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Abstract Because of the growing concern over the radia-
tion dose delivered to patients, X-ray cone-beam CT
(CBCT) imaging of low dose is of great interest. It is dif-
ficult for traditional reconstruction methods such as Feld-
kamp to reduce noise and keep resolution at low doses. A
typical method to solve this problem is using optimization-
based methods with careful modeling of physics and
additional constraints. However, it is computationally
expensive and very time-consuming to reach an optimal
solution. Recently, some pioneering work applying deep
neural networks had some success in characterizing and
removing artifacts from a low-dose data set. In this study,
we incorporate imaging physics for a cone-beam CT into a
residual convolutional neural network and propose a new
end-to-end deep learning-based method for slice-wise
reconstruction. By transferring 3D projection to a 2D
problem with a noise reduction property, we can not only
obtain reconstructions of high image quality, but also lower
the computational complexity. The proposed network is
composed of three serially connected sub-networks: a
cone-to-fan transformation sub-network, a 2D analytical
inversion sub-network, and an image refinement sub-net-
work. This provides a comprehensive solution for end-to-
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end reconstruction for CBCT. The advantages of our
method are that the network can simplify a 3D recon-
struction problem to a 2D slice-wise reconstruction prob-
lem and can complete reconstruction in an end-to-end
manner with the system matrix integrated into the network
design. Furthermore, reconstruction can be less computa-
tionally expensive and easily parallelizable compared with
iterative reconstruction methods.

Keywords Cone-beam CT - Slice-wise - Residual U-net -
Low dose - Image denoising

1 Introduction

CBCT is widely used in many fields such as clinic
diagnosis, public safety inspection, and nondestructive
testing. In the field of CBCT reconstruction, analytic
methods such as FDK [1] are effective and practical to
reconstruct 3D objects. To reduce the potential radiation
risk, there are major efforts to lower X-ray radiation dose
[2, 3] and to speed up CT scans [4]. Because computer
hardware has greatly evolved, researchers have looked to
optimization-based iterative methods to reduce noise [5, 6].
Iterative algorithms like algebraic reconstruction tech-
niques (ART)-type [5], SIR [7], and MBIR [8] have been
used to reconstruct objects when projection data is noisy. In
the past few years, compressed sensing (CS) algorithms
have been studied [9, 10]. These studies have shown that
high-quality CT images can be reconstructed by iterative
methods, which can incorporate both models of imaging
physics and additional constraints [11-13]. A typical
example is image denoising based on total variation (TV)
regularization [14, 15]. However, optimization-based

@ Springer


http://crossmark.crossref.org/dialog/?doi=10.1007/s41365-019-0581-7&amp;domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1007/s41365-019-0581-7&amp;domain=pdf
https://doi.org/10.1007/s41365-019-0581-7

59 Page2of9

H.-K. Yang et al.

iterative reconstruction is normally computationally
expensive. Therefore, it is almost impossible to use such
iterative algorithms when real-time reconstruction is
required.

Recently, deep learning and convolutional neural net-
works (CNN) have been widely used in image processing
[16-18]. In the CT field, researchers have published some
studies using different kinds of CNNs to gain better
reconstruction images [19-21]. Researchers have shown
that deep learning methods can be used to help with low-
dose image denoising, metal artifact reduction, and sparse-
data CT [22-25]. Recently, a U-net [26] structure for a
large receptive field was also proposed to reduce noise in
low-dose CT images [19]. The successful implementation
of CNN in solving the problem of noisy data has shown
that CT noise caused by the low-dose condition has char-
acteristics that can be learned and reduced by CNNs.
However, the networks mentioned above focused only on
learning the characteristics in the image domain. Further-
more, not much study has been focused on the issue of
cone-beam CT reconstruction. Considering the popular
imaging modality of CBCT scan, we intended to catch the
features in both the projection domain and the image
domain, as well as employ the Radon transform relation-
ship between these two domains. For a certain cross section
of an object, we started our work by trying to implement a
residual U-net structure. That structure would estimate fan-
beam projection data using cone-beam projection data. In
this way, we aimed to transfer the problem from 3D
imaging to 2D imaging. In this work, we combine the
processes of projection estimation, image reconstruction,
and image refinement together into one network. Hence,
we incorporate the complete imaging physics model of
CBCT, as well as characterize data features in both the
projection and image domains. An end-to-end reconstruc-
tion network is built accordingly.

2 Theory and method

In this section, we first introduce briefly the basic phy-
sics of a dental cone-beam CT system and address the
problem of our interest. Then, a residual convolutional
neural network-type neural network is specifically con-
structed according to the physics and reconstruction theo-
ries of X-ray CT. Detailed network architecture is
presented and explained together with the step-by-step
training method.

2.1 Physics of a dental cone-beam CT imaging

A typical cone-beam CT imaging system with a circular
orbit is shown in Fig. 1. The rotation center is set as the
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origin O. The point D is the projection of O on the detector
plane. As shown in the front view of the detector in Fig. 1,
the position of D is denoted as (cp,rp). We denote the
projection data as a matrix P® € REV)*R which is
acquired with a detector array of R rows and C columns. In
total, V projection views are acquired in one scan. To save
cost, the detector is designed to cover half the FOV (field
of view). For a certain slice of the phantom, an M x M
cross-section attenuation map of the phantom can be
denoted as p. We assume a virtual fan-beam CT scan of p,
and with a C’-column detector covering the full projection
of the FOV. The corresponding fan-beam CT projection
can be denoted by q, q € R(C)*! with the same projec-
tion views as PP,

As shown in Fig. 1, in a cone-beam CT, the image p is
projected onto as many as R* rows on the detector, i.e.,
projections on these rows are related to p.

2.2 Main architecture of the network

Our proposed reconstruction network is an end-to-end
solution, i.e., the input is P°P and the output is ji. Because
P3P covers half of the FOV, the network will first estimate
the corresponding half of the virtual fan-beam projection,
which is denoted as p, using P*°. Then, the missing half of
the virtual fan-beam projection (denoted as p’) is estimated
from p. Concatenating p and p’ gives a complete set of fan-
beam projections ¢. We set p, p’ € RVO*! A sub-block
of the network executes the filtered back-projection (FBP)
algorithm reconstruction. Finally, the network refines pese
and outputs . Details of our network are expressed as
follows.

The whole network is composed of three sub-net-
works: the cone-to-fan transformation sub-network, the
2D analytical inversion sub-network, and the image
refinement sub-network. Two residual U-nets are utilized
in the cone-to-fan transformation and image refinement
sub-networks. As shown in Fig. 2, the U-net structure we
use consists of four stages connected by pooling layers
in the first half and upsampling layers in the second half.
The number of channels for the first convolution layer of
the U-net is .

In the cone-to-fan transformation sub-network, P3P is
the input. As shown in Fig. 2, in one branch, we recon-
struct image po with P°P using an analytical reconstruction
algorithm [27]. The simulated available half of the fan-
beam projection of pg is denoted as p,. In another branch,
P°" is inputted into U-net A. U-net A is expected to learn
the characteristics of P> and output the residual between
P, and p. The red arrow denotes the missing half of the fan-
beam projection p’ that is estimated with p, according to
the symmetry over rotation of a fan-beam scan [28].
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Fig. 1 Physical schematic
diagram of a cone-beam CT
imaging system (Color online)
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Fig. 2 Main structure of the dual-domain deep learning network (Color online)

According to our experience, CT reconstruction is sen-
sitive to errors in projection data. It is hard for the cone-to-
fan transformation sub-network to fully catch the charac-
teristics of a sinogram. Hence, we configured a sinogram-
to-image-domain transformation sub-network. We exactly
follow the computation as an analytical reconstruction and
hence refer to it as “2D analytical inversion sub-network.”
The procedure of this sub-network includes three steps:
weighting, filtration, and back-projection. All three of these
steps can be realized by matrix—vector multiplication.
Therefore, we can formulate the 2D analytical inversion
sub-network as FBP reconstruction steps:

fire = HLFW{ (1)

here W is a diagonal matrix for ray-by-ray weighting, the
matrix F represents a ramp filtration process in the detector

axis for all views, and H is a weighted back-projection
operator. The superscript T denotes a matrix transform.
These three matrices are predetermined by the CT scanning
geometry and can be pre-calculated. The 2D analytical
inversion sub-network essentially executes a Radon inverse
transform and completes the domain transformation. Sub-
sequently, the image-domain loss can be easily fitted in.
Because the inverse Radon transform is the physics model
in CT imaging, this sub-network is deterministic and does
not need to be trained, in theory. In other words, there is no
learning in this sub-network.

The outputs of the 2D analytical inversion sub-network
feer are further fed forward into an image refinement sub-
network. As shown in Fig. 2, the image refinement sub-
network also has a residual U-net CNN structure. This sub-
network (U-net B) further refines firse and outputs the final
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reconstruction of the linear attenuation map fi of the slice
of interest. According to our experience, a feasible choice
is to set ¢ to 24 in U-net A and to 16 in U-net B. We refer
to this whole proposed network as the dual-domain deep
learning (DDL) reconstruction.

2.3 Network training

When training, we first train the cone-to-fan transfor-
mation sub-network separately by a loss of 12-norm,

Esub = %Zszl HliFBP -
label, and K being the number of images in a training set.
Then, we train the whole network together. Similarly, the
W — 1y Hi
The error backpropagation algorithm for the cone-to-fan
transformation sub-network and the image refinement sub-
network is not different from the commonly used stochastic
gradient descent (SGD) in the deep learning field [26].
From Eq. (1), we can see that the chain rule for back-
propagation errors through the 2D analytical inversion sub-
network can simply be written as:

% _ wreth, % 2)
oq Obppp

i, with p; being the kth image

. . . 1 K
ultimate loss for this network is e =% "

3 Experiments and results

To examine the performance of the proposed method,
we arranged our research to reconstruct a certain slice of a
cone-beam dental CT.

3.1 Validating the network on simulated low-dose
CT data

In total, 110 patients’ normal-dose CT projection data
were obtained from a cone-beam dental CT. Among them,
100 randomly chosen patients’ data were used in training,
while the other 10 patients’ data were used for validation.
All these 110 patients were chosen randomly from hospi-
tals. The personal information of these patients was
anonymized. The data were taken from the same dental CT
system. Training data and validation data were indepen-
dent. For the cone-beam scan system, the source-to-origin
distance (Iso) was 485 mm, and detector-to-origin dis-
tances was 250 (Ipo) mm. A flat-panel detector of 658 rows
and 656 columns with bin size (bp) 0.2°> mm” was used,
i.e., R =658, C = 656. The position of Point D on the
detector, (cp, rp) equaled (329.5, 637.5). During each scan,
600 projections were taken. The reconstruction area was on
the 640 x 640 (M?) grid with voxel size by of 0.25% mm?.
We reconstructed a slice 35.375 mm (i.e., # = 35.375 mm
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as shown in Fig. 1) away from the mid-plane and the
maximum cone angle 0 of the involved data was 5.02
degrees. As a result, R* rows of detector bins were needed
in this case. R* can be calculated by:

" (ZDO + lso)bIM tan 0

k= bp(lso + biM /2) ®)

To achieve labels for our network, we collected data
scanned with the X-ray source set to be 100 kV and 4 mA.
Each projection was acquired in 20 ms. This was deemed a
normal-dose situation, and the corresponding blank scan
was denoted as In. We simulated the low-dose projections

3D 3D
PL, train and PL, validation®

sen according a Poisson distribution with mean equal to
20-25% of In. P;",

L, train®

with blank scan I} randomly cho-

BN irain fOrmed paired data for the

training of the proposed network.
We denoted the projection data in the training and val-

and P3P

. . 3D
idation sets as P N validation>

N, train
statistical image reconstruction algorithm using nonlocal
mean (NLM) regularization [29] was applied to obtain the
labels,

respectively. A

3D _ : 3D,,3D _ p3D
nwe = argmm{HH = PY i

uSD

z—i—ﬁ ifNLM [HU)} }7
(4)

with p*® and H® the 3D object and the corresponding
projection matrix, respectively, pV) the jth slice of p*P with

J slices in total, § a weighting coefficient, and fapm(+) the

slice-wise NLM cost function. We solved Eq. (4) itera-

3D
N, train

initial value. After ;i3D was obtained, the slice that was
35.375 mm away from the mid-plane was extracted to be
the label py of our network.

When training the cone-to-fan transformation sub-net-
work separately, the loss function of the network &gy
reached its convergence (i.e., relative change of &y, was
less than 0.01%) in about 250 epochs. Subsequently, the
whole network was trained together. The relative change of
the ultimate loss function ¢ was less than 0.01% after

another 150 epochs. The convergence curve in the training

3D
L, validation

tively using an analytical reconstruction from P as an

process is plotted in Fig. 3. In validation, P was

the input data with py ysjigaion Used as a reference for per-
formance evaluation.

As a demonstration, we show some intermediate results
in Fig. 4. We can see that analytical reconstruction can
provide high-frequency information for the slice of interest.
The cone-to-fan transformation sub-network can recover
the low-frequency information caused by the approxima-
tion in analytical reconstruction for the cone-beam prob-
lem. Details of intermediate results from the cone-to-fan
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Table 1 Quantitative

. . Methods
comparison of reconstruction

RRMSE

SSIM SNR

methods DDL with U-net

Estimation of ppgp
DDL with plain CNN
Image-domain U-net

Analytical reconstruction

0.0589 + 0.0016
0.0704 £ 0.0027
0.0718 £ 0.0017
0.0768 £ 0.0017
0.1629 £ 0.0097

0.9957 + 0.0006
0.9939 £ 0.0007
0.9936 £ 0.0008
0.9927 £ 0.0009
0.9682 £ 0.0040

20.6768 + 0.5722
19.1384 £+ 0.5251
18.9579 + 0.5572
18.3803 + 0.5373
11.8569 + 0.6597

transformation sub-network (fizgp) are also provided in
Table 1.

Using low-dose data, we compared our method with U-
net [19, 26] only in the image domain and with analytical
reconstruction [27]. The image-domain U-net-based
method also used py as labels and used p,, i.e., the ana-
lytical reconstructions [27] of Pi]?train, as inputs. We also
replaced the U-net A&B in our method with plain CNN,
which has approximately the same computation as the
U-net we used. U-net A was replaced by a nine-layer CNN,
which contained 24, 24, 24, 24, 24, 12, 12, 12, and 1

kernels (3 x 3), respectively. U-net B was replaced with a
five-layer CNN, which contained 16, 32, 16, 16, and 1
kernels (3 x 3), respectively. These results are included in
our comparison.

Three cases in the validation data set are shown in Fig. 5
with zoom-in of the region of interest (ROI) in the blue
boxes for demonstration. The horizontal profiles of the
difference images between the reconstructions and the
labels along the red line in Fig. 5 are plotted in Fig. 6. We
can see that structural information is severely contaminated
in analytical reconstructions for low-dose data. Image-
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Fig. 5 Reconstructions in validation set. From left to right: normal-dose reconstruction (labels), low-dose reconstructions from DDL with U-net,
DDL with plain CNN, image-domain U-net, analytical reconstruction. Display window: [0 0.07]

——DDL with U-net
-=--DDL with Plain CNN
- |mage-domain U-net 7
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1 1 1

Fig. 6 Horizontal profiles of %1073
the difference image of the 6 T
reconstructions and labels along .
the red line in Fig. 5. The red 5! 4+
and green lines of DDL results E
show smaller differences from = ot
the labels than the other two “uq:)
lines, and the red line of DDL S b
with U-net result is slightly :
better than the green line (Color o |
online) B 2
o)
c
o -4+
v}
©
5 6
4]
c
O 8t
-10 !
0 5

domain U-net-based methods can work well in reducing
noise but the edges are a little blurred. The proposed net-
work performs best in recovering structural details com-
parable to the normal-dose case.

Moreover, we quantitatively evaluated the image quality
of all validation reconstructions in terms of relative root
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Pixels

mean square error (RRMSE), the structural similarity
(SSIM) index, and signal-to-noise ratio (SNR). The
RRMSE index for each reconstruction image was com-
puted as,
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”li - “N||2 (5)

RRMSE = ,
[l ll

with i and py denoting the output of the network and the
corresponding label, respectively. The SSIM index for each
reconstruction image was computed as,

(i + C1) (20 + C2)

SSIM = —— ,
<;i +ﬁ§+C1) <a§+aﬁN+Cz)

(6)

where i and Jiy are the means of Ji and Iy, respectively, o,
and oy, are standard deviations of i and py, and oy, is the
cross correlation. The constants C; and C, are stabilizers.
The SNR was computed as,

ZJ: (Fij - I_IN)2

SNR = 10log,, (7)

> (0 — m) |
where j indexes the pixels. Results are shown in Table 1. It
is shown that our DDL design is the most important factor
for realizing high-quality reconstructions in this low-dose
CT reconstruction problem. The RRMSE, SSIM, and SNR
of figgp in Table 1 show that the cone-to-fan transformation
sub-network can do a good job in the estimation of fan-
beam projections, leading to rather good images from the
subsequent analytical inversion sub-network. The addi-
tional image refinement sub-network further improves the
image quality of the reconstructions.

Fig. 7 Phantom used in practical experiments

3.2 Validating the network on practical CT data

We also imaged a skull head phantom (shown in Fig. 7)
for practical experiments. The low-dose scans were done
on the same dental CT system used above. The voltage of
the X-ray source was set to 80 kV and the current was set
to 2 mA. Under this low-dose situation, the blank scan I,
was about 25% of Iyn. The reconstructions are shown in
Fig. 8.

From these results, we can see that the proposed method
can effectively reduce the noise in practical low-dose CT
reconstructions. All main structures of the phantom are
well reconstructed by the trained network.

4 Computational complexity

The computational complexity of the proposed method
can be estimated from the computation load of the three
sub-networks. The major computation load in both cone-to-
fan transformation and image refinement sub-networks is in
the convolution layers. If we count the multiplications
only, there will be

X; x Y; x kernel size x [kernel # of the (I — 1)thlayer]
x (kernel # of the /th layer)

multiplications for the /th convolution layer. Here, [ is the
layer index, with channels of dimension (X; x Y;). Hence,
the number of multiplications in the network will be
approximately,

L
E X; x Y;x (o X ay) X Kj—1 X K /= 5 projections.
=2

Here, x; and o; X o; denote the channel number and the
kernel size of the Ith convolution layer, respectively, and L
is the total number of convolution layers in the network. In
Table 2, we list the multiplications in CNN layers of the
dominant computation load. In our experiments, R* = 92,
R =658, C =656, M =640, x5 =24, and y5 = 16. The
computation of the 2D analytical inversion sub-network is
mainly a 2D back-projection. In addition to the computa-
tion in convolution layers, two back-projections and one
projection are needed. For simplicity, we treat projection
and back-projection as having the same amount of com-
putational complexity. Therefore, we can see that the
computational complexity is approximately (54 3)/2 =4
2D iterations in an iterative reconstruction method. This is
much faster than many iterative methods in this field. We
use an Intel core i7-5930 K CPU (3.5 GHz), and a GeForce
GTX TITAN X GPU. With our method, the time—cost of
one-slice reconstruction is about 5.2 s, while an NLM

@ Springer
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Fig. 8 Reconstructions of a skull head phantom. From left to right: low-dose reconstructions from statistical reconstruction using NLM
regularization, DDL with U-net, DDL with plain CNN, image-domain U-net, and analytical reconstruction. Display window: [0 0.07]

Table 2 Multiplications in

CNN layers of dominant Layer # Multiplications in U-net A Layer # Multiplications in U-net B
computation load 5 ORCR' 7, 16 oM

3 9RCyA 17 oM

4 (9/8)RCxx 18 (9/8)M13

5 (9/4)RCrx 19 9/9M 13

1 (9/2)RC3 25 9/2)M*%

12 (9/8)RCx4 26 (9/8)M 13

13 18RC1% 27 18M213

14 9RCrx 28 oM

regularized iterative method takes about 260.2 s to
converge.

5 Conclusion

We propose a new framework of X-ray CT reconstruc-
tion based on deep learning for slice-wise reconstruction in
a cone-beam CT system. The proposed method utilizes a
novel structure containing three parts, which were designed
for cone-to-fan projection estimation, 2D analytical inver-
sion transform, and image refinement, respectively. The
cone-to-fan transformation and the image refinement sub-
networks are both built using residual U-net structures. A
2D analytical inversion transformation sub-network com-
pletes the domain transformation from projection domain
to image domain. The cone-to-fan transformation sub-
network is trained first. Then, the whole network is trained
using ultimate image-domain loss. Our results with a
realistic phantom show that the proposed method can
effectively reduce noise and recover detailed structures in
scanned objects. Reconstructions have higher image qual-
ity than commonly used low-dose cone-beam CT
reconstructions.

It is worth pointing out that when the targeted slice is far-
ther away from the mid-plane of a cone-beam CT, the pro-
jection of the slice is contained in multiple detector rows. The
data of the slice of interest are mixed with many other slices,
and this makes it more challenging to obtain the 2D projection
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of the slice. Because the cone angle of practical CT systems is
usually within — 5 to 4 5 degrees, we have researched the
most difficult situation, where the cone angle is about 5
degrees, as an example. By building up similar branches for
different slices, one could conveniently reconstruct a volume
of interest or multiple inconsecutive slices.

This proposed network is initially designed to incorpo-
rate the imaging physics (modeled by a CT system matrix)
in the network design so that it can learn the characteristics
of both projection and image domains in an end-to-end
mechanism. It combines the capability of physical models
and information mining from big data sets. Moreover, this
network simplifies the 3D imaging process by transferring
it into a 2D form so that only a 2D system matrix is needed
in the projection-to-image-domain transfer thereby reduc-
ing the memory requirement. By decoupling the 3D pro-
jection into an independent 2D problem, significant
computation time can be saved compared with 3D pro-
jection and back-projection in iterative methods. Finally,
the reconstruction using the trained network can be com-
pleted with good speed using currently available parallel-
computing power. These advantages could be greatly
beneficial to real-time applications.

In this work, we use dental CBCT data to confirm the
effectiveness of our method of reconstructing a certain
slice of a scanned object. We do not consider the issue of
metal artifacts in this work. Our group is working on
restraining metal artifacts as a separate problem [30]. For
future work, we plan to combine our work together and
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further optimize the network for 3D volumes. We will
extend the method to other CT scan geometries as well.
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