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Damage to cartilage is an important indicator of osteoarthritis progression, but manual extraction of cartilage
morphology is time-consuming and prone to error. To address this, we hypothesize that automatic labeling
of cartilage can be achieved through the comparison of contrasted and non-contrasted Computer Tomography
(CT). However, this is non-trivial as the pre-clinical volumes are at arbitrary starting poses due to the lack
of standardized acquisition protocols. Thus, we propose an annotation-free deep learning method, D-net, for
accurate and automatic alignment of pre- and post-contrasted cartilage CT volumes. D-Net is based on a novel
mutual attention network structure to capture large-range translation and full-range rotation without the need
for a prior pose template. CT volumes of mice tibiae are used for validation, with synthetic transformation for
training and tested with real pre- and post-contrasted CT volumes. Analysis of Variance (ANOVA) was used
to compare the different network structures. Our proposed method, D-net, achieves a Dice coefficient of 0.87,
and significantly outperforms other state-of-the-art deep learning models, in the real-world alignment of 50

pairs of pre- and post-contrasted CT volumes when cascaded as a multi-stage network.

1. Introduction

Pre-clinical studies on osteoarthritis (OA) progression, such as the
development of disease-modifying osteoarthritis drugs on animal mod-
els (Vincent, 2020), currently suffers from the lack of available robust
quantitative biomarkers (Hosnijeh et al., 2019). The damage of car-
tilage is an important indicator for OA, with morphological analysis
of cartilage based on the cartilage shape extracted from Magnetic
Resonance Imaging (MRI) in clinical studies (Shan et al., 2014), but
is currently unavailable in pre-clinical mouse models, as the thickness
of cartilage is close to the resolution of MRI.

In terms of modalities available for cartilage imaging, MRI is the
commonly used modality (Burton II et al., 2020; Shan et al., 2014;
Grau et al., 2004; Ambellan et al., 2019), but is costly, and time-
consuming (James and Gambhir, 2012), with a poor spatial resolution
(maximum of 20 pm) for pre-clinical imaging of living animals where
cartilage thickness is of <100 pm for mice (Borges et al., 2014). Com-
puted Tomography (CT) is both cheaper (Gangwar et al., 2018; Myller
et al., 2018; Maier et al., 2020), and micro-CT has a higher resolution
(of 10 pm Zheng et al., 2020a), but the cartilage is not directly visible
in CT scans without a contrast agent, due to its low X-ray absorption.

* Corresponding author.

Thus, the development of contrast agents that binds well to cartilage is
an active pre-clinical and clinical research area.

In general, to provide a reliable qualitative measurement of carti-
lage shape and its subtle changes due to the progression of the disease
over time, robust segmentation method is required. Previous attempts
at cartilage segmentation from clinical imaging are based on classic seg-
mentation methods, which require an atlas (Shan et al., 2014), or the
use of markers (Grau et al., 2004). Deep learning methods have been
utilized in more recent approaches to cartilage segmentation, mainly
focusing on MRI clinical data (Burton II et al., 2020; Gangwar et al.,
2018; Myller et al., 2018; Ambellan et al., 2019; Maier et al., 2020),
with only one method designed to segment craniofacial cartilage of
mice for investigation of craniofacial syndromes (Zheng et al., 2020a).
The greatest challenge associated with cartilage segmentation in the
development of novel CT-contrast agents (Fowkes et al., 2022) is the
lack of standardized imaging protocols, resulting in scans acquired in
arbitrary poses (Fig. 1). The exemplified views taken from 3D micro-CT
are shown in Fig. 1.

By using the contrast agent that binds to the cartilage only, the
difference between the CT scans with and without contrast could be
employed to extract cartilage shape, and thus the subsequent changes
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Fig. 1. Accurate 3D volume alignment is required to extract the cartilage shape due to the arbitrary positioning of tibial bone between the baseline CT scan, and the follow-up
CT scan with contrast as imaging acquisition standards are not yet established at this stage of research.

to it can be tracked, as shown in Fig. 1. This, however, requires an
accurate alignment of the tibial bones between the subsequent CT
volume acquisitions. In the current pre-clinical setup, semi-manual
alignment using ImageJ takes over 1 h for each pair of CT volumes,
heavily limiting analysis of large-scale experiments required in pre-
clinical research. Moreover, the variation in data acquisition creates
difficulties in parameter tuning for semi-automatic methods, as well as
the unsatisfactory alignment by classic iterative methods (Zheng et al.,
2020b), which motivates the development of an accurate and auto-
mated method for alignment of 3D volumes acquired in the pre-clinical
setup.

Therefore, in this paper, we propose an annotation-free framework
for volume alignment using a new architecture, D-net, which is capable
of estimating the arbitrary rotation and translation for tibial CT scans
with varying levels of contrast.

The main contributions of this work are as follows:

1. A new architecture, D-net, based on a Siamese Encoder De-
coder (SED) (Dunnhofer et al.,, 2020; Kwon et al., 2019), is
proposed for alignment of two volumes with an arbitrary, initial
orientation, outperforming the current state-of-the-art rigid reg-
istration methods, without the requirement of the prior standard
template.

2. A novel Mutual Non-Local link (MNL) block containing an ex-
tended attention mechanism that covers global connections be-
tween multiple branches.

3. D-Net provides a solution for automatic alignment of tibial
bones, which in turn, could allow the extraction of cartilage
shape from contrasted CT volumes without costly manual anno-
tations.

The current manuscript extends our preliminary study (Zheng et al.,
2020b) with the differences as follow: (i) We provide a comprehen-
sive description of D-Net in Section 3.2.1, and Mutual Non-Local link
block in Section 3.2.2, including more folders cross-validation, two
more network structure baselines, and one more experimental setting —
Small-Range spatial Transformation (SRT) that is closer to the clinical
application. (ii) We improved alignment accuracy by adding atrous
convolution layers to improve the spatial understanding by the network
as in Section 3.2.3 (so-called D-net?), and the multi-stage approach to
coarse-to-fine align the volumes as in Section 3.3.

Using pre-clinical CT data of cartilage described in Section 3.4, we
show an extensive evaluation of D-net and comparison to the state-of-
the-art methods in volume alignment in Section 4. The manuscript ends
with a discussion and conclusion presented in Sections 5 and 6.

2. Related works
2.1. Alignment of clinical tibial scans

Volume alignment is very important in many clinical studies as
a common step for data preprocessing. Therefore, many longitudinal
clinical OA studies could benefit from the volume alignment of multi-
scans of CT, such as trabecular bone structural analysis (Kraiger et al.,
2012), temporomandibular joint osteoarthritis quantification (Paniagua
et al., 2011), and knee complex shape modeling (Filip et al., 2021).

Yoo et al. (2009) worked on rigid registration between clinical scans
of the knee MRI, by iteratively optimizing a mutual-information based
function. Urish et al. (2013) also introduced a surface distance-based
iterative registration method on volume alignment of clinical knee
MRI for morphological analysis of cartilage, requiring semi-automatic
segmentation of both bones and cartilage. These methods, however,
have standardized imaging protocols with only a small rotation being
present (e.g. only 1° rotation estimated in Yoo et al. (2009)), which
is much smaller than in preclinical settings. Additionally, images of
the knee from live mice need to be taken in a flexed position as a
fixed straight knee joint results in torn ligaments, and the post-mortem
ex-vivo tissues of our data set are scanned in solution in containers
with arbitrary orientation and position. While large ranges of rotation
are normally not encountered in clinical imaging, there are several
instances where this occurs, such as rigid registration in surgery (Robu
et al., 2018) and handheld ultrasound scanning (Namburete et al.,
2018; Moser et al., 2022).

2.2. Volume alignment in pre-clinical imaging

Chow et al. (2006) designed an imaging chamber for hardware-
based rigid registration of pre-clinical images in the combined mi-
cro Positron Emission Tomography (PET) and micro CT scanners, of
which the application is limited by the device requirement. In terms of
software-based registration for pre-clinical imaging, Baiker et al. (2011)
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used classic approaches for iterative image registration on pre-clinical
image alignment, where the intensity changes caused by contrast are
captured by a similarity measure. However, iterative methods (Yoo
et al., 2009; Baiker et al., 2011; Urish et al., 2013), usually rely on the
initialization due to the non-convexity in the matching metrics function
for medical images, which could be trapped in a local optimum, espe-
cially for a large-range spatial transformation as presented in Fig. 1.
Due to the varying shapes of the cut sample of animals’ tibiae, it is
hard to find salient features consistently for feature-based registration.
Therefore, a deep learning approach is explored for our task.

2.3. Deep learning for volume alignment

Several works on deep learning methods (Liao et al., 2017; Ma
et al,, 2017) show performance improvement over iterative image
registration. However, these methods are still time-consuming in the
inference phase and dependent on initialization, which further calls
for rigid registration via direct regression (Haskins et al., 2020). For
instance, a two-branch Siamese Encoder (SE) structure, with shared
weights capturing the common features of two images, was utilized for
the alignment of 2D brain images (Sloan et al., 2018). AIRNet (Chee
and Wu, 2018), employing a SE structure consisting of dense struc-
tural (Zhu and Newsam, 2017) convolution layers, was applied to the
affine transform estimation of 3D brain MRI. The SE structure was also
used for the pre-alignment of volumes in a deformable registration
framework by de Vos et al. (2019). Alternatively, affine registration
can be obtained by using the Global-net (Hu et al., 2018) with the
input images concatenated and fed into a one-branch encoder, termed
the Mixed Encoder (ME) in our evaluation. However, the previous
approaches (Sloan et al., 2018; Chee and Wu, 2018; de Vos et al., 2019;
Hu et al., 2018) focused on clinical images registration, with the heavily
limited capture range of rotation between +15° (Sloan et al., 2018) and
+45.84° (0.8 rad) (Chee and Wu, 2018). They thus yield unsatisfactory
results with pre-clinical data acquisition setup as shown in Section 4. A
standard template, such as that used in ultrasound (Namburete et al.,
2018) and MRI (Salehi et al., 2018) fetal brain imaging may aid this
task. However, such a standard template is unavailable for pre-clinical
cartilage imaging due to the lack of standardization.

3. Methods

The overview of the proposed image registration framework is
first introduced in Section 3.1. Then the design detail of the new
architecture D-net is described in Section 3.2. The coarse-to-fine rigid
registration is employed in Section 3.3. Finally, the D-net is compared
with other state-of-the-art methods, and those mentioned components
are validated in Section 3.4.

3.1. Image registration framework

The target of 3D image (volume) registration is to estimate the
spatial transformation mapping f : R¥ — R%, X{ » X™ between a fixed
volume X' € R® and a moving volume X™ € R$, where the size of a
3D volume is denoted by s = d X h X w, and d, h, w are the thickness,
height, and width. Specifically for rigid registration of two volumes,
the transformation in the special Euclidean group f :=[R t] € SE(3) is
estimated, consisting of rotation R € SO(3) and translation t € R3.

To formulate the rotation representation, an n-element vector 6 =
[6,.,] € R" is calculated from the rotation R = [r; r, r3] by the
parameterization mapping  : SO(3) — R",R — 6, where [6,,;] €
R/~*1 denotes a column vector consisting of 6, --- 6; indexed by i, j. The
representation mapping 2 : R" — S0(3),0 — R is used to estimate
the rotation. The most intuitive way of rotation representation is a
3 x 3 matrix, with n =9 (9d) (Sloan et al., 2018; Chee and Wu, 2018;
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de Vos et al., 2019; Hu et al., 2018; Namburete et al., 2018), here the
parameterization mapping is calculated as:

woq(R) :=[0y.91=[r] ] ri1" @

and the representation mapping is calculated as:

N(10,.)7 '
N([04.6] - ([94:6],"1>"1)T (2)

N([67:9] = <[07:9],"1> r- <[97:9]v’2>"2)T

where N(-) denotes the Euclidean normalization function, (-,-) denotes
the inner production.

As & € R° is redundant for rotation, the 3D orthogonalization
mapping of 6D rotation representation (Zhou et al., 2019) is used with
n=6:

Q294(0) :=[r 1y r3] =

wea(R) 1= 10,61 =1[r] r]17 3
and
N([6;.5DT !
Q4q(0) :=[r) 1y 131 = [N([04.6] = ([04:6).71) )T @
(ry A ,2)T

where A is the cross product.

The task for neural networks in rigid registration is to estimate the
rotation and translation parameters [0 7] between the two preprocessed
volumes X' and X™ by networks’ mapping ¢ : R® x RS — R" x
R3, (X, X™) ~ (0,7), where x between two sets denotes the Cartesian
product. Thus, the one-stage rigid transformation can be estimated by:

f=1eE X" xm) gx',xm) (5

where g and g’ are the mappings to R and t. The details of the neural
network architectures are described in Section 3.2.3.

As shown in Fig. 2, in the training phase, each pair of CT vol-
umes is preprocessed, augmented, synthesized, and then fed into the
network to train it by optimizing a loss function with the synthetic
transformation; in the inference phase, the preprocessed contrasted
and non-contrasted CT volumes are fed to the trained one/multi-stage
network to predict the spatial transformation. The implementation of
multi-staging is described in Section 3.3. In this paper, the two-stage
network, with the first stage for coarse alignment and the second stage
for fine-refinement, is used to improve the overall accuracy of volume
alignment, and compared with one-stage networks in Section 3.4.

3.2. Network design

3.2.1. D-net architecture

D-net is based on SED structure and includes the two-branch
Siamese Encoder (SE) with MNL block (see the schematic structure
of D-Net, Fig. 3, MNL block in red), and one-branch decoder with
regression layers. Similar SED structures have been employed for
tracking (Dunnhofer et al., 2020) and segmentation (Kwon et al., 2019).

In the SE part of D-net, there are two branches of six Residual-down-
sampling (Res-down) blocks with shared parameters, where four latter
pairs of the Res-down blocks are mutually linked by MNL. The SE is
employed to extract the common features from two input volumes, and
the MNL block is inserted to capture the global-range link between
the features points from two branches (inter-branch), of which the
implementation details are illustrated in Section 3.2.2. The decoder
part consists of four Residual-up-sampling (Res-up) blocks with skip
connections received from the same indexed Res-down blocks to restore
the location information lost in Res-down blocks. The regression part
includes several fully connected layers, with the number of neurons
in the output layer equal to the parameter number for rigid spatial
transformation n + 3. The evolution and development detail of D-net
is described in Section 3.2.3.
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widths, and channel number of the input volume/feature maps for each branch.

3.2.2. Mutual non-local link

In iterative image registration, long-range links are either estimated
using a range of spatial scales, naturally captured by graph representa-
tion (Heinrich et al., 2013; Papiez et al., 2016), or through a weighting
function with mutual saliency which establishes unique matching be-
tween a pair of voxels (Ou et al., 2011). Here, the proposed MNL block
is based on the combination of a new concept of mutual attention,
which is an extended mutual link version of the conventional (self)
attention mechanism (Vaswani et al., 2017), together with a Non-Local
block (Wang et al., 2018).

The Non-Local mechanism is compared with direct concatenation
in Fig. 4. Direct concatenation, used in ME, SE, MED and SED, fails to
provide spatially long-range links between similar features. Self Non-
Local (SNL), used in the concatenated branch of the encoder part of

MS, succeeds in achieving the global-range link, where the features’
representations between two branches are locally bounded together
with both the concatenation and retrieval operations carried out on
the concatenated two-branch features and their copies. The Non-Local,
inter-branch links are thus coupled with the Non-Local intra-branch
link in SNL, which emphasizes the features correspondence intra- rather
than inter-volumes. MNL is used in D-net to search for a global-range
link between two branches, and thus excludes the coupling of the
intra-branch link.
Here we provide the general definition of SNL:

Y™ .=wyx)®@oF,Y) (6)

where Y denotes the reshaped input signals from one branch, and ®
denotes the matrix multiplication. Subsequently, MNL is defined as
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Local/Non-local link

Fig. 4. Non-Local inter-branch link is required for similar features correspondence. Direct concatenation provides only local inter-branch link (top); Self Non-Local (Eq. (6)) achieves
the global-range inter-branch link but coupled with intra-branch link (middle); Mutual Non-Local (Eq. (7)) obtains global-range link between two branches without the intra-branch

link (bottom).

follows:
{Ym2f =PYMRe(Y™, Y

YR =wh e ym)
where Yf, Y™ € R@h denote the reshaped input signals from fixed
and moving volumes, Y™, y™ y?m ¢ Rexdhw are the output signals
from this block, @ : Rexdhw yRexdhw _, Rdhwxdhw jg 5 retrieval function
for the similarity measurement between the two inputs, key vectors,
and query vectors, to compute the compatibility weight of each query
vector with the assigned key vector(s), and ¥ : R4 _, Rexdhw jg 5
unary function for the mapping of the value vector from each retrieved
vector to the assigned vector.

The instantiated SNL in MS, and MNL in D-net, are based on the
embedded Gaussian similarity representation for retrieving:

7

D(Y,,Y,) :=softmax(Y,| @ WT @ W ®Y,) (8)
and the unary function for value vectors’ mapping
YY) =WQY 9

where W € R“*¢ is a matrix of trainable weights.

3.2.3. D-net evolution and comparison with the other network structures
The structures of the seven networks used here are shown in Fig. 3.
The networks can be divided into two distinct groups; the ME group
based on the mixed one-branch encoder, and the SE group based on the
Siamese two-branch encoder, from which the other networks evolved.

+ ME (Mixed Encoder): The state-of-the-art rigid registration net-
work “Global-net” (Hu et al., 2018) is adapted to the network
structure ME with the two input volumes concatenated together
and fed into one mixed branch. The mixed branch consists of
several Residual-down-sampling (Res-down) blocks (Fig. 3, green
blocks) as the encoder part, followed by one convolution layer,
one activation layer, and two fully connected layers for regres-
sion.

+ SE (Siamese Encoder): Compared to ME, the SE structure employs
two weight-sharing branches of several Res-down blocks as the
encoder to extract similar features from two branches, followed
by regression layers. A similar structure was used by Sloan et al.
(2018), Chee and Wu (2018) and de Vos et al. (2019). de Vos
et al. (2019) used fewer down-sampling blocks and no residual
structure, more down-sampling and fully connected layers are
used in Chee and Wu (2018), and residual structure was replaced
by a dense structure in Sloan et al. (2018).

MED (Mixed Encoder Decoder): ME is modified to adopt a com-
monly used encoder-decoder architecture by insertion of four
Residual-upsampling (Res-up) blocks (Fig. 3, blue blocks), with
skip connections (Fig. 3, dashed lines) to the 4 latter Res-down
blocks of the encoder, between the encoder and regression sec-
tions.

SED (Siamese Encoder Decoder): SE with four Residual-upsampling
(Res-up) blocks with skip connections to the 4 successive latter
Res-down blocks of the encoder, inserted between the encoder
and regression sections. Similar SED structures were used for
segmentation (Kwon et al., 2019) and tracking (Dunnhofer et al.,
2020), but with similar skip connections to MED for comparison.
MS (Mixed Encoder Decoder with Self Non-Local block): MED
with the additional embedded Gaussian similarity based-Non-
Local block (Wang et al., 2018) paralleled into the 4 successive
latter Res-down blocks (Fig. 3, light blue blocks).

D-net (Siamese Encoder Decoder with Mutual Non-Local block):
SED with the four latter pairs of the Res-down blocks linked by
the mutual Non-Local block which is described in Section 3.2.2
(Fig. 3, red block).

D-net? (D-net with Atrous convolution): An improved D-net with
the convolution layers in the two earlier pairs of Res-down blocks
replaced with the atrous convolution as described by Zhou et al.
(2020).

The evolution of D-Net was necessitated by the poor performance
of the initial networks in the large-range transformation task (Fig. 6),
even though they were perfectly capable of handling the small-range
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Table 1
The data arranged for five-fold cross validation with a subject index and disease stage
for each group to evaluate the performance of the framework.

Group Id. 1 2 3 4 5
Subject Ids 1-10 11-20 21-30 31-40 41-50
Disease stage (weeks) 0,2 2,4 4,8 8,12 12,16,20

transformation (Fig. 7). The down-sampling in the encoder part of ME
and SE structures is required for the long-range link to convert the com-
mon intensity features from the two volumes to the relative location
information. However, the down-sampling operation also causes the
loss of spatial information. Therefore the decoder part is introduced to
recover the relative spatial information from the encoder part in MED
and SED.

The rigid registration, with large-range initial translation and full-
range initial rotation, calls for long-range links between the pairs of
areas with similar features. As shown in Fig. 4, the concatenation oper-
ation in MED and SED structure limits the link range of the following
convolution layers, and thus the concept of Non-Local is introduced into
MS with SNL block. However, the inter-branch Non-Local link could
be coupled with the intra-branch Non-Local link in SNL as explained
in Section 3.2.2. The registration between two volumes requires the
emphasis on the inter-branch Non-Local link, rather than the intra-
branch, which limits MS. Thus, the MNL is designed to search for a
global-range inter-branch link, which is used in D-net.

A further atrous convolution is employed to obtain more absolute
spatial information by enlarging the receptive field according to the
conclusion of Islam et al. (2019). The geometric series of atrous rate
(1 3 9) within each Atrous Res-down block, as shown in Fig. 3, is the
setting of Atrous-III block with the theoretical optimization of receptive
field size in Zhou et al. (2020).

3.3. Multi-staging

Since the performance of the one-stage rigid registration method
could be limited by the capacity of the used neural network, the multi-
stage (N-stage) rigid registration is applied, which is calculated by:

X0 =xt
FO =2 (XD, X™) g(xh Xxm]. X0 = fOxXED) o)
f=fMNofiN=Dg...ofM)

where i € [1,N] n N is the stage index here, o is the composition
operation of two mappings.

In this paper, we implement both one- and two-stage frameworks.
The first stage network is for the initial large translation and rotation
volume alignment, and the second stage is used to refine the alignment
by only dealing with the smaller range output of the first network.

3.4. Experiments

3.4.1. Data collection and processing

A total of 100 ex vivo micro-CT volumes were acquired using
Perkin Elmer, Quantum FX from the tibiae of 50 subjects (mice pre-
and post-contrast) with the volume size and isotropic resolution of
512 x 512 x 512 pixels and 10 x 10 x 10 pm?/vox. As shown in Table 1,
the scanned subjects varied from 0 to 20 weeks post osteoarthritic
surgery. After euthanisation, the knees of the mice were dissected out,
the soft tissue was removed, and the tibias were separated from the
femur and inserted into microcentrifuge tubes containing saline for the
pre-contrast scan. The post-contrast scans were obtained by incubating
the tibial cartilage in contrast agent for one hour, washing it in saline
for a further hour, and then scanning it. Small bone fragments may exist
in the volumes due to the dissection process.
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Table 2

The numbers of trainable parameters (No. of Par., unit: million), thickness d, height
h, width w and channel numbers ¢ of each network structure in the experimental
implementation with the index of i.

Networks ME SE MED SED MS D-net&D-net*
No. Par. 10.3 12.0 4.8 4.5 5.2 4.9
i=0 64 64 64 64 64 64
i=1 32 32 32 32 32 32
i=2 16 16 16 16 16 16
d=h=w i=3 8 8 8 8 8 8
i=4 4 4 4 4 4 4
i=5 2 2 2 2 2 2
i=6 - - 1 1 1 1
i=0 2 1 2 1 2 1
i=1 16 16 16 16 16 16
i=2 32 32 32 32 32 32
c i=3 64 64 64 64 64 64
i=4 128 128 64 64 64 64
i=5 256 256 64 64 64 64
i=6 - - 64 64 64 64

The collected data was pre-processed in silico for use in the frame-
work. To obtain the scans, the tibiae (bones) were placed in solution,
and the handling between the two consecutive scans of each subject
would result in a different relative position and orientation to the
containers. Thus, the transformations between the two scans of the
solution and container were different from the subject. Both the so-
lution and container have easily identifiable and consistent intensity
values across all scans. To eliminate the impact of their different spatial
transformations on the network prediction, both solution and container
were removed from the volumes by thresholding. The image intensities
were normalized into the 0-1 range for stable gradient propagation.
Finally, the input volumes were sub-sampled with linear interpolation
to the volume size of 64 x 64 x 64 and resolution 80 X 80 x 80 um?/vox.
The CT slices of the exemplar subjects are illustrated in Fig. 1.

For the training phase, each pre-processed CT volume X was aug-
mented before being fed into the networks by random translation of~
U'(—0.04,0.04) mm along 3 axes, and random rotation with full-range
angle ~ U'(—x, z) uniformly distributed around an arbitrary axis, and
intensity value scaling and bias to extend the size of the data-set.
We also set a randomly varying thresholding value within the range
between the intensity of muscle and cortical bone, so that the network
could focus on the alignment referring to cortical bone regardless of
the level of contrast enhancement. The two inputs of networks, fixed
volume X' := X and moving volume X™ := fsyn(f( ) were synthesized
with the augmented volume X, and the synthetic transformation f,y,
for training, as described in Section 3.4.3.

3.4.2. Implementation and parameter setting

The hyper-parameters setting in the encoder and decoder parts of
network structures are shown in Table 2, where i = 0 represents the
input layer. Here the setting of d, h, w, ¢ are sequentially applied after
each down-sampling layer. The numbers of neurons for the two fully
connected layers were set as 128 and » + 3 in the regression part of
each network structure. The number of variables in ME and SE was
increased in ¢ i = 4 and 5 to make the networks trainable, whereas
MED, SED, MS and D-nets had about the same variable number.

3.4.3. Training and validation strategy
The Euclidean distance based-loss function with respect to transla-
tion ¢, 7 and rotation 6,  is calculated as:

Il 113 2
L=a———2+pl0-0l, an
112 + e

where || - ||, := /(X -)? is L2-norm, a and f are the weighting param-
eters of relative translation and rotation respectively, and ¢ = 0.1 was
used to avoid the singularity. The network parameters were initialized
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Fig. 5. The training curves of the networks for large (a) and small (b) range transformation, evaluated using the loss function (left) RE (mid) and TE (right) shows SED, D-net

and D-net* achieve the best performance in the training phase in both SRT and LRT.

randomly with normal distribution W'(0,0.01). Momentum Stochastic
Gradient Descend was used for optimization with the learning rate of
0.0001 and the learning momentum of 0.9.

All the networks described in Section 3.2.3 were trained with 150k
iteration. Two different training settings were designed with varying
synthetic translations and rotations:

(1) Large-Range Transform (LRT) training: the synthetic translation
1,1y, 13 ~ U'(=0.96,0.96) mm, which is almost 1/5 of the image
size 5.12 mm, and the rotation of angle ~ U’(—x,x) around
an arbitrary axis uniformly distributed in the sphere surface.
Rotations were represented in 6D. The weights were set as a =
§=0.5.

(2) Small-Range Transformation (SRT) training: the synthetic trans-
lation 7,15, ~ 1/(-0.32,0.32) mm and rotation of angle ~
U'(—x /12,7 /12) (similar to Sloan et al. (2018)) around an arbi-
trary axis uniformly distributed in the sphere surface. Rotations
were represented in 6D. The parameters were set as a = 0.5
and f = 1. The p term is different in SRT compared to LRT
to compensate for the unequal contributions of translation vs
rotation.

Two different testing settings were used to evaluate the networks:
synthetic testing and real testing:

(1) Synthetic test: the two input volumes were synthesized from the
same pre-processed volume and varying known spatial trans-
formations. Over the five-fold cross-validation, a total of 12 100
cases were synthesized for each registration method, with 121
different spatial transformations applied on 100 CT volumes,
which were obtained by combining 11 initial translations and
11 initial rotations between the two input volumes. The syn-
thetic transformations were generated similarly to the training
procedure.

(2) Real test: each pair of contrasted and non-contrasted CT vol-
umes was pre-processed and fed into each network crossing the
five-fold validation.

The ground truth of translation and rotation is known in the synthetic
testing, but unknown in the real test.
Different strategies were used for the different targets:

(1) To optimize the networks in terms of LRT and SRT: All net-
works described in 3.2.3 were compared and tested separately
using the one-stage framework in synthetic testing for perfor-
mance comparison and validation of each network design. g,
was additionally tested using the real tests.

(2) To prove the superiority of multi-staging: D-net trained with LRT
was used as the first-stage alignment network g, to feed all the
g, networks trained with SRT. The cascaded two-stage networks
g, ® g, were tested with synthetic and real test settings.

Our CT dataset was divided as in Table 1 to allow five-fold cross-
validation in all cases with different disease stages, in order to prove
the applicability to to progression of the disease.

All experiments were performed in Python using TensorFlow on an
Nvidia 2080 Ti GPU 11 GB VRAM.

3.4.4. Evaluation

The Euclidean distance of Translation Error (TE) is calculated by
the L2-norm of the difference between the predicted and expected
translation:

TE = ||t -1, 12)

The Rotation Error (RE) between the predicted and expected rotation
is calculated by:
tr(RTQ(6)) - 1

RE = arccos(f) (13)

The Dice Similarity Coefficient (DSC) between the corresponding tibial
bones is calculated by:

2lVin V|

DSV V) = i)

14

Here the DSC is calculated for evaluation of registration via DSC(Vbine,
Vb‘f)‘ne), where pro e and Vb'(‘)‘ne are the volumes of the cortical bones
extracted from the predicted outputs f(X) and the expected ones X™
via thresholding and manual correction.

To evaluate registration performance, TE, RE, and DSC were
calculated in synthetic tests. In the Real test, only DSC was used

because the ground truth transformations are unknown.
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To quantify the robustness of framework with the respect to the
initialization in the real tests, the regression coefficient (RC) which
is the one-order coefficient in linear regression is used to evaluate
the linear trend between the DSCs before and after registration. It is
calculated by:

_ cov(DSC, DSC™Mt)
var(DSC™)

where the initial DSC™! is calculated by DSC™! := DSC(V!,v™), V!

denotes the tibial bone volume extracted from the input X', cov(-,-) is

the covariance between two input samples, and var(-) is the variance
function.

RC (15)

4. Results

All the networks were trained with LRT (Fig. 5(a)) and SRT
(Fig. 5(b)). D-nets (dark blue and purple) converged fastest in LRT
and converges after ME in SRT settings. D-net® further improves the
training efficiency compared to vanilla D-net, converging on average
10k iterations faster.

Table 3

Average values of Translation Error (TE/pm), Rotation Error (RE/°) and Dice Simi-
larity Coefficient (DSC/%) in Synthetic test (Syn) for one-stage networks trained on
large-range transform (g,) over five-fold cross-validation.

£ Init ME SE MED SED MS D-net D-net*
TE 523.6 408.3 405.7 322.7 128.5 334.5 72.8 69.7
RE 98.2 41.6 21.9 15.8 5.8 19.6 3.3 3.2
DSC 20.2 329 36.5 43.4 69.1 41.0 81.1 81.4

The TE, RE, and DSC results of all networks were confirmed to have
a normal distribution via the Kolmogorov—-Smirnov test with p < 1%.

4.1. One-stage network

4.1.1. Results in synthetic test

In this section, we report the results of the quantitative analysis
performed using the synthetic data set from the same pre-processed
volume and varying known spatial transformations. For each pair of
volumes, TE, RE, and DSC were calculated with results shown in Figs. 6,
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Table 4

Average values of Translation Error (TE/pm), Rotation Error (RE/°) and Dice Simi-
larity Coefficient (DSC/%) in Synthetic test (Syn) for one-stage networks trained on
small-range transform (g,) over five-fold cross-validation.

£ Init ME SE MED SED MS D-net D-net*
TE 174.5 26.4 46.3 40.3 31.0 45.7 19.8 18.7
RE 8.2 1.7 6.0 3.2 2.4 3.6 1.7 1.3
DsC 54.3 92.0 78.9 86.3 89.1 84.5 92.8 93.9

7, Tables 3 and 4. We found that both D-Nets are the only networks to
estimate the full range of rotation with the voxel-level translation error.

In particular, D-Nets with LRT setting achieved the lowest average
TE, RE and the highest average DSC within the varying range of initial
rotation and initial translation. The flat shape of the D-nets’ surfaces in
Fig. 6(a) indicates the robust performances at extreme rotations. SED
is the second-best network in the LRT setting, the following third-tier
includes MED and MS, and ME and SE are the bottom ones. Fig. 6(b)
shows D-nets lower than sub-voxel TE in around 68% cases. Fig. 6(c)
shows that only D-nets achieved the voxel-level average TE in the

synthetic test in LRT (Fig. 6(c)). The average TE, RE, and DSC are
summarized in Table 3. The D-Nets outperform the other networks, and
there is no significant difference between D-net and D-net® (ANOVA
with null hypothesis rejected by p < 1%). The performance of SED is
better than all others except D-nets.

Similarly as suggested in the previous section, synthetic results for
each network with the SRT setting are shown in Fig. 7. The top-tier
networks include ME and D-nets, and the second-tier networks are
MED, SED, and MS, which are all better than SE. Fig. 7(a) shows D-
net* obtained the lowest mean RE and the highest mean DSC within
the varying range of initial rotation and initial translation, where the
average TE of D-net® is also one of the lowest and outperforms single-
stage D-net, where the valley shape of the SE’s surfaces indicates the
least robust performance over the small range. Fig. 7(b) shows over
99% of cases of ME, D-net and D-net® achieved sub-voxel TE. All
the SRT-trained networks achieved sub-voxel average TE with varying
initial translation (Fig. 7(c) 2nd graph), whereas SE showed sensitivity
to starting rotation, in contrast to the other networks ((Fig. 6(c) top
graph). Those quantitative results of average TE, RE, and DSC are
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shown in Table 4. The significance test using ANOVA reveals that D-
net? outperforms all others. D-net and ME are the next best networks.
This illustrates that D-net is one of the best in the SRT setting and that
the Atrous convolution improves the performance compared to vanilla
D-net in the SRT synthetic setting.

4.1.2. Results in real test

In this section, we report the quantitative results of each one-stage
network with the LRT setting performed on the real data set. For each
pair of volumes with and without contrast, DSCs were calculated with
results shown in Fig. 9(a) and Table 6.

The results of the Real test as shown in Fig. 9(a) yield consistent
accuracy in the synthetic results, including the DSC plotted for each
case in the five folders (of cross-validation), the empirical cumulative
distribution function with the approximating shape to that in synthetic
test (Fig. 6(b)), and the linearly regressed trend line for each network.

10

Those quantitative values of average DSC are shown in Table 6 and the
RC with respect to the initial DSC is illustrated in row 2 of Table 7.
The ANOVA in the real test shows consistent results to the synthetic
with LRT setting. The results above illustrate the improvement of the
decoder and MNL, the superiority of D-nets in the LRT setting, and the
rationality to use D-net as the first stage network g, in a multi-stage
registration framework.

4.2. Two-stage network

4.2.1. Results in synthetic test

Previously, Fig. 6(b) shows that over 99.9% of cases’ TE and RE of
D-nets are within the range of SRT, [0 mm,0.32 mm] and [0°, 15°], and
thus prove the rationality of two-stage networks using the LRT-trained
D-net cascaded with SRT-trained networks described in Section 3.4.



J.-Q. Zheng et al.

Computerized Medical Imaging and Graphics 106 (2023) 102204

=
0.9 Lt ? i o ¥
e S v
* 4 q
07V >
o
L S
0
Cosl
4
0ak® L
03
02
|
0 20 25 30 35 40 45 50
(a) Subject
1
08 ME(g1)
O —— SE(g4)
éo.e vV —— MED(g4)
g < —— MS(g4)
a 04 > —— SED(g1)
%* —— D-net(g,)
02 O —— D-net?(g,)
o s L s e s | e Initial
0 0.2 04 06 08 1 0.1 0.2 03 0.4 05 06
< DSC Threshold DSCinit
-
&
0.9 # 8 -5-@’2‘2 E ot g § § H ¢ 3 2 §85°8
24 § grg ¥B7 4, - kN § g0 & RS20 g4y
P10 wg S AFL RS ‘%“\.ﬂ,@xxg TS el JEASEREARS e
DS my ‘% ___‘1 o I/\V/ﬂ‘ o o “§ o ~ \é g o ‘gl'
a\“ . FSan ™ A ‘.‘ ; \‘n'l ¥
§ 07— %, | ,’r *
06— !
o/
05 ‘.g//
0.4 ¥
| L 1 L 1 L ! ! L ! |
0 5 40 45 50
(b)
.
0.8 ME(g>)
. 0 — SE(gz)
-% 08 ¥V —— MED(g3)
5 < —— MS(g3) +D-net(g;)
S I>—— SED(g,)
b3 * —— D-net(g,)
} O —— D-net?(g,)
| e=—eemepe—pr=demper | .. 0. . e D-net(g;)
04 05 06 07 08 09 1 0.2 0.3 04 0.5 06
< DSC Threshold DSCinit

Fig. 9. Real test results of single and multi-stage D-net. The DSC results of the 50-case real test, including the empirical cumulative distribution functions, and the DSC with trend
line with respect to the varying initial DSC for one-stage networks trained with large-range transformation (a) and for two-stage networks (b) confirm the consistent conclusion of
synthetic test that D-nets achieve the best performance in the LRT setting and also one of the best performance as the second stage network in a two-stage network.

Table 5
Average values of Translation Error (TE/um), Rotation Error (RE/°) and Dice Similarity

Coefficient (DSC/%) in Synthetic test (Syn) for two-stage networks g, ®g, (g, cascaded
with g,) over five-fold cross-validation.

g2 (Dg: D-net) ME SE MED SED MS D-net D-net*
TE 72.8 30.5 24.3 35.3 21.5 44.2 15.8 15.0
RE 3.3 1.2 3.1 2.5 1.6 3.1 1.4 0.9
DSC 81.1 92.1 88.2 88.1 92.2 85.0 93.6 95.2

The quantitative results of the Synthetic dataset are presented in
this section for the two-stage network of each network with the SRT-
setting listed above cascaded to the LRT-trained D-net. For each pair
of volumes with and without contrast, TE, RE and DCS were calculated
with results shown in Fig. 8 and Table 5.

Fig. 8(a) illustrates that D-net*+D-net (the LRT-trained D-net cas-
caded with SRT-trained D-net*) obtained the lowest average RE, the

11

highest average DSC, and the comparable TE with D-net+D-net in the
varying range of initial spatial transformation. Fig. 8(b) and (c) present
all the two-stage networks outperform one-stage D-net(g;) on RE, TE
and DSC, with, as shown in Fig. 8(b), RE < 5° and sub-voxel TE
in over 97% cases and in all cases for the best one, D-net?*+D-net. In
addition, it is presented in Fig. 8(c) that all the two-stage networks
performed more robustly than the one-stage D-net with varying initial
spatial transformation and all achieved the sub-voxel average TE in
the LRT setting. Those quantitative results of average TE, RE, and DSC
are shown in Table 6. Using ANOVA for the statistic test, it is found
that all two-stage networks outperform the one-stage D-net(g;), and

D-net*+D-net is the best one.

4.2.2. Results in real test
Furthermore, the results of the real test for each two-stage network

as shown in Fig. 9(b) and Fig. 10 yield a consistent conclusion in the
synthetic results, including DSC plotted for each case, the empirical
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Fig. 10. D-net superiority in single and multi-stage exemplar alignments of volumes used in the real experiment. Pre- and post-contrast volumes of Subject Id 23, 44, and 48 are
shown aligned by the (g;) LRT-trained networks and by the (g, @ g,) cascaded networks. DSC values are indicated in the bottom right corner of each alignment.

Table 6

Average and standard deviation values (avg+std) of Dice Similarity Coefficient (DSC/%)
for one-stage networks g, and two-stage networks g, @g, in the Real test over five-fold
cross-validation.

£ Init ME SE MED SED MS D-net  D-net®
avg 36.4 46.1 48.5 59.3 76.6 53.9 81.4 814
std +8.4 +129 +12.2 +13.3 +10.5 139 88 +8.4
g, (®g;: D-net) ME SE MED SED MS D-net  D-net*
avg 81.4 87.0 82.6 85.7 86.1 84.9 85.7 87.1
std +8.8 +6.2 +7.6 +6.8 +7.2 +6.6 +7.2 +6.7

cumulative distribution function with the approximating shape to that
in the synthetic test (Fig. 8(b)), and the linearly regressed trend line
for each network. D-net*+D-net obtained DSC higher than 80% on over
90% of cases. Those quantitative values of average DSC are shown in

12

Table 7

Regression Coefficient (RC) of DSC with respect to initial DSC and the output of g;
in the real test respectively for one-stage networks g, and g, as well as the RC of DSC
with respect to initial DSC for two-stage networks g, @ g,(g, cascaded with g,) over
five-fold cross-validation.

ME SE MED SED MS D-net D-net*
& 0.91 0.49 0.63 0.65 0.85 0.41 0.32
& 0.41 0.68 0.49 0.57 0.32 0.53 0.52
£,(®g; : D-net) 0.25 0.36 0.30 0.32 0.22 0.37 0.31

Table 5, and the RC with respect to initial DSC is shown in row 3
of Table 7. The ANOVA results with hypothesis rejection by p < 1%
show that D-net*+D-net significantly outperforms others except ME+D-
net, and all two-stage networks except SE+D-net outperform one-stage

D-net(g,). They present the improvement of multi-staging in volume
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Fig. 11. Five examples of the CT images, with (w/) and without (w/0) contrast as well as the subtracted images (subtraction) after alignment via two-stage D-net*, shows the

cartilage area highlighted after the accurate alignment.

alignment and the superiority of using D-net® as the fine-refinement
network.

5. Discussion

In this paper, an annotation-free deep learning framework is pro-
posed for the accurate and automatic volume alignment of pre- and
post-contrasted cartilage CT scans of tibial bones through the esti-
mation of the spatial transformation without standard position and
orientation. It includes a multi-stage neural network, which contains
the novel D-net. Deep learning was required as classical image reg-
istration methods explored previously were insufficient (Zheng et al.,
2020b). The proposed two-stage framework achieved an average TE
of 15 pm and RE of 1° in synthetic tests. In the real test on matching
individual pre- with post-contrasted scans, an average DSC of 87% was
achieved, with an inference time of <0.2 s per pair of volumes. The
example pairs of CT images with and without contrast enhancement
before and after alignment are shown in Fig. 11. The subtracted figures
show the cartilage area (bright region) is highlighted and could be
distinguished after the accurate alignment.

In terms of the improvement of accuracy and robustness in net-
work structures with large-range transform, the superiorities of using
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a decoder part, and adding MNL are respectively validated by the over
0.3 DSC increment of the SED compared with SE, as well as the over
0.1 incremental DSC by D-nets compared with SED. D-nets are shown
outperforming all other networks with comparable or fewer trainable
variables in the LRT setting, and are among the top performing net-
works in the more clinically applicable SRT setting. D-net could also be
applicable to other parametric registration (i.e. affine registration) and
even non-parametric registration (i.e. deformable registration) without
the usual requirement of initial alignment.

In addition, despite the MNL used between the two-branch encoder
part of D-net in this paper for global-range links of similar inter-
branch features, it can be also employed in other multi-branch network
structures with different purposes (Kwon et al., 2019; Dunnhofer et al.,
2020), such as sharing a common latent space with varying mapping
for multi-task learning.

Furthermore, the improvement of Atrous convolution in terms of
training efficiency is presented by the training speed boost of D-net*(g;)
from D-net(g;) with the LRT setting. This training speed boost was not
observed in the SRT setting, showing that in D-Net, the SRT setting
might not benefit from as large a receptive field as the LRT setting.
The longer distance between every two corresponding voxels in the
LRT setting plays into the larger receptive field provided by the Atrous
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Fig. 12. Segmented surfaces for the exemplar tibial bones causing problems in the real test experiment, with subject 14 due to the epiphysis and the diaphysis separated with
the epiphysial plate broken, subject 6 due to fragments broken from tibial bone, and subject 2 due to the shape difference caused by the CT boundary.

convolution. This validates the effect of the receptive field on this task
and potentially other spatial information-based tasks. That is also one
reason to recommend D-net?(g,) for more time efficiency.

The two-stage network D-net®(g,)+D-net(g,), which is the combina-
tion of the best one-stage networks with LRT g, and SRT g, achieves
the best overall accuracy with a DSC of 0.87 as shown in Tables 3, 4.
Multi-staging of D-net(g;) with any of the SRT g, networks was also
superior compared to just D-net(g,) as shown in Table 7 in terms of
accuracy and robustness.

In terms of the application perspective, there are also several special
situations concerned when we used and evaluated our framework in
real cases, which are illustrated in Fig. 12. It is notable in Fig. 9 that
all the one- and two-stage networks failed on the subject (sub.) 14,
resulting from the separation of the epiphysis and diaphysis parts with
the epiphysial plate broken as shown in Fig. 12. This shape has never
been observed in the others, and thus never been learned by networks.
The bone could be broken during the cutting process. Another similar
situation of broken bone is also observed in sub. 6 and sub. 29 but the
rough shape of the main body is well preserved. Therefore the results
show that the framework is still able to deal with it although not as well
as in other cases due to the multi-body rigid transformation caused by
fragments. These two problems explain the cause of the outliers results
in the real test and also one potential reason that the results of the real
test are not as good as the synthetic test, which could be avoided during
the data sampling. In addition, the shape difference is also found in
sub. 45, because the portion of the sample is out of the field of view in
the scan. It has decreased the superior boundary of the evaluation based
on volume overlap via DSC but should not really affect the piratical use
since the cartilage part is always kept in the field of view.

In the future work, the morphological analysis will be explored
based on this framework for further osteoarthritis diagnosis and as-
sessment based on the cartilage shapes. In terms of the technique

14

proposed in this paper, D-net could potentially be adopted for clinical
or pre-clinical registration tasks in other modalities (e.g. ultrasound)
and other organs (e.g. fetal brain). Although this work mainly focuses
on volume alignment with the LRT setting problem, our proposed D-
net? also achieves the best alignment in the SRT setting, which is close
to the clinical setting with standard protocols. Thus, it could be further
improved and extended for more biomedical applications.

6. Conclusion

Overall, we proposed a multi-stage deep learning framework based
on a new Siamese-based network, D-net, for the accurate volume
alignment of pre- and post-contrasted CT scans of tibial bones toward
cartilage shape extraction. As far as the authors’ knowledge, it is also
the first implementation of volume alignment with a full capture range
of rotation and without annotation or poses template. The optimization
of the components in this framework, network structures, and multi-
staging, are validated, showing that D-net outperforms the current
state-of-the-art deep learning alignment methods with 87% DSC, and
that the framework performs a plausible alignment of the contrasted
and non-contrasted CT scans of tibial bones. In the future, we will
improve the accuracy by focusing on the failure cases resulting from
the bone fragments and the deviation from the limited field of view.
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Appendix A. Model detail

See Table A.8.

Appendix B. Model efficiency

See Table B.9.

Network structure detail for D-net and D-net?, where ker denotes kernel size, dila denotes dilation rate, conv denotes convolution, deconv
denotes deconvolution or transpose convolution, norm denotes the batch normalization, and act denotes the leaky ReLU activation function

with 0.01 negative slope.

Block Layer (s) ker dila Channels In Out
Dnet Dnet®
I f
conv,norm,act 3 1 1 1/16 m rm
f £
conv,norm,act 3 1 3 16/16 rl fl
rlm flm
Res-down f1f f1°
o conv,norm,act 3 1 9 16/16 f7m f1m
Atrous f1f f1f
Res-down conv,norm 3 1 1 16/16 m m
f1 f1
act f1f + rif s1f
f1m + r1m s1m
s1f s1f
downsample - - - - s1m s1m
f £
conv,norm,act 3 1 1 16/32 s1 r2
s1m r2m
r2f fof
conv,norm,act 3 1 3 32/32 r2m fam
Res-down f2f for
or conv,norm,act 3 1 9 32/32 fom fom
Atrous for f2f
Res-down conv,norm 3 1 1 32/32 fom fom
act f2f + r2f s2f
fam + ram s2m
s2f s2f
d 1 - - - -
ownsample som som
2f !
conv,norm,act 3 1 1 16/32 :2"‘ ;2‘“
r3f £3f
conv,norm,act 3 1 1 32/32 3m f3m
£3f a3!
conv 1 1 1 32/32 fgm a3m
3" @ d(a3™ a3l 3f
MNL mut-attn,conv 1 1 1 32/32 a £ ®o(a N ,am) 2 m
Res-down a3' ® #(a3',a3™) a3
3" + a3f £3°
conv,norm 3 1 1 32/32 £3m 4 a3m f£3m
act 3" + r3f s3f
f3m + r3m s3m
downsample o o
P s3™ s3™

(continued on next page)
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Table A.8 (continued).

Block Layer (s) ker dila Channels In Out
Dnet Dnet*
n r
conv,norm,act 3 1 1 32/64 :gm :2“‘
r4f 4"
conv,norm,act 3 1 1 64/64 r4m f4m
f f
conv 1 1 1 64/64 £4... Z:'"
MNL mut-attn,conv 1 1 1 64/64 a4@ ® 45(34.‘“’34{) ad!
Res-down ’ a4’ ® d(adf,a4™) a4qm
47 + a4 £4°
conv,norm 3 1 1 64/64 f4m 4 aqm f4m
act 4" + r4f s4
f4m 4+ r4m s4m
s4f s4f
downsample - - - - s4m s4m
conv,norm,act 3 1 1 32/64 s !
Vs ’ s4m r5m
r5° f5°
conv,norm,act 3 1 1 64/64 £5m f5m
f5° a5'
conv 1 1 1 64/64 f5m a5m
MNL mut-attn,conv 1 1 1 64/64 a5" ® #(as",as") a5t
Res-down ’ a5’ @ @(a5,a5™m) as5m
f5 + a5' f5¢
conv,norm 3 1 1 64/64 f5m 4 agm f5m
act _ _ _ _ 57 + r5f s5f
f5™ + r5™ s5™
s5° s5¢
downsample - - - - o5 o5
s5f 16
conv,norm,act 3 1 1 32/64 s5m 6m
r f f
conv,norm,act 3 1 1 64/64 ;Zm fgm
f6" a6’
conv 1 1 1 64/64 fom a6m
m m f f
MNL mut-attn,conv 1 1 1 64/64 a6|~ ®¢(36[ A6 a6
Res-down a6' ® ®(ab',a6™) a6™
f6" + a6 f6"
conv,norm 3 1 1 64/64 f6m + a6m fem
6" + r6f 67
act - - - - f6ll\ + r6m 56“‘
downsample - - - - se! se!
P s6™ s6™
conv 1 1 1 128/64 6! [|s6™ s6
deconv,act 1 - - 64/64 s6 17
conv,norm 3 1 1 64/64 17 7
Res-u act - - - - 7 + fof 7
P conv,norm,act 3 1 1 64/64 7 7
conv,norm 3 1 1 64/64 7 7
act - - - - f7 + 17 s7
deconv,act 1 - - 64/64 s7 r8
conv,norm 3 1 1 64/64 8 8
Res-u act - - - - 8 + f5¢ 8
P conv,norm,act 3 1 1 64/64 8 f8
conv,norm 3 1 1 64/64 8 f8
act - - - - f8 + 18 s8
deconv,act 1 - - 64/64 s8 9
conv,norm 3 1 1 64/64 19 fo
Res-u act - - - - 9 + faf 9
P conv,norm,act 3 1 1 64/64 f9 fo
conv,norm 3 1 1 64/64 f9 fo
act - - - - f9 + r9 s9

(continued on next page)
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Table A.8 (continued).
Block Layer (s) ker dila Channels In Out
Dnet Dnet*
deconv,act 1 - - 64/64 s9 r10
conv,norm 3 1 1 64/64 rl0 f10
Res-u act - - - - f10 + £3° 9
P conv,norm,act 3 1 1 64/64 f10 f10
conv,norm 3 1 1 64/64 f10 f10
act - - - - f10 + r10 s10
conv 1 1 1 64/3 s10 s10
dense,act - - - %/128 s10 s10
dense - - - 128/9 510 o, D

Table B.9

The time and computation efficiency of each model is evaluated with the number
of Parameters (#Par), Float Operations (FLOPs) and the time cost per image pair
(Time/Img).

ME SE MED SED MS D-net D-net*
#Par (10°) 10.28 12.05 4.85 4.54 5.24 4.95 4.95
FLOPs (10°)  23.26 46.06 23.05 44.55 26.36 48.24 48.24
Time/Img 0.08 s 0.07 s 0.12s 0.11 s 0.13 s 0.14 s 0.15s
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