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Abstract— X-ray to CT registration is an essential technique
to provide on-site guidance for clinicians and medical robots by
aligning preoperative information with intraoperative images.
Current methods focus on local registration with small capture
ranges and necessitate a manual initial alignment before precise
registration. Some existing global methods are likely to fail in
thoracic surgeries because of the respiratory motion and the
nearly colinear nature of vertebrae landmarks. In this study,
we propose an vertebrae-based global X-ray to CT registration
method with the assist of clinical setups for thoracic surgeries.
Firstly, vertebrae centroids are automatically localized by CNN-
based networks in CT and X-ray for establishing 2-D/3-D
correspondences. Then, inspired by clinical setup, we address
the degradation of colinear landmarks of 6-DoF pose estimation
by introducing a 4-DoF solver. Considering the inaccurate priori
and landmark mislocalization, the solver is embedded into
the Adaptive Error-Aware Estimator (AE2) to simultaneously
estimate weights and aggregate candidate poses. Finally, the
whole method is trained in an end-to-end manner for better per-
formance. Evaluations on both the public LIDC-IDRI dataset
and clinical dataset demonstrate that our method outperforms
existing optimization-based and learning-based approaches in
terms of registration accuracy and success rate. Our code:
https://github.com/LiuLiluZJU/2P-AE2

Index Terms— medical robot, registration, pose estimation,
localization, deep learning, thoracic surgery

I. INTRODUCTION

Thoracic diseases, such as lung cancer and pneumonia, are
some of the most serious health threats worldwide. Particu-
larly, the COVID-19 pandemic has posed critical challenges
for global healthcare in the past few years[1][2]. The standard
procedures for diagnosing and treating these diseases are
thoracic surgeries, including bronchoscopy, thoracoscopy and
so on[3][4]. However, due to the complicated anatomical
structure of the thorax and inconvenient imaging equipment
(e.g. computed tomography, CT) during surgery, the on-site
localization of the target lesion is an expertise-intensive and
time-consuming task that provides intraoperative guidance
to doctors or medical robots. Nowadays, with the rapidly
increasing morbidity of thoracic diseases, automating the in-
traoperative guidance has become an urgent issue to address.
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Fig. 1. Illustration of the clinical setup of X-ray to CT registration. Firstly,
a CT scan is performed before the surgery. During the surgery, the patient is
lying in the supine position and a C-arm X-ray machine is used for imaging
in the anterior-posterior view, which can provide two prior rough rotation
angles. The vertebrae centroids are chosen as the landmarks for registration,
which have nearly colinear nature in 3-D space. The goal of registration is
to get the optimal 6 degree-of-freedom (DoF) pose that aligns the X-ray
image with the projection of CT, i.e. digitally reconstructed radiography
(DRR). Green contours denote DRRs overlying on X-rays.

In clinical scenarios, 3-D CT images are the most common
modality for intraoperative guidance, because they have high
image quality and rich 3-D information. However, the high
dose of CT is harmful to patients and it’s time-consuming
to perform a CT scan. Intraoperative 2-D X-ray can provide
low-dose and real-time radiography for the thorax, but has
low image quality with overlapped organs where lesions can
hardly be identified, as shown in Fig. 1. Thus, the registration
of preoperative CT to intraoperative X-ray is an effective way
to fuse target lesions localized before surgery in CT with on-
site real-time X-ray images for intraoperative guidance.

For the past two decades, X-ray to CT registration methods
have been extensively researched. Marker-based methods
are the most commonly used in clinical practice, where
markers are manually implanted into the patient’s body or
placed on the skin as the landmark for registration[5][6].
However, these methods require an invasive second operation
for implantation and suffer from registration inaccuracy due
to skin motion. In recent years, many bone-based methods
have been proposed and achieved high registration accuracy,
because bone structures are visible in radiography and stable
during surgery[7][8][9][10]. Most of them directly optimize
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the intensity-based similarity between X-ray and CT images,
which are limited to local registration with small capture
range and still require doctors to provide an initial manual
alignment that is close to the ground truth pose. More
recently, some global registration methods [11][12] with
large capture range propose to localize landmark points of
bone structure in both CT and X-ray images and solve the
relative pose by 6-DoF solvers like EPnP[13] and UPnP[14].
In thoracic surgeries, due to the respiratory motion of the
rib cage, only vertebrae (or spine) can be chosen as the
robust landmark for registration. However, the centroids of
vertebrae in 3-D space have the nearly colinear nature and
are likely to cause the degradation of existing 6-DoF solvers,
resulting in severe registration inaccuracy. How to perform
global registration with the existence of degradation for
thoracic surgeries is still an open problem to be addressed.

In this paper, we propose a vertebrae-based global X-ray
to CT registration method with the assistance of clinical
setups in thoracic surgeries. As shown in Fig. 1, to address
the degradation of 6-DoF solvers, we utilize the clinical
setups (e.g. anterior-posterior view) of thoracic surgeries to
provide two rough rotation angles as prior, converting 6-DoF
pose estimation into 4-DoF one, and a differentiable 2-point
(2P) 4-DoF solver is formulated. To remedy the inevitable
errors in two prior rotation angles and the mislocalization
of landmarks (i.e. vertebrae centroids) caused by their self-
similarity nature, we propose a differentiable adaptive error-
aware estimator (AE2) for robust registration, simultaneously
estimating weights and aggregating all candidate poses.
Thus, the whole framework (2P-AE2) can be trained in an
end-to-end manner to reduce the accumulative error, leading
to better registration accuracy. Finally, our method can be
easily connected with arbitrary local registration methods for
further performance improvement. The main contributions of
our work are summarized as follows.

• We propose an effective global X-ray to CT registra-
tion framework based on vertebrae, which is the first
global registration method for intraoperative guidance
in thoracic surgeries.

• We introduce a differentiable 4-DoF solver that utilizes
the clinical setup of thoracic surgery to address the
degradation of 6-DoF pose estimation based on verte-
brae landmarks.

• We propose a differentiable adaptive error-aware esti-
mator to effectively ensure the robustness of registration
under the unavoidable errors of prior rotation angles and
landmark localization.

• We conduct comprehensive evaluations on both simu-
lated and clinical thoracic datasets which demonstrate
the effectiveness of the proposed method compared with
the state-of-the-art works.

II. RELATED WORKS

A. Marker-based Registration

In clinical practice, X-ray to CT registration is typically
performed manually by clinicians with the help of graphical

user interfaces (GUIs) and visual assessment[7], which is
time-consuming and highly depends on the skills of the
user. To automate this process, marker-based methods are
commonly employed. For instance, radiopaque stereotactic
frames [15] and bone-implanted markers [16] are manu-
ally attached to bones as rigid landmarks, necessitating an
invasive second operation for implantation. Stainless steel
beads and gold seeds [17] are also frequently attached to
soft tissues such as skin, liver, and lung for registration, but
they are prone to registration inaccuracy due to respiratory
motion and tissue deformation.

B. Optimization-based Registration

For automatic X-ray to CT registration, many methods use
the intrinsic bone structure as registration landmarks. These
methods typically formulate registration as an optimization
problem, with the objective being the similarity between
the X-ray image and the projection of the CT (i.e. DRR),
and the decision variable being the 6-DoF pose of the CT.
Many attempts have been made in optimization strategy
(e.g. BOBYQA[18] and Covariance Matrix Adaptation Evo-
lution Strategy (CMAES)[19]) and similarity metrics (e.g.
normalized gradient information (NGI) [8], gradient correla-
tion(GC) and gradient orientation(GO) [9])), leading to high
registration accuracy. Wang et. al [10] propose a dynamic
framework for continuously comparing image similarity by
the Point-to-plane correspondence (PPC) model. However,
these methods focus on local registration with relatively
small capture ranges and need initial alignment by doctors
close to the ground truth pose, limiting their automation and
applicability in clinical practice.

C. Learning-based Registration

In recent years, learning-based methods have been exten-
sively researched in global registration with large capture
range. Some of them focus on directly regressing the 6-
DoF pose of interventional medical instruments from X-ray
images using the neural networks[20][21]. Some methods put
efforts into improving the convexity of similarity metrics to
enlarge the capture range by using reinforcement learning
paradigms[22] or differentiable rendering[23], which still
require an initial alignment by doctors. Another direction is
to determine the same intrinsic anatomical landmarks (e.g.
proximal femur[24], hip[11][12] or learned features[25])
both in X-ray and CT images, followed by computing the
6-DoF pose using closed-form solvers (e.g. EPnP[13] or
UPnP[14]). Esteban et al.[11] introduce a network to localize
2-D pelvis landmarks on DRRs and real X-rays to establish
2-D/3-D correspondences with a back-projection-based re-
finement process, followed by a Perspective-n-point (PnP)
solver for pose estimation. Grimm et al.[12] extend [11] by
proposing an error-aware PnP solver for robust registration,
called weighted PnP. However, these studies only concentrate
on surgeries such as total hip arthroplasties[12][11] or total
knee arthroplasty [21]. To the best of our knowledge, no
effective global registration approach has ever been proposed
for thoracic surgeries, where the respiratory motion of the
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Fig. 2. Overview of our framework: 3-D vertebrae landmarks are localized and checked in the pre-operative CT image and 2-D landmarks are localized
in the intra-operative X-ray image by 3-D and 2-D SCN, respectively. Then the correspondences between 3-D and 2-D landmarks, which have the same
vertebrae labels, are established, named as cori. We exhaust the combination of every two correspondences to compute all candidate poses, i.e. minimal
solutions, by using the differentiable 2P solver with prior clinical setup information. Then these candidate poses are assigned weights according to the
inlier confidence of landmarks and aggregated by the adaptive error-aware estimator (AE2). For better performance, an arbitrary intensity-based method
with a small search range can be used to refine the estimated pose. Orange modules represent differentiable parts of the framework.

rib cage[26] and the degradation of vertebrae landmarks[27]
make existing methods no longer work.

III. PROBLEM DESCRIPTION

In thoracic surgeries, the patient is typically positioned
in the supine position, and the C-arm X-ray machine is
aligned for radiography in the anterior-posterior (AP) direc-
tion, which is a common setup during these procedures, as
depicted in Fig. 1. In this clinical setup, the two rotation
angles (β and γ) of the CT scan can be roughly estimated as
(-90◦ and 0◦), respectively. Similarly, for the lateral (LAT)
direction of the C-arm, β and γ are set to 0◦ and 90◦,
respectively. These standard directions cover most of the field
of view required for thoracic surgeries[28]. Thus, converting
the 6-DoF pose estimation to a 4-DoF one with two rough
prior angles is effective in clinical practice. However, the
setup of the C-arm may not always perfectly match the AP
or LAT direction, leading to errors in the two prior rotation
angles. Therefore, this paper aims to formulate a vertebrae-
based 4-DoF solver with a robust pose estimation framework
under the inevitable errors.

IV. METHOD

A. Framework Overview

As shown in Fig. 2, the proposed method consists of
three stages, i.e. landmark localization, two-point adaptive
error-aware estimation and local refinement. For the first
stage, vertebrae centroids in both X-ray and CT are localized
by the 2-D and 3-D SpatialConfiguration-Net (SCN)[29]
respectively. The vertebra level to be predicted ranges from
C1 to S1, i.e. 25 levels in total. To ensure the accuracy of reg-
istration, predicted 3-D landmarks by 3D-SCN are checked
and corrected by clinicians before surgery, which can be

completed as a part of routine preoperative planning. In the
second stage, 2-D and 3-D vertebrae landmarks with the
same level are established as the 2-D/3-D correspondences
for pose estimation. Every two correspondences are inputted
into the 2P solver with prior rough rotation angles to predict
candidate 4-DoF poses (i.e. minimal solutions). Then they
are inputted into the adaptive error-aware estimator for robust
pose estimation, where all minimal solutions are weighted by
the back projection process and aggregated to form the robust
pose. In the third stage, an arbitrary intensity-based 6-DoF
local registration method can be applied for pose refinement.

B. 2-Point-Based 4-DoF Solver Formulation

The 2P solver needs only two 2-D/3-D correspondences
of vertebrae landmarks to solve a candidate 4-DoF pose.
As illustrated in Fig. 3(a), two 3-D landmarks PW

1 , PW
2

are given in CT coordinate system OW . In theory, the
X-ray imaging system is built as a pinhole camera. The
3-D landmarks PC

1 , PC
2 in camera coordinate OC and

corresponding 2-D landmarks p1, p2 in image coordinate
O satisfy

PC
i = PC

ziK
−1pi = RC

WPW
i + tCW (1)

where i ∈
{
1, 2

}
, pi = (ui, vi, 1)

T , PC
zi is the z-coordinate

of PC
i , K ∈ R3×3 denotes the intrinsic matrix, RC

W and tCW
denote rotation and translation matrix respectively. The goal
of 2-D/3-D registration is to compute the pose T = [RC

W

| tCW ] for aligning 2-D and 3-D landmarks, shown as Fig.
3(b). As two rotation angles, β and γ, are given priorly before
registration, we can decompose the RC

W into three rotation
matrices following the sequence of “xyz”

RC
W = R(α, z)R(β, y)R(γ, x) (2)
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In camera coordinate OC , we define two unit vectors, q1,
q2, from the origin to PC

1 and PC
2 , and their depths along

vectors are denoted as µ1, µ2, shown as Fig. 3(b). Thus the
vector OCPC

i can be denoted as µiqi. Then we rewrite Eq.
(1) as

PC
i = µiqi = PC

ziK
−1pi = R(α, z)PM

i + tCW (3)

where PM
i is the 3-D point in the intermediate coordinate

system OM , in which the z axis is aligned with camera
coordinate when applying known rotation angles.

When given p1, p2 and K, the value of unit vectors q1

and q2 can be solved accroding to Eq. (1) as

qi =
PC
zi

µi
K−1pi =

K−1pi

∥K−1pi∥2
(4)

To determine rotation angle α and translation tCW , we
firstly compute the unknown depths µ1 and µ2. Referring
to [30], two constraints can be introduced based on the rela-
tionship between the two 3-D landmarks. The first constraint
is that the distance between the two 3-D landmarks in the
intermediate coordinate system must be equal to that in the
camera coordinate system:∥∥PM

1 −PM
2

∥∥
2
= ∥µ1q1 − µ2q2∥2 (5)

Due to the rotation α is only around axis z, the second
constraint is that the projection of vector between 3-D land-
marks on z axis must have the same length in intermediate
and camera coordinate system, which can be formulated as(

PM
1 −PM

2

)
· z = (µ1q1 − µ2q2) · z (6)

When all known variables are substituted in Eq. (5) and
Eq. (6), we can get an easily solvable quadratic in µ2. Once
the depths µ1, µ2 are solved, α can be computed as

R(α, z)
(
PC

1 −PC
2

)
=

(
PM

1 −PM
2

)
(7)

where x denotes the unit-norm vector of x, and PC
i can

be computed using µi and qi. Then the translation can be
solved using

tCW = PC
i −R(α, z)PM

i (8)

C. Adaptive Error-Aware Estimation

According to the visible region of X-ray and CT, N (N ≤
25) 2-D/3-D correspondences of landmarks are established
after landmark localization. To improve the robustness to
inevitable errors of prior rough rotation angles and landmark
localization, all possible poses with adaptive weights are
computed according to the detected landmarks.

Specifically, all combinations of N correspondences are
exhausted and C2

N , no more than 300, candidate poses{
T̂i

}C2
N

i=1
are predicted by the 2P solver. Then we compute

adaptive weights for candidate poses using back-projection
process. We can compute the distance between projected and
predicted 2-D landmarks as

d̂ij =

∥∥∥∥∥ 1

PC
zj

K
(
R̂iP

W
j + t̂i

)
− pj

∥∥∥∥∥
2

(9)

𝑶

: 𝒑1

: 𝑷1
𝑊

: 𝑷2
𝑊

: 𝒑2

𝑥

𝑦

𝑧 𝑢

𝑣

𝑶𝐶

X-ray

source

Detector

𝑶𝐶

𝑶𝑀

𝛼

𝑥

𝑦

𝑧

𝑥

𝑦

𝑧

𝑷𝑖
𝑀

𝑷𝑖
𝐶

𝑧(𝛼)

𝑥(𝛾)

𝑶𝑊

𝑦(𝛽)

𝑻 = [𝑹𝑾
𝑪 |𝒕𝑾

𝑪 ]

𝛼
𝜇𝑖𝒒𝑖

𝑷1
𝑊

𝑷2
𝑊 𝑷𝑖

𝑀′

Intra-operative X-ray
Pre-operative CT

(a) X-ray projection model

(a) Intermediate coordinate system

𝒑1

𝒑2
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1 , PW
2 in CT are
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aligned z axis with the camera coordinate system OC . Note that the origins
OM and OC are not at the same position in practical situations.

where j ∈ {1, ..., N}, PW
j is the jth 3-D landmark CT.

After that, an error-aware inlier mask {mij}Nj=1 is com-
puted to choose those 2-D landmarks whose distances d̂ij
are within τ as

mij =

{
0, d̂ij > τ

1, d̂ij ≤ τ .
(10)

where mij = 0 denotes that the jth landmark has an
erroneous localization, i.e. outlier, under the pose T̂i and
should be omitted, while mij = 1 represents the inlier to be
reserved. The inlier confidence of T̂i can be calculated as

ci =

∑N
j=1mij(τ − d̂ij)∑N

j=1mij

(11)

if no inlier 2-D landmark is found for T̂i, i.e. the denom-
inator of (11) equals 0, the ci will be set to 0 and the T̂i

will be omitted by the following process. Subsequently, the
weight of each candidate pose can be derived as

ωi =
exp(ci/λ)∑C2
N

k=1 exp(ck/λ)
(12)

where the normalization is implemented by a softmax func-
tion and λ is the temperature parameter. Given the weights
of poses {ωi}

C2
N

i=1, we compute the weighted average of all
candidate poses for robust estimation:

α̂ =

C2
N∑

i=1

ωiα̂i (13)

where {α̂i}
C2

N
i=1, derived from

{
R̂i

}C2
N

i=1
, are the estimated

rotation angles about z axis. As two prior rotation angles are
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(a) Simulated dataset (b) Clinical dataset
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Fig. 4. Examples of datasets. (a) Simulated X-rays (DRRs) and their
corresponding annotation of vertebrae landmarks. DRRs are rendered from
CT images in given views using the Ray-Casting algorithm. (b) Clinical X-
rays and corresponding vertebrae landmarks. Clinical X-rays present various
signal-noise ratio (SNR) due to different dynamic ranges when imaging. The
vertebrae labels are also annotated as hollow circles with different colors.

TABLE I
THE POSE SETS FOR GENERATING DRRS. GROUND TRUTH POSES ARE

UNIFORMLY SAMPLED WITHIN THE FOLLOWING RANGES.

Rot. γ Rot. β Rot. α Trans. x Trans. y Trans. z

(degree) (degree) (degree) (mm) (mm) (mm)

C1 [−20, 20] [−20, 20] [−20, 20] [−70, 70] [−70, 70] [−70, 70]

C2 [−10, 10] [−10, 10] [−10, 10] [−20, 20] [−20, 20] [−20, 20]

C3 [−10, 10] [−10, 10] 0 0 0 0

given, we only need to predict the rest one. For translation,
the robust estimation can be solved as

t̂ =

C2
N∑

i=1

ωit̂i (14)

D. Training Strategy

In this paper, Q(=25) vertebrae from C1 to S1 are chosen
as landmarks for registration. A heatmap with Q channels
is constructed as the ground truth, where the vertebra cen-
troid position in each channel is blurred by the Gaussian
function[29].

The loss function of localization network is defined as

Lossloc =

Q∑
i=1

∑
x

∥hi(x;w,b)− gi (x;σi)∥22 + η∥σ∥22

(15)
where h(x;w,b) represent predicted heatmaps by SCN with
parameters, w, b, and η is the balance parameter.

For robust pose estimation part, the loss function is defined
as

Losspose = ∥α̂− α∗∥+ ϵ
∥∥t̂− t∗

∥∥ (16)

where α∗ and t∗ denote the ground-truth pose and ϵ is the
balance parameter. In total, our network is trained by a joint
loss function with a trade-off parameter ψ as

Losstotal = Lossloc + ψLosspose (17)

TABLE II
THE CT-DRR AND CT-XRAY DATASETS FOR TRAINING, VALIDATION

AND TESTING. THE SIZE OF EACH DATASET IS GIVEN IN PARENTHESES.
CV DENOTES THE CROSS-VALIDATION.

C1 C2 C3 Creal
CTsim−train DRRtrain * * *
(401) (401)

CTsim−val DRRval * * *
(131) (131)

CTsim−test *
DRRtest DRRsen

test *
(131) (131) (15851)

CTreal * * *
XRAY

(76) (5-fold CV)

V. EXPERIMENTAL RESULTS

A. Datasets

1) Simulated Dataset: A CT-DRR dataset based on LIDC-
IDRI[31] is introduced, where 663 CT scans of different pa-
tients without contrast agent are selected. DRRs are rendered
from CT in specified poses (Table I) by using the Ray-
Casting algorithm. The division of the dataset for training
and evaluation is summarized in Table II. The ground-truth
3-D vertebrae landmarks are annotated and checked by two
clinicians and projected on DRRs to form ground truth 2-D
landmarks (Fig. 4).

2) Clinical Dataset: The CT-Xray dataset is constructed
by clinical thorax CT scans with their corresponding chest X-
rays in the anterior-posterior view from 76 different patients.
These images are acquired by Philips Brilliance iCT 256.
Due to the significant inter-observer variability on ground
truth pose annotation, we refer to [9] and choose the gradient
orientation (GO) cost to measure the similarity between
X-ray and registered CT projection (DRR), evaluating the
registration performance on the clinical dataset. Both 3-D
and 2-D vertebrae landmarks are annotated and checked by
two doctors. (Fig. 4).

B. Metrics

For X-ray to CT registration accuracy is commonly mea-
sured by the mean target registration error (mTRE) in 3-D
space as

mTRE =
1

N

N∑
i=1

∥∥∥(R̂Pi + t̂)− (R∗Pi + t∗)
∥∥∥
2

(18)

where [R̂|t̂] denotes the predicted pose, [R∗|t∗] denotes the
ground-truth, and {P}Ni=1 is the 3-D vertebrae landmarks
or lung landmarks set annotated in CT image. The mean
projection distance error (mPDE) is used to measure 2-D
accuracy as

mPDE =
1

N

N∑
i=1

∥∥∥π(Pi, R̂, t̂)− π(Pi,R
∗, t∗)

∥∥∥
2

(19)

where π(Pi,R, t) = K(RPi + t)/PC
zi is the projection

model. To evaluate the robustness, the gross failure rate
(GFR) is employed, and the failure criterion is defined as
mTREvert > 30 mm according to [12].
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Fig. 5. Results of ablation study on the simulated dataset: Error in (a) mTREvert, (b) mPDEvert, (c) mTRElung , (d) mPDElung , (e) translation x, (f)
translation y, (g) translation z, (h) rotation angle α. The lower and upper bound of the error bar denotes the 25th and 75th percentile of error respectively.
The paired t-Tests show statistical significance for each comparison of different methods. ∗ P < 0.05; ∗∗ P < 0.01; ∗∗∗ P < 0.001; ∗∗∗∗ P < 0.0001.

TABLE III
RESULTS OF THE ABLATION STUDY ON THE SIMULATED DATASET.

Method 6-DoF 4-DoF RANSAC AE2 GFR(%)

PnP ✓ 84.73

P3P-RANSAC ✓ ✓ 65.65

P3P-RANSAC-4DoF ✓ ✓ 50.38

2P-RANSAC ✓ ✓ 20.61

2P-AE2-loc(ours) ✓ ✓ 9.92

2P-AE2(ours) ✓ ✓ 9.17

For the clinical dataset, the gradient orientation (GO) cost
is defined as

GO =
1

N

∑
i∈{Ω:|∇uI1(i)|>t1∩|∇uI2(i)|>t2}

w′(i) (20)

w′(i) =
2− (ln(|cos−1(cos(θi))|+ 1))

2
(21)

where N is the number of evaluated pixels, ∇uI is the
gradient map of input image, t1 and t2 are two thresholds, θi
is the angle of two gradients at the ith pixel of two images.

C. Implementation Details

For the implementation of 2P-AE2, we use Pytorch frame-
work with Nvidia 2080Ti GPU acceleration. To achieve fast
convergence, we firstly train the 2D-SCN with Lossloc for
100 epochs and then fine-tune the full network with Losstotal
for 50 epochs. The balance parameters η = 0.1, ϵ = 1e-4 and
ψ = 1. The distance threshold τ = 4. During the optimization,
we use the Adam solver to train our network. The learning
rate of Adam is 10−4 for the first stage and 10−8 for the
fine-tuning stage with a batch size of 4.

PnP P3P-RANSAC P3P-RANSAC-4DoF 2P-RANSAC(ours) 2P-AE2(ours)

3.77 5.39 50.82 6.70 1.35

82.04 112.11 167.73 22.72 8.02

Fig. 6. Examples of different methods on the simulated dataset. The
upper and lower rows respectively denote the projected vertebrae and lung
landmarks by ground truth (green crosses) and predicted (yellow crosses)
poses.

D. Results on Simulated Dataset

1) Ablation Study: The proposed method is trained on
DRRtrain and tested on DRRtest. 2P-AE2-loc denotes the
proposed method that is trained with only Lossloc and 2P-
AE2 denotes our method trained with Lossloc and fine-tuned
with Losstotal in end-to-end manner. Fig. 5 and Table III
show that the PnP[13] has a large registration error and
fails in most cases. P3P-RANSAC has obvious improvements
compared with the sole PnP solver, demonstrating the ef-
fectiveness of the robust estimation. Compared with 6-DoF
and 4-DoF methods, 4-DoF ones have significant superiority
because 6-DoF solvers are severely affected by the degrada-
tion of vertebrae landmarks. Besides, the effectiveness of the
2-Point solver is demonstrated by comparing the results of
P3P-RANSAC and 2P-RANSAC. Comparing 2P-AE2 with
2P-RANSAC, the AE2 scheme shows improvements in both
accuracy and robustness than RANSAC. Furthermore, the
end-to-end training can improve the overall performance of
the proposed method. As shown in Fig. 6, although PnP-
based methods can align vertebrae landmarks, they fail to
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Fig. 7. Sensitivity results. Considering GFR < 10 %, 2P-AE2 can tolerate
around 10◦ noise of prior angles. The blue line denotes GFR = 1% and the
red line denotes GFR = 10%.

(a)Target 

X-ray image

(b) Predicted landmarks 

by 2D-SCN
(c) Ground-

truth landmarks

(e) DRR overlay 

by SVR-GO(S)
(d) DRR overlay by 

GO(L)

(f) DRR overlay by 

2P-AE2-GO(S)(ours)

41.57

56.60

42.02 33.3335.28

39.79 32.92

37.03 24.36

42.80 37.11 35.76

Fig. 8. Four cases for discussing effective conditions of different methods.
(a) shows the target X-ray and (b)(c) show the predicted and ground truth
vertebrae landmarks respectively. The cyan boxes surround these wrongly
localized landmarks. (d)(e)(f) show the aligned DRRs using GO, 2P-AE2

and 2P-AE2-GO(S) respectively. For each case, the GO cost value (×10−2)
of the above three methods are revealed on images.

align lung landmarks (randomly selected within the lung
area) because of the degradation of the PnP solver.

2) Sensitivity: The sensitivity of our method towards
inaccurate prior rotation angles β and γ is verified on
DRRsen

test, where uniform noises are added on β and γ to
generate 15851 samples. According to the result of GFR
(Fig. 7), the proposed method can tolerate the noise of around
10◦ on two prior angles considering GFR<10%. The results
of translation error show that β and γ mainly affect the
translation on x and y axis respectively. The rotation angle
α is jointly affected by two prior angles.

E. Results on Clinical Dataset

For comparison, the state-of-the-art local registration
method GO[9] is implemented with a large search range,
denoted as GO(L). The state-of-the-art learning-based global

TABLE IV
COMPARISON RESULTS ON THE CLINICAL DATASET XRAY .

Method Paradigm GO cost(×10−2) Runtime(s)
GO(L) Auto 39.31±1.45 13.09±1.06
SVR Auto 42.41±2.07 0.014±0.002

2P-AE2 (ours) Auto 39.49±2.30 0.12±0.01
Human-GO(S) Semi-auto 32.04±3.12 87.43±30.94
SVR-GO(S) Auto 33.28±2.79 2.73±0.63

2P-AE2-GO(S) (ours) Auto 31.71±3.08 2.56±0.49

registration method SVR[20] is also implemented. After
the initial alignment, the GO with a small search range is
employed for refinement, denoted as 2P-AE2-GO(S) and
SVR-GO(S). As comparison, a clinician is requested for
initial alignment by visual assessment and a local registration
is performed for refinement, denoted as Human-GO(S).

1) Accuracy: The results of GO cost value on the clinical
dataset are shown in Table IV. For initial alignment, GO(L)
achieves the lowest GO cost value and 2P-AE2 is close to
GO(L). Despite that, GO(L) has converged to a local optima,
and 2P-AE2 can continue to reach global optima, shown
as the results of 2P-AE2-GO(S). Comparing Human-GO(S),
SVR-GO, 2P-AE2-GO(S), our method achieves the lowest
GO cost value without any human assistance, demonstrating
the high registration accuracy of our method. As shown in
Fig. 8, although a part of vertebrae landmarks are erroneously
localized, our method can perform registration successfully
and outperforms other methods.

2) Repeatability: In clinical scenarios, it’s important to
keep the consistency of registration. Thus, 100 times of
fine-grained local registration are performed on the XRAY
by three registration methods. As shown in Fig. 9-(a), the
proposed method has better consistency with 73.31% of
trails below 0.33 in GO cost compared to SVR-GO(S) with
46.50% and GO(L) with 2.75%. The repeatability of the
proposed method is much better than SVR-GO(S) and GO(L)
owing to the best initial alignment provided by our method
within the capture range of the local registration method.

3) Runtime and Convergence: The computation time of
each method is recorded and compared. As shown in Table
IV, our method consumes a relatively short time than GO(L).
When the local refinement is performed, the runtime of the
proposed method is shorter than SVR-GO(S). The conver-
gence curves of different algorithms are illustrated in Fig. 9-
(b). The result shows that the proposed method can provide
the best start for the local registration method. The proposed
method can converge to the global optima within 15k iter-
ations and achieve the highest accuracy, demonstrating the
high efficiency and accuracy of the proposed method.

VI. CONCLUSION

In this paper, we present a vertebrae-based global X-
ray to CT registration method for thoracic surgeries. With
the assistance of clinical setups, a differentiable 2-Point 4-
DoF solver is proposed to compute the pose of CT by
using 2-D/3-D correspondences. The solver is embedded
in an adaptive error-aware estimator to estimate adaptive
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Fig. 9. (a) Repeatability results. Each data in the test set is repeatedly
validated 100 times by every method. (b) Convergence results. For each
iteration, the mean value of GO cost on XRAY for a certain algorithm is
recorded.

weights and robustly aggregate candidate poses. The end-to-
end training of our framework is beneficial to improve the
registration accuracy. On both simulated and clinical datasets,
the proposed method achieves high accuracy, robustness and
efficiency, outperforming the state-of-the-art methods.
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