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Abstract— The limited-angle cone-beam Computed Tomog-
raphy (CT) is often used in C-arm for clinical diagnosis with
the advantages of cheap cost and radiation dose reduction.
However, due to incomplete projection data, the 3-dimensional
CT images reconstructed by conventional methods, such as the
Feldkamp, Davis and Kres (FDK) algorithm [1], suffer from
heavy artifacts and missing features. In this paper, we propose a
novel pipeline of neural networks jointly by a FDK-based neural
network revisited from Würfl et al.’s work [2] and an image
domain U-Net to enhance the 3-dimensional reconstruction
quality for limited projection sinogram less than 180 degrees,
i.e. 145 degrees in our work. Experimental results, on simulated
projections of real-scan CTs, show that the proposed pipeline
can reduce some of the major artifacts caused by the limited
views while keep the key features, with a 16.60% improvement
than Würfl et al.’s work on peak signal-to-noise ratio.

I. INTRODUCTION

In classical Computed Tomography (CT) applications, it
is assumed that projection data are obtained over full angular
range. For instance, an exact reconstruction needs scans of
consecutive 180 or more than 180 degrees [3]. However,
due to mechanical limitation of some C-arm machines, the
projected sinogram data can only cover an angular range
less than 180 degrees. Because scanning by a limited angle
provides only a subset of complete projection data, the use
of a conventional filtered backprojection (FBP) algorithm
usually results in CT images with heavy directional artifacts
and large missing features.

Many studies have been proposed to compensate for
artifacts and missing features in limited-angle CT images.
Schnurr et al. [4] applied deep artifact correction to mitigate
limited-angle artifacts where three U-Net-based networks
and a 3D-ResNet are trained for artifact correction esti-
mation, and Dong et al. [5] used a deep learning U-Net
in projection domain of a conventional FBP method to
estimate the complete projection sinogram for high-quality
CT reconstruction. Würfl et al. proposed a novel method by
mapping a conventional FBP method to a neural network [2].
To embed the FBP algorithm into a neural network, the com-
plete procedure for reconstruction from projection domain
to image domain of a CT system is expressed in terms of
discrete linear algebra so that each matrix multiplication can
be modeled as a layer in a neural network.

In this paper, we revisit Würfl et al.’s work to address
our limited-angle CT reconstruction problem, and extend
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the work to include correction in image domain with deep
learning architectures to form our proposed pipeline neural
networks. Experiments were performed based on numerical
simulated sinograms of CT images from real scans to mimic
the reconstruction problem with limited-angle projections in
0 to 145 degrees.

II. METHODS

Our proposed model is built based on Würfl et al.’s FBP
neural network [2] inspired by the FDK algorithm [1]. Each
layer in the network from Würfl et al.’s work can be modeled
as one matrix multiplier as shown in (1) formulized by the
FBP algorithm in terms of discrete linear algebra [2], [6].

x = A>F−1KFWredWcosp, (1)

where the acquired projection data p first multiply their pixel-
wise cosine weights Wcos, and then multiply the redundancy
Parker weights Wred to ensure they are weighted appropri-
ately [7]. Next a convolution by a reconstruction filter K is
applied after Fourier transform F and then an inverse Fourier
transform F−1, and finally a backprojection via the adjoint
system matrix A> is used to obtain the reconstructions x.

However, Würfl et al.’s neural network cannot be directly
applied to address the artifacts in CT reconstructed by
limited-angle projections less than 180 degrees. The exper-
iments in their work are based on a limited angle of 180
degrees and the Parker weights [7] in their neural network
are used for an angular range equal to or more than 180
degrees, while the projections in this work are only up to
145 degrees. This is to simulate the mechanical limitation of
C-arm machine in cone-beam CT reconstruction. Therefore,
we revisit their work and drop the Parker weights in the
network. Equation (1) is rewritten as

x = A>F−1KFWcosp. (2)

The underlying principles of the neural network in (2) follow
the Feldkamp, Davis and Kres (FDK) algorithm [1], so
we call it FDK neural network. The initial weights in this
network directly come from the FDK algorithm, so without
any training, it acts the same as the FDK algorithm. The
FDK neural network is capable to propagate the gradient
through the whole network, from image domain to projec-
tion domain. It repeatedly learns parameters such as filter
weights during training. After training, it uses the same
calculations as the FDK method while only with different
learned weights [2]. Moreover, we use a parametric rectified
linear unit (PReLU) [8] instead of a standard ReLU used in



Fig. 1. The proposed pipeline neural networks that a U-Net is trained separately after the FDK neural network. Light blue nodes represent projection
domain, while dark blue nodes stand for image domain.

Würfl et al.’s FBP neural network because the backprojection
layer has negative output values that cannot be ignored.

The FDK neural network consists of solely the layers de-
rived from the FDK algorithm. It shows limited capability in
addressing the artifacts in CT due to limited-angle scanning
when the projection angles are less than 180 degrees. Here
we further introduce an additional deep learning network
in image domain after the FDK neural network. The deep
learning method we incorporate is U-Net which has shown
a great performance in medical image segmentation [9].
The workflow of the proposed pipeline neural networks is
illustrated in Fig. 1, where the U-Net is taken as an encoder-
decoder for image recovery. The inputs are a series of cone-
beam projections acquired from 0 to 145 degrees, and the
outputs are reconstructed 3-dimensional CT images. The
inputs first go through the FDK neural network for training to
produce initial CT images. Next, these initial reconstruction
images are regarded as inputs in an individual U-Net model
to train again to produce the final higher-quality CT images
as outputs, and it is a slice-to-slice training at this stage.

The architecture for the U-Net in this proposed pipeline
is illustrated in the lower panel of Fig. 1. It consists of
four levels on each side and the number of channels on the
bottom reaches 256. A batch size 10 is used for a slice-
to-slice learning. The convolutional operation in our U-Net
uses ’SAME’ padding mode and we drop the cropping step.
These changes can finally give us an output with the same
image size as the input.

In addition, as the FDK neural network allows us to
incorporate additional deep learning networks in both projec-
tion and image domain trained together [2], we further test
another three methods based on it, i.e. training jointly with a
U-Net only in projection domain, only in image domain, and
in both domains, respectively. By evaluating these models,
we can get better understanding of the impact of U-Net in
projection and image domain for the problem of limited-
angle artifacts such as missing features and blurring.

III. EXPERIMENTS

A. Data

The raw CT images are obtained from a public resource
(www.ircad.fr/research/3d-ircadb-01/) com-
posed of 20 CT samples of different patients. We perform
a cone-beam forward projection of the CT samples to
generate projection sinograms as input. These sinograms
are preprocessed by a simple min-max normalization and
then extended to range between 0 to 255 before training.
By doing so, we can have the corresponding ground truth
for performance comparison though backprojection using
the FDK algorithm on the full-view 360-degree cone-beam
projection data. For each CT sample, 360 projections are
generated using a 2-dimensional detector of 256 × 256
pixels with each pixel 2.6× 2.6 mm2 spacing. The distance
between radiation source and detector is set at 1200mm. The
angular increment between every projection is one degree.
We simulate the limited-angle problem by taking a subset of



sinogram from 0 to 145 degrees. The volumetric size for the
reconstructed CT is set to 150×256×256, where 150 is the
number of slices, and 256× 256 is the image size for each
slice. Training was performed on a computer with a GPU
GeForce GTX 1080 Ti (11 GB GDDR5X), an Intel Xeon
CPU E5-2650 v4 @ 2.20GHz × 48 and 188.8 Gb RAM.

B. Networks Building and Training

The FDK neural network is implemented based on Syben
et al.’s packages in TensorFlow [6] and the U-Net is imple-
mented using the functions from TensorFlow. Data are split
into 75% training data, 15% validation data and 10% test
data. `2 loss is used for the loss function and Adam optimizer
is chosen in training [10]. Learning rate is set at 10−5 and
the maximum number of epoches for training is 800. We use
early stopping strategy to avoid overfitting where the training
will exit if there is no more improvement after five epoches.

IV. EVALUATION

A. Metrics

Three metrics are employed for evaluation, i.e. Mean
Square Error (MSE), Peak Signal-to-Noise Ratio (PSNR)
and Structural Similarity (SSIM). PSNR measures the quality
of reconstructed images. A higher PSNR value generally
suggests a high-quality reconstructed result. It is defined as

PSNR = 10 log10(
R2

MSE
), (3)

where R is the possible maximum pixel value of the input
images; MSE is the mean square error.

SSIM measures the similarity of two images. It ranges
between −1 and 1 with value approaching 1 meaning that
the two images are more identical. We use a SSIM expression
presented in [11], defined as

SSIM(x, y) =
(2µxµy + C1)(2σxy + C2)

(µ2
x + µ2

y + C1)(σ2
x + σ2

y + C2)
, (4)

where x and y are the two images for evaluation; µx and µy

are the mean intensities of the two images; σx and σy are the
standard deviations of them; σxy is the covariance of them;
C1 and C2 are two constants in order to avoid instability.

B. Experimental Results

TABLE I
PERFORMANCE RESULTS IN TERMS OF MSE, PSNR AND SSIM (NOTE:

SEE SECTION IV.B FOR DETAILS OF EACH MODEL)

Model MSE PSNR SSIM
(1) 0.0236 16.3539 0.7566
(2) 0.0037 24.4122 0.8309
(3) 0.0039 24.1806 0.7860
(4) 0.0030 25.5833 0.8260
(5) 0.0042 23.9518 0.7319

(6) The Proposed Pipeline 0.0015 28.4647 0.8953

We evaluate the performance of six models indexed as:
1) The conventional FDK algorithm [1]; 2) The FDK neural
network [2], [6]; 3) The FDK neural network trained with a

U-Net in projection domain together; 4) The FDK neural
network trained with a U-Net in image domain together;
5) The FDK neural network trained with a U-Net in both
domains together; and 6) The proposed pipeline neural
networks with a U-Net trained separately after the FDK
neural network. For our proposed model based on the data
and computer configurations mentioned in Section III.A, the
total time for learning is around 4.5 hours. The evaluation
results of the six models measured by the three metrics are
listed in Table I by the index.

Visual comparison of the middle slice from the final
reconstructed CT using Model 1, 2, 6 and the ground truth
are shown in Fig. 2.

Fig. 2. One slice from the reconstruction results.

C. Analysis and Discussion
Table I shows that the FDK neural network has outper-

formed the traditional FDK algorithm in all of the three
metrics, particularly the PSNR is improved by 49.27%. This
shows an improvement for limited-angle CT reconstruction
problem by adopting neural networks. Then for investigations
of domain effect, by comparison of Model 3, 4 and 5 for
incorporating a U-Net in different domains, we see that
Model 4 performs better than both Model 3 and 5 in terms
of all the three metrics. This shows that adding a U-Net in
image domain performs better than that in projection domain
and both domains. Moreover, Model 4 is better than the FDK
neural network on both MSE and PSNR while Model 3 and
5 are worse than the FDK neural network in terms of all
the three metrics. The reason may be due to the fact that
the FDK mapping limits the quality if the inputs are coming
from limited views. It is likely no additional information can
be added to the reconstructed CT. The same can be seen by
using Model 5 that incorporates both deep neural networks
before and after the FDK neural network, and it is even worse
than the traditional FDK algorithm in terms of SSIM.

These observations motivated us to think about using deep
learning to incorporate the enhancement capability only after
FDK neural network independently. In Table I, our proposed
pipeline has achieved the best performance in all the three
metrics against all the other models. In particular, the PSNR
has increased by 74.05% and 16.60% compared with the
conventional FDK algorithm and the FDK neural network.
This presents a significant improvement by our proposed ap-
proach where first training the FDK neural network and then
the U-Net and shows that our proposed model can preserve
a good data fidelity. Moreover, from Fig. 2, we can see that
our proposed pipeline reduces almost all major artifacts as
well as recovers the most missing features successfully, such
as the distorted body outlines are nearly restored.



In our proposed model, the FDK neural network is be-
forehand trained to learn parameters such as filter weights
suitable for our reconstruction problem. This is better than
the traditional FDK algorithm with constant parameters used
for all the various reconstruction cases. Then U-Net is
applied after this FDK neural network to remove remaining
artifacts and recover missing features by learning from the
ground truth. Therefore, our proposed model demonstrates a
better performance than the other models listed in Table I
for the limited-angle CT reconstruction problem. Further
investigation is required to have a deep understanding of the
cause for such underperformance of training the FDK neural
network and U-Net together that this combination cannot
produce a better reconstruction result than that training U-
Net separately after the FDK neural network.

In addition, we calculate the absolute residual values of
Model 1, 2 and 6 with regard to the ground truth for direct
visual comparison. The residual results are processed to be
within a same intensity range and visualized in Fig. 3. The
residual figures for both Model 2 and 6 are smoother than
that of Model 1, which indicates that the reconstructed CT
images via deep learning methods from Model 2 and 6 are
closer to the ground truth. The residual for Model 6 is much
smaller than the other two with most areas of residual values
close to 0 except the bottom-right corner with slender lines
and a small part of the top left body outlines in higher
residual values. However it is still better than the residual
results of Model 2. The reason for this may be that most
information needed for reconstructing the corner and body
outlines are contained in the missing angular areas.

Fig. 3. The residual results for Model 1, 2 and 6 to the ground truth

Therefore, there are still some limitations in our proposed
pipeline neural networks, such as it presents previously that
the two slender lines on the bottom right and a small part
of the top left body outlines are of higher residual values.
Two areas are selected from the top left and bottom right of
the slice images in Fig. 2 for our proposed Model 6 and the
ground truth as displayed in Fig. 4.

Fig. 4. (a) and (b): the top left area of slice for our proposed pipeline
and the ground truth from left to right; (c) and (d): the bottom right area
of slice for our proposed pipeline and the ground truth from left to right

From Fig. 4, in (a) and (b), we can see that the outlines are
not recovered accurately and some features are still blurred

in our proposed pipeline compared with the ground truth.
Moreover, in (c) and (d), it is found that the two lines on the
bottom of the CT image are not well reconstructed, which
indicates that some features from the missing angular range
in projection domain are not well reconstructed. Thus, further
investigations are required.

V. CONCLUSION

In this paper, we proposed a pipeline of neural networks
that introduces an additional U-Net layer in image domain
following a FDK neural network based on Würfl et al.’s
work [2]. We investigated the limited-angle CT reconstruc-
tion problem with projections up to only 145 degrees. U-
Net was incorporated in different domains with FDK neural
network to reduce artifacts and recover missing features.
Experiments demonstrate encouraging results by applying
deep learning techniques in this field. The architecture with
the FDK neural network followed by an image domain U-Net
has achieved a significant improvement compared with the
conventional FDK algorithm and the FDK neural network.
However, there are still some limitations observed from the
results such as areas on the top-left and bottom-right corners
are still not reconstructed well. Further investigation can be
considered such as combining iterative methods with deep
learning networks, adding larger training dataset as there are
only limited 20 raw CT samples for us to produce sinograms,
and test the reconstruction on different anatomic data.
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