed (124 ears)

ICT-cCT (112 ears) cCT-cCT (12 ears)

Two-sided  One-sided  Two-sided  One-sided  Two-sided  One-sided
2D-cGANs L13D-cGANs L1 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
2D-cGANs L13D-cGANs WL1 <0.001 <0.001 <0.001 <0.001 < 0.001 <0.001
3D-cGANs L13D-cGANs WL1 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001

Note: Bold indicates cases that are significantly different (p-value less than 0.05). The p-values have been corrected

using Holm-Bonferroni method.
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Fig. 7. Shown on the left, middle, and right are boxplots of the MSSIM for the 124
testing ears (Mixed), the 112 ears scanned by the ICT scanner postoperatively and
the cCT scanners preoperatively (ICT-cCT), and the 12 ears scanned by the cCT scan-
ners postoperatively and preoperatively (cCT-cCT). “Baseline” denotes the MSSIM
between the Post-CT images and the true Pre-CT images; “2D-cGANs L1” denotes
the results produced by our previous 2D-cGANs trained with the pure L1 loss; “3D-
c¢GANs L1” and “3D-cGANs WL1" denote the results produced by the 3D-cGANs
which are trained using the pure L1 loss and the weighted L1 loss, respectively.

those trained with the non-weighted L1 loss (p < 0.05). We also
observe that the 3D-cGANs reach the optimal epoch at the 15-
th training epoch when the weighted L1 loss is applied. However,
they need 70 training epochs to reach the optimal epoch when the
non-weighted L1 loss is applied. This suggests that using weights
can accelerate the optimization of the networks.

5. Discussion and conclusion

As discussed in the recent review article by Yi et al. (2018),
GANs have been extensively used to solve medical imaging related
problems such as classification, detection, image synthesis, low
dose CT denoising, reconstruction, registration, and segmentation.
However, at the time of writing and to the best of our knowledge,
GANs have not been proposed to eliminate or reduce metallic arti-
facts in CT images. There is also a large body of work aiming at re-
ducing artifacts in CT images (Gjesteby et al., 2016). But, compared
to the current leading methods, which generally necessitate the

raw data from CT scanners, our approach is a post-reconstruction
processing method for which the raw data is not required. Com-
pared to other published machine-learning-based methods pro-
posed for the removal of metallic artifacts that either depend on
existing traditional methods or require post-processing of the out-
puts produced by machine learning models (Gjesteby et al., 2017;
Park et al., 2017; Zhang and Yu, 2018), ours is unique in being
able to synthesize directly an artifact-free image from an image
in which artifacts are present. Although we have not investigated
it yet, we hypothesize that our method could be applied to other
types of images affected by the same type of artifacts if sufficient
training images consisting of pairs of images with and without ar-
tifacts were available. We also hypothesize that if the problems are
similar enough transfer learning could be used to reduce the size
of the dataset needed for training.

The results we have generated show that the quality of the im-
ages produced by the 3D networks is better than that of the im-
ages produced by the 2D networks when the MSSIM is used to
compare them. This is confirmed by the visual appearance of the
synthetic images produces by these two architectures as shown in
Fig. 4. There is also a small but not statistically significant differ-
ence in the segmentation results produced with the images gener-
ated with the 3D and the 2D networks; this difference is especially
noticeable for the maximum error. The fact that the segmentation
results improve only modestly when the quality of the images im-
proves more substantially suggests that the constraints imposed by
the active shape model are able to compensate for imperfections in
the synthetic images. It is likely that segmentations methods that
do not impose strong constraints on the shape for the ICA struc-
tures would be more sensitive to those errors. As discussed earlier,
we also note that the technique we have developed to assist audi-
ologists in programing the implant depends on the position of the
contacts with respect to the anatomy (Noble et al., 2013). Any im-
provement in segmentation accuracy, even small, may have a pos-
itive impact on programming recommendations we provide to the
audiologists. Assessing the effect of the method we use to elimi-
nate the artifact on these recommendations, i.e., assessing whether
or not recommendations would be different if the 2D or 3D ver-
sion is used, is part of our plans. Finally, the methods we have
developed to segment the anatomy, localize the contacts, and pro-
vide programming guidance have been integrated into an interac-
tive software package that has been deployed to the clinic and is
in routine use at our institution. Without further optimization of
our current implementation of the cGANs, speed of execution for
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the 3D version is 1.5s when it is 60s for the 2D version, which
is important for the integration of our methods into the clinical
workflow. Overall, the study we have conducted shows that cGANS
are an effective way to eliminate metallic artifacts in CT images
and that the 3D version of our proposed method should be pre-
ferred over the 2D version.
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Appendix
Table A
The abbreviations and descriptions.
Abbreviations Descriptions
Cl Cochlear implants
ICA Intra cochlear anatomy
IB ears The ears of the cochlear implants recipients who have
been implanted bilaterally
IU ears The ears of the cochlear implants recipients who have
been implanted unilaterally
CT Computed tomography
cCT Conventional CT
ICT Low-dose CT
Post-CT Post-implantation CT
Pre-CT Pre-implantation CT
PostCTseg1 A method for segmenting intra cochlear anatomy
structures in post-implantation CTs of cochlear implants
recipients who have been implanted unilaterally
PostCTseg2 A method for segmenting intra cochlear anatomy
structures in post-implantation CTs of cochlear implants
recipients who have been implanted bilaterally
PreCTseg A method for segmenting intra cochlear anatomy
structures in pre-implantation CTs of cochlear implants
recipients
GANs Generative adversarial nets
cGANs Conditional generative adversarial networks
WL1 Weighted L1
P2PE Point-to-point error
SSIM Structural similarity
MSSIM Mean structure similarity
Max Maximum
Min Minimum
STD Standard deviation
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