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Abstract
A radiograph visualizes the internal anatomy of a patient
through the use of X-ray, which projects 3D information onto a
2D plane. Hence, radiograph analysis naturally requires physicians to relate their prior knowledge about 3D human anatomy
to 2D radiographs. Synthesizing novel radiographic views in
a small range can assist physicians in interpreting anatomy
more reliably; however, radiograph view synthesis is heavily
ill-posed, lacking in paired data, and lacking in differentiable
operations to leverage learning-based approaches. To address
these problems, we use Computed Tomography (CT) for radiograph simulation and design a differentiable projection
algorithm, which enables us to achieve geometrically consistent transformations between the radiography and CT domains.
Our method, XraySyn, can synthesize novel views on real radiographs through a combination of realistic simulation and
finetuning on real radiographs. To the best of our knowledge,
this is the first work on radiograph view synthesis. We show
that by gaining an understanding of radiography in 3D space,
our method can be applied to radiograph bone extraction and
suppression without requiring groundtruth bone labels.

(a) Input Radiograph

(b) Synthesized Novel View

(c) Bone Estimation on Input

(d) Bone Suppression on Input

Introduction
Radiography, widely used for visualizing the internal human
anatomy, applies high-energy radiation, or X-ray, to pass
through the body, and measures the remaining radiation energy on a planar detector. Since different organs attenuate
X-ray to various degrees, the detected energy is visualized as
a 2D image or a radiograph, that reveals the internal structure
of the body and provides valuable diagnostic information.
Radiography is fast and economical; however, high energy
radiation can cause adverse health effects. Conventionally
only a single, frontal view radiograph is acquired per session,
e.g. for chest radiography. While physicians can intuitively
relate the different organs on a 2D radiograph in 3D space,
such intuition is implicit and varies in accuracy. As such, a

Figure 1: From (a) a real radiograph, XraySyn synthesizes
(b) a radiograph of novel view. As the view point rotate
clockwise in azimuth angle, observe that the heart and the
rib bones, as the blue arrows indicate, change accordingly.
Additionally, XraySyn obtains (c) the bone structure across
all views and can be used to perform (d) bone suppression.
Both synthesized views and bone estimation are generated
without direct supervision.
radiograph view synthesis algorithm can help provide additional information to assist in understanding a patient’s
internal structure. The ability to understand radiographs in
a 3D context is also essential beyond providing more visual
information. For example, since every pixel on a radiograph
represents an X-ray traversing in 3D, it is principally ambiguous to label a pixel as a specific anatomical structure, as
X-rays inevitably pass through multiple structures. By exploring 3D context, we can disentangle a pixel into values that
represent different structures, and lead to improved analysis
algorithms. Particularly, bone extraction on real radiographs
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is difficult, but has been used in fracture analysis (Chen et al.
2020), lesion detection (Li et al. 2020), etc. In this work, we
tackle radiograph understanding in 3D, specifically through
the tasks of novel view synthesis and bone extraction.
Transforming 2D images to 3D objects is by nature illposed. In the natural image domain, deep learning-based
methods have shown impressive results in addressing such a
problem. Radiograph view synthesis, however, poses several
unique challenges. Firstly, there is no multi-view dataset for
radiographs due to privacy and radiation concerns, which
prohibits the use of supervised learning. Secondly, there
lacks a differentiable algorithm that ensures geometrically
consistent transformations between radiographs and the 3D
space. Lastly, unlike visible light, X-rays can penetrate objects, therefore to invert the X-ray projection one should take
into account both the surface and the internal 3D structure,
making the problem even more ill-posed than for natural
images and thus poses challenges to unsupervised methods.
While inverse graphics is a daunting task to be solved directly on real radiographs, some attempts have been made
to address it through Digitally Reconstructed Radiographs
(DRRs) (Ying et al. 2019; Henzler et al. 2018). DRRs (Moore
et al. 2011) are simulated radiographs from Computed Tomography (CT) volumes, which are abundantly available.
This approach addresses the data scarcity for learning a 2D3D transformation; however, there remains significant differences between real radiographs and DRRs. The generation
of DRRs also cannot be incorporated into a learning-based
algorithm, and either is done off-line (Henzler et al. 2018)
or has severe limitations in available view angles (Ying et al.
2019).
In this work, we introduce a novel, two-stage algorithm
called XraySyn to estimate the 3D context from a radiograph
and uses it for novel view synthesis and bone extraction. The
first stage of XraySyn, called 3D PriorNet (3DPN), incorporates a pair of differentiable backprojection and forward
projection operators to learn the radiograph-to-CT transformation under a simulated setting. These operators ensure the
transformations between radiograph and CT to be geometrically consistent, therefore significantly reducing the complexity of learning. We further incorporate the differentiable
forward projector into a modified DeepDRR (Unberath et al.
2018), which simulates realistic radiographs, to minimize the
domain gap between DRRs and real radiographs. The second
stage of XraySyn, called 2D RefineNet (2DRN), further enhances the projected radiograph from its estimated 3D CT.
By using a Generative Adversarial Network (GAN) and residual connections, 2DRN produces high quality radiographic
views and their respective bone structure. In summary, our
contributions can be described in four parts:

3. We propose a 2D RefineNet (2DRN), which refines the 2D
radiographs projected from 3DPN’s output. By leveraging
the availability of CT labels and the CT2Xray pipeline, the
2D RefineNet can synthesize not only novel radiograph
views, but also the corresponding bone structure.
4. We evaluate XraySyn, comprising 3DPN and 2DRN, on
real radiographs and find the performance of view synthesis and bone extraction visually accurate, despite the lack
of direct supervision in the radiograph domain.

Related work
View synthesis from a single image There is a long history of research in natural image view synthesis. For relevancy and brevity, we focus on recent advances in view
synthesis based on a single image and with the use of CNN.
One approach to tackling such a task is to generate the new
view in an image-to-image fashion. Some methods (Chen
et al. 2016; Kulkarni et al. 2015) propose to generate a disentangled space where the image can be projected to and
modified from to synthesize new views, while others (Park
et al. 2017; Sun et al. 2018; Tatarchenko, Dosovitskiy, and
Brox 2016; Zhou et al. 2016) rely on GANs to generate the
information that is occluded from the original view. In general, the image-to-image approach is based on sufficient pixel
correspondence between views, which provide understanding for recovery in either the image space or latent space.
Such pixel correspondence is much weaker between X-ray
views. In spirit, our method is more similar to the 3D shape
generation approaches (Girdhar et al. 2016; Choy et al. 2016;
Liu et al. 2019; Xu et al. 2019; Gkioxari, Johnson, and Malik 2019; Groueix et al. 2018) that concern the generation
of 3D surfaces, which are less ill-posed than generating 3D
volumes.
Radiograph simulation and transformation to CT Due
to the lack of multi-view radiographs and the difficulties
in correctly labelling them, data-driven methods that require large number of radiographs often turn to CT-based
radiograph simulations. While Monte-Carlo (MC) methods
based on imaging physics (Badal and Badano 2009; Sisniega et al. 2013; Schneider, Bortfeld, and Schlegel 2000) can
lead to highly realistic radiograph simulations, they are timeconsuming and not scalable. Many works (Li et al. 2020;
Gozes and Greenspan 2018; Ying et al. 2019; Albarqouni,
Fotouhi, and Navab 2017; Campo, Pascau, and Estépar 2018)
use DRRs, which are less realistic but computationally inexpensive radiograph simulations, to perform tasks such as bone
enhancement, bone suppression, disease identification, CT
reconstruction, etc. In particular, Ying (Ying et al. 2019) addresses the discrepancy between DRRs and real radiographs
by training an additional domain adaptation network. Henzler
(Henzler et al. 2018) uses real cranial X-ray images acquired
in a controlled setting to recover the 3D bone structure. Song
(Song et al. 2020) uses a single Panoramic X-ray with a photo
of the patient’s mouth to reconstruct the 3D structure. As clinical evidence supports that bone suppression on radiograph
can improve diagnostic accuracy (Laskey 1996), Li (Li et al.
2020) proposes to achieve bone suppression by learning a
bone segmentation network based on DRRs, and apply the

1. We propose a differentiable forward projection operator
and incorporate it within a modified DeepDRR, forming
a pipeline called CT2Xray that simulates realistic radiographs from a CT, propagates gradients, and runs fast.
2. We propose a 3D PriorNet (3DPN), which incorporates
CT2Xray and generates the 3D context from a single radiograph through learning from the paired relationships
between simulated radiographs and their CT volumes.
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network on real radiographs with handcrafted post-processes.
Recently, DeepDRR (Unberath et al. 2018) is proposed to
model DRR generation more accurately by replicating similar
procedures from the MC simulation counterpart, and shows
that CNN models trained on such simulations are able to
generalize better on real radiographs.

pipeline, called CT2Xray, which incorporates the differentiable forward projector and produces more realistic radiographs. In (Unberath et al. 2018), a realistic X-ray attenuation
Iatten is modeled as
X
P
Iatten =
I0 e− m µ(m,E)tm + SE + noise,
(3)
E

Method

where µ(m, E) is the linear attenuation coefficient of material m at energy state E and is measured and known (Hubbell
and Seltzer 1995), tm is the material thickness. SE is the scatter estimation term, I0 is the source X-ray intensity. Along
with noise, SE and I0 are omitted for simplicity.
CT2Xray considers only the bone and tissue materials, that
is, m ∈ {bone,tissue}. With the aid of a bone mask Vmask
and using the differentiable forward projector, it calculates
the material thickness wrt the projection parameter T as

The main goal of this work is to synthesis novel views from
a frontal view radiograph, which requires a degree of 3D
knowledge. As multi-view dataset is not readily available for
real radiographs, our proposed method, XraySyn, composes
of two stages. The first stage learns to estimate 3D knowledge
under a simulated setting by using CT volumes. The second
stage transfers such learning to generate real radiographs.
The challenge underlying this approach is how to best address the transformation from simulated radiographs to CT
volumes, while ensuring the input radiograph can be reproduced from such volume. We first explain the proposed operators that enable learning such a transformation, CT2Xray
and Single Image Backprojector. We then introduce XraySyn,
which incorporates the two operators for a radiograph-to-CTto-radiograph algorithm.

tCT
bone (T ) = FP(VCT
tCT
tissue (T )

Vmask , T ),

(1 − Vmask ), T ).

= FP(VCT

(4)

Radiographs are typically stored and viewed as inverted versions of the measured attenuation; therefore, CT2Xray can
be expressed as
T
T
CT2Xray(VCT , Vmask , T ) = max(Iatten
) − Iatten
,

CT2Xray
CT2Xray, as shown in Fig. 2, has two parts: (i) the differentiable forward projection; (ii) attenuation-based radiograph
simulation, which along with the first part forms CT2Xray
and transforms a CT volume into a realistic radiograph. To
the best of our knowledge, CT2Xray is the first algorithm
that can generate realistic radiographs from CT volumes with
gradient propagation along arbitrary viewpoint.
Differentiable forward projector (FP). Let VCT denote
a CT image, FP generates a 2D projection of VCT by:
Z
I(x) = FP(VCT , T ) = VCT (T −1 p)dl(x)
X
(1)
≈
VCT (T −1 p)∆p,

with

T
Iatten
=

X

e−

P

m

µ(m,E)tCT
m (T )

.

(5)
(6)

E

Single image backprojector (BP). While CT2Xray generates radiographs from CT volumes, an inverse function is
needed to transform radiographs back to the respective CT
volumes. Such a transformation is clearly ill-posed; however,
we can formulate an inverse function of the forward projector
to properly place the input X-ray image in 3D. We call such
an inverse function the single image backprojector. Following
a similar formulation from general backprojection algorithm,
which reconstructs CBCT from multi-view radiographs as
described in (Kinahan, Defrise, and Clackdoyle 2004), the
single image backprojector (BP) is expressed as follows:
(
I(x)
, if T y ∈ l(x),
T
VBP
(y) = BP(I(x), T ) = |l(x)|∆p
(7)
0,
otherwise.

p∈l(x)

where T is a homogeneous matrix that controls the rotation
and translation of the view point and l(x) is a line segment
connecting the simulated x-ray source and detector at x. For
backpropagation, the gradients of I wrt VCT can be written as

∂I(x)
∆p, if T y ∈ l(x),
=
(2)
0,
otherwise.
∂VCT (y)

T
By substituting VBP
in (7) into VCT in (1), the same I is
T
recovered under view T , hence we denote VBP
obtained in
this way as the backprojection of I at view T . While the
same image-wise consistency does not generally apply to
CT2Xray, i.e., substituting (7) into (5) does not recover I. We
show that by using a CNN to complement the single image
backprojector, such consistency can be better approximated
due to geometric consistency.

Equations for (1) and (2) can be implemented through massive parallelism with GPUs, where every line integral over the
volume is a standalone operation; as such this implementation
can be used in online training.
CT2Xray. Forward projecting CT volumes generates
DRRs, which are poor simulations of X-ray images due to
the inaccurate assumption that different tissues attenuate the
X-ray similarly. DeepDRR (Unberath et al. 2018) produces
a better simulation by avoiding this assumption, but it is
not differentiable and hence not amenable for end-to-end
learning. We contribute a differentiable X-ray simulation

XraySyn
XraySyn is trained in two stages, as shown in Fig. 2. The
simulation stage trains a radiograph-to-CT transformation
network, called 3D PriorNet, and with help of CT2Xray
generate radiographic views from the estimated CT. The
real-radiograph stage, which trains a 2D RefineNet, then
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Figure 2: The proposed two-stage network structure of XraySyn. In the first stage (top), simulated radiographs are backprojected
(BP) from view T , and refined through 3DPN to obtain their CT and bone mask estimates, VCT and Vmask . Through CT2Xray,
0
CT
VCT and Vmask are forward projected (FP) from view T to calculate the tissue and bone content tCT
bone and ttissue , which are used to
CT
CT
simulate the novel view radiograph. In the second stage (bottom), tbone and ttissue are generated from real radiographs through a
trained 3DPN, refined through 2DRN, and used to generate the novel view.
2D RefineNet (2DRN). While 3DPN G estimates a degree of 3D context from a radiograph, such estimation is both
coarse in quality, due to the ill-posed nature, and in resolution,
due to memory constraint. Furthermore, there exists a domain
gap between real and simulated radiograph. To address these
issues, a second stage, called 2DRN, is introduced. 2DRN
has two goals: (i) to generate realistic radiographs from the
output of 3DPN with higher resolution, and (ii) to do so with
small refinements on tCT
m such that we can still obtain the material decomposition of the output radiograph. Conceptually,
2DRN can be understood as a part of an augmented, learnable CT2Xray. 2DRN is constructed in two parts. The main
refinement network F is based on Residual Dense Network
(RDN) (Zhang et al. 2018); additionally, a fully convolutional
network M is used to generate certain convolutional layer
parameters in F directly from the input IinT . The purpose
of M is to shuffle high level information that may be lost
during the process of 3DPN. Overall, the refinement on tCT
m
is expressed as:

further closes the domain gap between simulated and real
radiographs. Due to the need for calculating the materialdependent attenuation, we also gain the ability to transfer
labels from the CT domain to the radiograph domain, in our
case with CT bone labels, and achieve bone extraction on
real radiographs.
3D PriorNet (3DPN). Under the simulated setting, SinT
gle Image Backprojector produces VBP
from input view raT
diograph I , and CT2Xray produces a desired view radio0
graph I T from VCT and Vmask ; to complete the end-to-end
radiograph-to-CT generation, a function G is needed to reT
cover VCT and Vmask from VBP
. Mathematically, the generation process between radiograph and CT can be expressed
as:
T
{VCT , Vmask } = G(BP(Iin
, T ); θ),
(8)
0
0
T
ICT
= CT2Xray(VCT , Vmask , T ),
where θ represents the parameters in G. We use a 3D UNet
(Çiçek et al. 2016) structure for G. The loss functions for
training G need to ensure consistency both in CT and radiograph domains, and are defined as:

CT
CT
T
tref
m (T ) = tm (T ) + F (tm ; φ, M(Iin )),

0

LG = λCT LCT + λmask Lmask + λxray (LTxray + LTxray ),
where λCT , λmask , and
LTxray are defined as:

λTxray

(9)

are weights; LCT , Lmask , and

gt
LCT = kVCT − Vgt k1 , Lmask = CE(Vmask , Vmask
),
X
T
T
T
CT
gt
Lxray = kICT − Iin k1 +
ktm (T ) − tm (T )k1 ,

(11)

where φ and M(IinT ) represent the parameters in F. Replacref
ing tCT
m in (5) with tm yields an augmented CT2Xray:
T
T
CT2Xrayaug (VCT , Vmask , T ) = max(Iref
) − Iref
,
(12)
P
P
ref
T
− m µ(m,E)tm
where Iref
=
. Similarly, the fiEe
0

T
nal view synthesis results are defined as Ifinal
=
0
CT2Xrayaug (VCT , Vmask , T ). A Least-Square GAN (LS-

(10)

0

m

T
GAN) is used to ensure Ifinal
is statistically similar to IinT
0
when T and T are relatively close. The overall loss function
for 2DRN is described as:

0

where CE refers to the cross entropy loss and LTxray is defined
similarly as LTxray .
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used to measure the quality of synthesized novel views and
material decomposition. For real radiographs, we use PSNR
and SSIM to measure the quality of reconstruction for the
input view T and Fréchet Inception Distance (FID) (Heusel
et al. 2017) to measure the realism of the novel view radiograph in comparison to the input view radiograph. Since
radiographs are grayscale images, we do the following to
adapt to the ImageNet-trained InceptionV3 model: 1) we
repeat the grayscale values across the RGB channels, and 2)
use the middle layer features from InceptionV3, specifically
the 768-channel layer before InceptionV3’s last auxiliary
classifier, for better generalizability.

0

T
T
, IinT ).
L2DRN = λrecon kIfinal
− IinT k1 + λGAN LLSGAN (Ifinal
(13)

LLSGAN is defined
as:
0
0
T
T
T
2
T
2
LD
LSGAN (Ifinal , Iin ) = E(D(Iim − 1) )) + E(D(Ifinal − 0) ),
0

0

T
T
) = E(D(Ifinal
− 1)2 ),
LGLSGAN (Ifinal
(14)

where G indicates generator, in this case the composition of
G, F , and M. D indicates the discriminator.

Ablation study We evaluate the effectiveness of XraySyn
against alternative 2D or 3D methods. Firstly, comparisons
against 3DPN are made under the simulated setting as described below:
• 2D Refiner: An image-to-image method by synthesizing
0
new views from input FP(BP(IinT , T ), T ) through a 2D
DenseNet structure. The training is constrained by an L1
loss between the generated X-ray and its groundtruth.
• X2CT: Proposed by Ying et al. (Ying et al. 2019) to transform DRRs into CT volumes. We made the following
adaptations: (i) instead of DRRs, the inputs are X-rays
generated by CT2Xray, and (ii) the training losses are
consistent with Eq. (9).
• 3DPN-DRR: An alternative 3DPN that directly uses forward projection to simulate radiographs, i.e. DRRs. Note
that no material decomposition is involved in DRR.
Comparisons against the overall XraySyn method are then
made for generating real radiographs. These include:
• 3DPN: A direct use of 3DPN trained on simualted data.
• XraySynnoM : An alternative XraySyn where the 2DRN
stage does not have M.
Table 1 summarizes the performance of different implementations over various view angles, and visualization of
the results are provided in Fig. 3. Image-to-image approach
like 2D Refiner synthesizes mostly a blurry version of the
input view. The lack of an explicit 3D loss forces the network to overly smooth the output for the best PSNR. The
implementation of X2CT-CNN copies the 2D features along
a third axis to achieve the initial upsampling from 2D to 3D,
which is geometrically incorrect for arbitrary view angles.
While CNN’s strong learning ability still helps X2CT-CNN
produce a coarse 3D estimation, it has difficulty in learning
the geometric transformation that maps the input image to
the correct view. Consequently, the synthesized views are reliant on a poorly estimated 3D structure and lack significant
details, specifically over the rib cage area. By using the geometrically consistent backprojection and forward projection,
3DPN-DRR and 3DPN perform much better at preserving the
input radiograph during the 2D-to-3D transformation. The
main issue of DRR is its assumption that the rays attenuate
over bone and tissue similarly, when in fact bone attenuates
X-Rays much better and therefore has better contrast on real
radiographs. The results show that when 3DPN-DRR is used
on more realistically simulated radiographs, bone appears

Experiments
Implementation details The two stages of XraySyn are
trained separately. To train 3DPN, a CT volume Vgt and its
gt
bone mask Vmask
is used to simulate the groundtruth radio0

0

graphs IinT and IgtT . T and T are sampled randomly from
-18◦ to 18◦ in azimuth and elevation angles. During the trainT
ing of 2DRN, real radiographs are used as Iin
in place of
simulated radiographs, and the 3DPN’s parameters are frozen.
Furthermore, the input is first downsampled through average
pooling as real radiographs are of higher resolution. As view
angles are not available for real radiographs, we sample T
0
and T randomly in similar fashion as for 3DPN training. For
testing on real radiograph, T is assumed to be the canonical
0
frontal view, T are twenty view angles uniformally spaced
from -9◦ to 9◦ in azimuth. Due to the discretization of the
voxel-based representation, the ray tracing process used in
forward and backprojection needs to approximate points in
space when those points are not on the coordinate grid. We
use trilinear interpolation for such an approximation. The
networks are implemented with Pytorch, and trained using
four Nvidia P6000 GPUs for five days. The details of network
structure are reported in the supplemental material.
Dataset Both CT and radiograph datasets are needed for
training XraySyn. To train the 3DPN, we use the LIDC-IDRI
dataset (Armato III et al. 2011), which contains 1,018 chest
CT volumes. We discards all volumes that have a betweenslices resolution higher than 2.5mm. This leads to 780 CT
volumes, from which we randomly select 700 for training,
10 for evaluation, and 70 for testing. To preprocess the data,
we tightly crop the CT volumes to eliminate excess empty
space, and reshape the volumes into resolution of 128 ×
128 × 128. To train 2DRN with real radiographs, we use
the TBX11K dataset (Liu et al. 2020). Specifically, to avoid
the excessive interference of foreign objects and abnormal
anatomy, we manually select 3000 images under the healthy
category within TBX11K and crop those images to have
similar field-of-view as the CT simulation. The images are
then reshaped to resolution of 256 × 256. We randomly select
2600 for training, 100 for evaluation, and 300 for testing.
Evaluation metrics Evaluation of novel view synthesis on
real radiograph can be challenging, as there is no groundtruth.
Therefore, we first provide the results of evaluation on simulated radiographs. Peak Signal-to-Noise Ratio (PSNR) and
Structured Similarity Index (SSIM) (Wang et al. 2004) are
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Simulated
View

Method
2D Refiner
X2CT
3DPN-DRR
3DPN

T
ICT

tTbone

tTtissue

Real
0

0

T
ICT

tTbone

0

tTtissue

View

Method
21.09/0.801
3DPN
20.44/0.755 15.99/0.451 19.57/0.711 20.20/0.750 16.12/0.450 19.38/0.703 XraySynnoM
21.05/0.925
19.79/0.867
XraySyn
29.49/0.961 22.30/0.814 24.40/0.866 27.22/0.929 21.63/0.780 24.27/0.860

0

T
Ifinal

T
Ifinal
(FID)

22.75/0.819
28.42/0.857
30.33/0.865

1.090
0.375
0.319

Table 1: Ablation study of our proposed methods against alternative implementations. Note that 3DPN-DRR and 2D Refiner do
T
not use CT2Xray, therefore are without metrics for tbone , ttissue . ICT
for 2D Refiner is trivially generated as IinT . PSNR/SSIM
metrics are provided when groundtruth is available, otherwise FID score is reported. The best performing metrics are bold.
View 2D Refiner
X2CTradio
X2CTbone
3DPN-DRR
3DPNradio
3DPNbone
GTradio
GTbone

-9◦

18.85/0.725

20.70/0.745

17.07/0.470

19.28/0.835

26.36/0.918

21.47/0.826

PSNR/SSIM

PSNR/SSIM

0◦

N/A

21.52/0.741

16.83/0.470

23.26/0.937

31.60/0.971

23.67/0.872

PSNR/SSIM

PSNR/SSIM

20.11/0.766
20.54/0.724
15.72/0.397
20.07/0.850
27.52/0.927
22.44/0.817
PSNR/SSIM
PSNR/SSIM
9◦
Figure 3: Visual comparisons of novel view radiographs generated by different methods based on simulated radiographs as
inputs. View angle change is measured azimuthally. For each non-groundtruth image, PSNR/SSIM are provided as metrics. Note
T
that the input view for 2D Refiner is trivially generated as Iin
. Methods that involve the use of CT2Xray are displayed with both
CT
the bone tbone and radiograph outputs. The best radiograph generation metrics are bold, the second best is underlined.

much softer. While this impacts PSNR significantly, 3DPNDRR results have much better SSIM scores compared to
X2CT and 2D Refiner due to the superior 3D estimation.
Finally, 3DPN, which includes all proposed components, performs much better than other methods (6-7dB more than the
second best method in terms of PSNR) at capturing the 3D
anatomy from a single radiograph. As 2D-to-3D transformation is still ill-posed, the metrics worsen when the novel view
is further from the input view. Please see the supplementary
material section for more detailed metrics.
Using 3DPN to perform view synthesis on real radiographs
involves additional challenges. Specifically, 3DPN is limited
in the available resolution and cannot generate sufficient details, e.g. as shown in Fig. 4, 3DPN-generated bone structure
is less visible on the rib cage area, as those bones are small
and hard to be accurately estimated in 3D. Furthermore, simulation does not address complex imaging conditions. As a
result, views synthesized through 3DPN are blurry and constrained to have a certain image style due to the formulation
of CT2Xray. 2DRN is proposed to address these problems by
0
performing refinement on tCT
m (T ) to preserve the material

decomposition information.
After refining the 3DPN results in XraySynnoM , the novel
views are much improved in both low-level details and overall
realism, along with the corresponding bone map tref
bone . However, some information is inevitably lost during 3DPN. The
input in Fig. 4 is grayish in the lung area, as opposed to the
typical dark color from simulation. This information is not
captured in 3DPN, thus the subsequent refinement network
is also limited in its recovery performance. M is designed to
shuffle information directly from the input radiograph. To prevent 2DRN from learning an identity transform of the input
radiograph, M generates convolutional filter parameters to
constrict the information flow. The complete XraySyn, which
includes M in 2DRN, improves the overall performance by
almost 1dB with little additional computational cost. While
2DRN does not explicitly guarantee overall 3D consistency,
we observe that the novel views are fairly consistent with
each other due to the residual learning on the 3D-consistent
3DPN results. As the refinement on tCT
m is not directly supervised, we observe a slight amount of background noise
despite training the network with a residual connection. How441

View

3DPNradio

3DPNbone

XraySynnoM
radio

XraySynnoM
bone

XraySynradio

XraySynbone

GT/Input

-9◦

0.903

-/-

0.414

-/-

0.368

-/-

FID

0◦

23.18/0.832

N/A
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Figure 4: Visual comparisons of novel view radiographs generated by different methods based on real radiographs as inputs. View
angle change is measured azimuthally. PSNR/SSIM metrics are provided for input radiograph reconstruction, FID is provided
for novel view synthesis with respect to input radiographs. The best metrics are bold. For more results with animation, please
refer to the supplemental material.

a mathematical formulation on reversing CT2Xray, please
refer to the supplemental material section.

Conclusion
We propose a two-stage radiograph view synthesis method,
XraySyn. This method estimates a coarse 3D CT from a 2D
radiograph, simulates a novel view from the estimated volume, and finally refines the views to be visually consistent
with real radiographs. The learning process of XraySyn is
enabled by our proposed differentiable forward projector and
backprojector. Furthermore, by incorporating the CT bone
labels in CT2Xray that is inspired by DeepDRR and implemented with our differentiable forward projector, we not only
achieve realistic simulation for training the radiograph-to-CT
transformation, but also gain the ability to transfer bone labels
from CT to radiograph. We carefully evaluate our method
both on simulated and real radiographs, and find that XraySyn
generates highly realistic and consistent novel view radiographs. To the best of our knowledge, this is the first work on
radiograph view synthesis, which can help give practitioners
a more precise understanding of the patient’s 3D anatomy.
XraySyn also opens up possibilities for many downstream
processes on radiograph, such as lesion detection, organ segmentation, and sparse-view CT reconstruction. Currently,
XraySyn is limited in resolution due to memory constraint
of 3DPN. We plan to address this limitation through a more
efficient network design. In addition, we will conduct a study
to assess the effect of bone suppression for clinical diagnosis.

Figure 5: Bone-suppressed radiographs obtained by postprocessing the results from XraySyn. (top) Input radiographs
from TBX11K (Liu et al. 2020) and (bottom) the bonesuppressed results. Note that the arteries, as indicated with
blue arrows, are more visible after bone suppression.
ever, this can be addressed through post-processing steps. It
is worth noting that due to the lack of alternative-view radiograph dataset, synthesized novel views beyond a limited
range from the frontal view may lead to unfaithful results as
compared to real circumstances.
Bone suppression A natural application of XraySyn is on
radiograph bone suppression, which seeks to reduce bone
attenuation and better reveal the underlying tissues. To best
preserve the tissue information from input radiograph IinT ,
recon
T
we find tref
bone and ttissue so that they losslessly reconstruct Iin ,
through reversing the CT2Xray operation as shown in Eq.
(6). In Fig. 5, we show that our approach suppresses most of
the rib cage bones while preserving the tissue content. For
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