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Automated three-dimensional (3D) blood vessel reconstruction to improve vascular diagnosis and therapeutics is
a challenging task in which the real-time implementation of automatic segmentation and specific vessel tracking
for matching artery sequences is essential. Recently, a deep learning-based segmentation technique has been
proposed; however, existing state-of-the-art deep architectures exhibit reduced performance when they are
employed using real in-vivo imaging because of serious issues such as low contrast and noise contamination of
the X-ray images. To overcome these limitations, we propose a novel methodology composed of the de-haze
image enhancement technique as pre-processing and multi-level thresholding as post-processing to be applied
to the lightweight multi-resolution U-shaped architecture. Specifically, (1) bi-plane two-dimensional (2D) vessel
images were extracted simultaneously using the deep architecture, (2) skeletons of the vessels were computed via
a morphology operation, (3) the corresponding skeleton structure between image sequences was matched using
the shape-context technique, and (4) the 3D centerline was reconstructed using stereo geometry. The method was
validated using both in-vivo and in-vitro models. The results show that the proposed technique could improve
the segmentation quality, reduce computation time, and reconstruct the 3D skeleton automatically. The algo
rithm accurately reconstructed the phantom model and the real mouse vessel in 3D in 2 s. Our proposed tech
nique has the potential to allow therapeutic micro-agent navigation in clinical practice, thereby providing the 3D
position and orientation of the vessel.

1. Introduction
Navigation of a microrobot or therapeutic micro-sized agents to
perform targeted therapy inside the cardiovascular system is a prolific
research area for minimally invasive surgeries (MIS) and efficient
treatments through early diagnosis of disease (Abbott et al., 2007;
Cavalcanti et al., 2009; Ishiyama et al., 2002). Owing to the micro- or
nano- size robot body, the microrobot can move and target to numerous
distal locations through the blood circulatory system (Belharet et al.,
2010). Where the 3D reconstructed blood vessel image is a key
requirement to implement the microrobot navigation for path genera
tion, simulation, control, visualization, and monitoring.
Clinically, advanced non-invasive imaging systems, such as cardiac
and coronary computed tomography (CCTA) and magnetic resonance
angiography (MRA), are available for the three-dimensional (3D)

visualization of vessels. However, 2D invasive X-ray coronary angiog
raphy is still the best choice for clinicians or experts to diagnose diseases
and provide therapy guidance (Mark et al., 2010). It is a familiar device
and can produce the highest quality projections in terms of spatial and
temporal resolution (Chen and Schäfer, 2009), but, 2D projections of 3D
anatomies are not optimal for effective analysis.
There are many ongoing studies of the 3D representation of blood
vessel trees using X-ray angiography. Different reconstruction tech
niques have been developed for various applications such as angiog
raphy systems, cardiac handling strategies, and respiratory motion.
These methods can be mainly categorized into two groups: tomographic
reconstruction and model-based reconstruction. Tomographic recon
struction creates the vessel volume using X-ray angiography. This
technique uses X-ray absorption coefficients to compute the vessel vol
ume and can deal with unusual anatomies with little or no prior
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information (Hansis et al., 2008). The vessel surface can be obtained
accurately via tomographic reconstruction and used independently
without any manual interaction (Schoonenberg et al., 2009). However,
the primary limitation of tomographic reconstruction arises from its
need for a significant amount of data and large computation time and
cannot be computed in real time. On the other hand, the model-based
reconstruction is a flexible tool that utilizes X-ray angiography from
different imaging systems to compute a 3D centerline of a vessel and
construct its surfaces. The model-based techniques can be categorized
into two types of algorithms: forward-projection and back-projection.
The forward-projection algorithm does not necessitate any correspon
dence matching between 2D centerlines; further, even 2D segmentations
are not required in some methods. However, there are major drawbacks
associated with the forward-projection algorithm, such as the manual
selection of corresponding points between vessel branches from pro
jection sequences (Zheng et al., 2010; Yang et al., 2014; Cong et al.,
2016). The back-projection-based method can reconstruct the vessel
using the 2D information gathered from X-ray projections. This tech
nique is appropriate for different types of medical imaging systems with
calibrated and non-calibrated data (Cañero et al., 2002; Hoffmann et al.,
2000).
In addition, other relevant methods are also widely researched as; a
graph-cut-based reconstruction technique (Liu et al., 2015; Liao et al.,
2010) has also been developed to smooth the depths in 3D. These
methods divide the 3D space between the X-ray source and detector into
parallel planes of equal depth. The reconstructed image is then obtained
by assigning 2D centerline points to a plane. A 3D centerline recon
struction method was developed from the intersection of surfaces
through corresponding branches (Galassi et al., 2018). This technique
uses multiple projections to extract the vessels for the purpose of
generating 3D models of the stenotic vessel to assess the stenosis
severity. Zhang et al., formulated structure from motion as a learning
problem and developed an end-to-end learning framework to compute
the depth information from a sequence of images using a single camera
(Zhang et al., 2019). Joe et al., proposed 3D model reconstruction
methodology by using two sonar images in different viewpoints (Joe
et al., 2020), and Lee et al., have conducted interesting research on 3D
reconstruction and pose estimation for robust navigation (Lee et al.,
2020). They introduced the recurrent convolutional neural network to
learn spatio-temporal information using convolutional gated recurrent
unit cells that store weights from previous layers.
As important sub algorithms in the reconstruction processes, seg
mentation and vesselness response are critically handled. Segmentation
of the vessel and an adequate number of 2D point correspondences are
commonly required to compute the geometry containing the position
and orientation between projection sequences (Yang et al., 2009; James
Chen and Carroll, 2000). Vesselness response highlights the vessel in 2D
projection images. Subsequently, these responses are back-projected
with the help of projection geometry to estimate the vessel in 3D. Seg
mentation in 2D (Andriotis et al., 2008), tubular shape response (Law
et al., 2004), and distance map to centerline (Jandt et al., 2009) are
some methods to obtain vessel response. However, these techniques
cannot segment the target vessel automatically. Jerman et al., proposed
a novel enhancement filter based on the ratio of multiscale Hessian ei
genvalues that could enhance the vascular structure together with un
wanted tubular structures, such as soft tissues, during segmentation
(Jerman et al., 2015). Recently, Cui et al., developed a hybrid technique
for a fast and accurate vascular enhancement filter by using vesselness
diffusion and improved the vesselness filter based on the ratio of ei
genvalues (Cui et al., 2019).
By virtue of recent advances in artificial intelligence, deep con
volutional networks outperformed most of the state-of-the-art segmen
tation techniques. However, deep convolutional networks have not been
popular, because they require a large number of training data, which are
difficult to be obtained clinically. This is recently addressed by using
transfer learning (Ibragimov et al., 2018) and pre-trained models

(Romero et al., 2019). Ronneberger et al. proposed an elegant archi
tecture that works with very few training images to achieve precise
segmentation (Ronneberger et al., 2015). There exist other improved
U-net models for medical image segmentation: Hybrid Densely Con
nected UNet (Li et al., 2018) combined 2D and 3D DenseUNet for liver
and tumor segmentation. The 3-D feature-enhanced network success
fully segmented 3-D femur by introducing two feature enhancement
modules that include the edge detection task and the fusion of multiscale
features (Chen et al., 2017). Ibtehaz et al. determined that the U-Net
architecture faces problems while segmenting different scale images and
proposed a novel architecture called MultiResUNet to handle biomedical
images at different scales (Ibtehaz and Rahman, 2019). In which, cor
respondence formation is a challenging and vital step in the
back-projection technique as the 3D vessel centerline is reconstructed
from the triangulation of correspondences. For this, an epipolar
constraint technique can be used to determine the corresponding points
(Li and Cohen, 2011). However, isocenter offsets and mechanical dis
tortions of the X-ray system lead to the matching points being incor
rectly computed. A soft epipolar constraint (Blondel et al., 2006) may
solve this problem to some extent. Alternatively, branch-to-branch
matching (Cardenes et al., 2012) dealt with the problem caused by the
point-by-point matching methods in previous researches. Nevertheless,
this type of matching faces major problems for vessel skeletons, where
similar vessels in different images may produce varied branch points.
During the automatic process, these points will lead to a complete
mismatch of branches. Shape context (Belongie et al., 2002) is an
effective way to solve the correspondence problem. This technique uses
a shape descriptor to explain the coarse distribution of the rest of the
shape compared to a specific point on the shape.
On this background, the automated reconstruction of vessels is still a
challenging task requiring complex processing steps to generate the final
3D reconstruction model. Herein, we present a fully automated 3D
reconstruction technique using projections through a biplane X-ray
system. We address each step carefully and introduce methodologies to
perform all computations automatically, and then validate the algorithm
using experimental datasets. First, we propose a lightweight Multi
ResUnet architecture to reduce computation time together with pre- and
post-processing steps. The primary difference between the proposed
lightweight architecture and the original MultiResUnet is the amount of
layer reduction. It decreases the computation time while increasing the
segmentation quality. By incorporating de-hazing to input datasets and
thresholding to output data, the segmentation quality can be improved
while providing fast computation. Because the accuracy of the recon
struction is highly dependent on the segmentation of the target vessel,
this technique successfully extracts the target vessel with a higher ac
curacy and reduced computation time. Second, we propose a top-tobottom strategy for accessing the endpoints as a feature to select fea
tures and branch points. Without any manual handling, the proposed
method can overcome the difficulty of feature point selection and
skeleton matching caused by displacement and orientation discrep
ancies. Finally, we present details of in-vivo and in-vitro experiments
conducted under the bi-plane system to validate the proposed recon
struction methodology. We also analyze the results by incorporating
state-of-the-art techniques to validate the segmentation performance.
Thus, we show that the reconstruction process is fully automated and
that the proposed segmentation method outperforms existing ones.
The fundamental contributions of this paper can be summarized as
follows: First, we identify two key issues that prevent the 3D recon
struction process from being automated: target vessel segmentation and
appropriate feature selection. Second, we propose a 3D reconstruction
algorithm to include deep learning-based segmentation to extract the
accurate target vessel and skeleton endpoints as the only features for the
reconstruction process. Third, a lightweight MultiResUnet architecture
appended with de-haze pre-processing and a thresholding as postprocessing to segment the target vessel are newly developed; the high
est accuracy and lowest computation time achieved are 98.68 % and
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Fig. 1. Geometric relationship between two angiographic views.

1.46 s, respectively, as compared to other existing methods. Finally, we
implement a fully automated 3D reconstruction process with a compu
tation time of only 2.05 s. This contribution may advance automated 3D
vessel reconstruction technology for cardiovascular disease diagnosis
and therapeutics development in clinical settings.

ui,A = Pi,A Wi = KA [I|0]Wi
ui,B = Pi,B Wi = KB [R|t]Wi

(2)

where KA and KB are the intrinsic matrices of image planes A and B,
respectively. These intrinsic matrices are known that were obtained by
calibrating the bi-plane system in hardware level. Matrices [I|0] and [R|t]
represent the extrinsic parameters.

2. Method
The proposed method is composed of three processes. The first pro
cess is projection image acquisition, in which biplane system calibra
tions and projection transformations are performed. The second process
deals with the preprocessing of the acquired images: contrast similarity
between image sequences is determined and the contrast is enhanced.
The fignal process is segmentation and automated reconstruction. Detail
explanations for each step are presented below.

2.2. Preprocessing
In the preprocessing, a midway equalization between two images in
different view planes and a selection of a specific vessel to reconstruct
are implemented.
Projections from two different imaging planes were obtained under
different lighting conditions, and several image factors related to
luminance were varied with time. Therefore, all images should maintain
similar luminance qualities for the fully automated process. We utilized
histogram information from image sequences, thereby allowing similar
luminance to be maintained over time. This technique (Sánchez, 2016)
initially computes the cumulative normalized histogram and then cal
culates the change in contrast functions fj depending on the temporal
Gaussian convolutions. The cumulative normalized histogram of an
image IA,j from image plane A and IB,j from image plane B can be
computed as

2.1. Projection acquisition
The imaging system in Fig. 1 shows two planes that are perpendic
ular to each other. During acquisition, the model had a rotation angle to
obtain a better view from both sides. The acquisition time was set to 1
fps to synchronize both images simultaneously. The X-ray image se
quences IA,j at image plane A and IB,j at image plane B could then be
obtained simultaneously from the biplane X-ray system. Image se
quences are denoted as j = 1, 2,3,…. As shown in Fig. 1, a spatial point
)T
(
on the vessel centerline with coordinates Wi = xi , yi , zi is projected to
)T
(
image plane A as a 2D point ui,A = ui,A , vi,A , where the number of 2D
points is defined as i = 1, 2, 3, …. Finally, the projection on image plane
A can be computed as follows:
(
)T
)T
(
xi
yi
(xi , yi , zi )T → SIDA ∗ + uc,A , SIDA ∗ + vc,A
= ui,A , vi,A
(1)
zi
zi

}⃒
1 ⃒{
HIA,j (γ) = ⃒⃒ ⃒⃒ ⃒ (ii, jj) ∈ μj ; IA,j (ii, jj) ≤ γ ⃒
μ
j

}⃒
1 ⃒{
HIB,j (γ) = ⃒⃒ ⃒⃒ ⃒ (ii, jj) ∈ μj ; IB,j (ii, jj) ≤ γ ⃒
μ

(3)

j

⃒ ⃒
⃒ ⃒
where μj denotes the discrete domain {1, …, n} × {1, …, m} and ⃒μj ⃒ =

n × m represents total number of pixels of image IA,j or IB,j . Then, fj can
be computed as
( (
)− 1 ) ( (
)− 1 )
1
1
= 0.5 HI−B,j1 + HI−B,j+1
(4)
fj = 0.5 HI−A,j1 + HI−A,j+1

(
)T
where uc,A , vc,A represents the coordinates of the principal point and
SIDA is the distance between the source and image intensifier A. Simi
larly, the projection on image plane B can also be calculated by Eq. (1).
The projections of a spatial point Wi on image planes A and B through
projection matrices are denoted as Pi,A and Pi,B , respectively. These can
be formulated to homogenous forms as follows (Hartley and Zisserman,
2003):

Subsequently, the algorithm transforms the sequence of images from
planes A and B by applying Eq. (3):
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Fig. 2. Proposed segmentation technique.

( )
IA,j = fj ( IA,j )
IB,j = fj IB,j

max on the final feature map gathered with the cross-entropy loss
function. The cross entropy can be defined as
∑
S=
w(x) − log(p(x))
(7)

(5)

In addition, the problem of low contrast is resolved in the pre
processing. Low-contrast in-vivo images are frequently obtained
because of image modality, lighting condition, and complex organ
structures. These are primary issues that result in noisy and unqualified
imaging. As the final preprocessing step to resolve the low contrast
problem, the X-ray images are inverted, and then, the de-haze technique
is applied to enhance the contrast of the image. The enhanced images are
obtained by
)/
Ien,A,j = (IA,j,inv − A T + A
(6)

where x is the pixel position; w(x) is the weight map, which is precomputed for ground truth segmentation; and the soft-max function is
denoted as p(x).
The resolution of the original X-ray images was 2352 × 2944, but
they were resized to 256 × 256 for training. In addition, our approach
did not use any data augmentation in this work. For training and testing,
we split the images into 20 for training and 20 for testing. There was no
overlap between the training and test images. The model is optimized by
training for over 50 epochs using the stochastic gradient optimizer with
a learning rate of 0.01. The patches are extracted from full-size images
with dimensions of 48 × 48. Thus, the total number of patches became
190,000 for 20 training images. We set the batch size of the network as
32.

where IA,j,inv is the inverted image, A is the global atmospheric light, and
T is the medium transmission explaining the portion of the light that is
not scattered and reaches the camera.
2.3. Lightweight MultiResUNet segmentation

2.4. 3D reconstruction

Vessel segmentation is essential but difficult to automate because
target vessels have different shapes and scales depending on their po
sitions in vascular networks. To segment these vessels, we propose a
lightweight MultiResUNet architecture where two MultiRes blocks and
one corresponding ResPath between the blocks are utilized to reduce
computation time for segmentation, as shown in Fig. 2. The architecture
is symmetric; it contains an Encoder that extracts spatial features from
the image and a Decoder that builds the segmentation map using the
encoded features. The Encoder consists of three MultiRes blocks for
down-sampling and the Decoder has three MultiRes blocks to perform
up-sampling. The Encoder and Decoder are connected by a single Mul
tiRes block. These blocks include convolutional layers, where the
number of filters is increased gradually in successive layers, and a re
sidual block is connected. Each MultiRes block from the Encoder con
nects with each corresponding MultiRes block of the Decoder through
ResPath.
The input images and their corresponding segmentation masks are
used to train the network by implementing the stochastic gradient
descent method. The energy function is computed by a pixel-wise soft-

As two plane images are obtained in this method, one view at a time
from a primary plane is used to reconstruct the vessel centerline. The
segmented vessel contains several random noises. Using maximum
thinning, these noises are suppressed during vessel skeleton extraction.
Mathematical morphology based on the thinning algorithm (Ker
schnitzki et al., 2013; Lee et al., 1994) is applied to vessels to obtain the
vascular skeleton. However, this skeleton contains some small extended
branches and disconnected parts due to noises in the segmentation
mask. Thus, the extended branches are removed by pruning the skel
eton. Finally, by thresholding out smaller regions, the disconnected
parts can be removed from the final skeleton. A threshold value of 10 is
set to remove any skeleton branch of fewer than 10 pixels in length. In
this study, the threshold value is obtained by trial and error, but this
number can be adjusted depending on user requirements.
The accurate topology and feature points of the vessel are crucial
characteristics of the image required for the automated 3D reconstruc
tion of the selected vessel. Feature points are defined as points placed on
the vessel skeleton, such as at the endpoint, bifurcation point, and cross
4
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Fig. 3. Experimental Setup; bi-plane X-ray system with phantom model and support.

points. Bifurcation refers to the source point where a single vessel sep
arates into two or more branches along its orientation. Cross points do
not exist in reality: rather, they appear in angiograms because of the
overlapping shadows of two vessels. These two feature points are not
stable for automated reconstruction, because a tiny change in the posi
tion of these points may introduce large reconstruction errors. In
contrast, endpoints simply represent the terminals of vessels. Therefore,
our proposed technique utilizes the endpoints to match the shapes be
tween corresponding skeletons.
We treat each skeleton as a point set and assume the shape of a
skeleton is captured by a finite subset of its points. Specifically, a skel
eton shape is denoted by a discrete set of points from the internal or
external contours of the skeleton. These can be obtained from the lo
cations of each pixel of the skeleton. The skeleton is obtained by a
thinning operation that is related to the hit-and-miss transform. The
thinning of the image from plane A and plane B is computed via struc
turing element J.
(
)
uskl,A = Ien,A,j − hit and miss( Ien,A,j , J )
(8)
uskl,B = Ien,B,j − hit and miss Ien,B,j , J

one-to-one matching. Here, π is defined as the permutation. Eq. (11) is
minimized to compute permutation π(skl, j, B). Consequently, the above
correspondences uskl,i,A and vskl,j,B transform into global coordinates uwskl,i,A
and vwskl,j,B using intrinsic camera parameters, Kimg
⎡
⎡ w⎤
⎤
uskl
u
w
w
−
1
u = ⎣ v ⎦ = Kimg ⎣ vskl ⎦
(11)
1
1
As the top view image has a different size than the side view, the sizes
of the images must be adjusted. This system maintains the acquisition
time at 1 fps such that it is synchronized with our proposed technique.
We assume SIDimg is the distance between the X-ray source and the de
tector plane, and SODimg is the distance between the detector and the
object. Therefore, the depth z can be computed as SIDimg − SODimg .
According to the theorem of similar triangles, we can obtain the
following relationship.
s SIDimg − SODimg
z
=
=
d
SIDimg − z
SODimg

(12)

where d is the distance between the two corresponding points and s
defines the distance between the two X-ray sources. Finally, the 3D point
can be estimated as
⎤
⎡
0
⎡ ⎤
u
⎥
⎢
)
(
⎢
⎥
w
0
⎣ v ⎦ = 1 × uw
(13)
⎥
skl,i,A + vskl,j,B + ⎢
⎣
⎦
2
SID
z
− 1
s×
d+s

Consider a point uskl,i,A on the skeleton from image plane A and a
point vskl,j,B on image plane B.
(
)
Let, Ci,j = C uskl,i,A , vskl,j,B define the cost of matching these two
points. Then, the shape contexts become distributions that can be rep
resented as histograms:
[
( ) ]2
K
) 1∑
(
hi (k) − hj k
( )
(9)
Ci,j = C uskl,i,A , vskl,j,B =
2 k=1 hi (k) − hj k

The following algorithm represents the pseudocode of the recon
struction technique.

where hi (k) and hj (k) define the K-bin normalized histogram at uskl,i,stackA
and vskl,j,stackB , respectively.
According to bipartite graph matching for a given set of costs Ci,j
between all pairs of points uskl,i,stackA on image plane A and vskl,j,stackB on
image plane B, the total cost of matching is minimized by
∑ (
)
(10)
H(π) =
C uskl,i,A , vπ(skl,j,B)
i

Eq. (10) is subject to the constraint that the correspondence follows
5
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Fig. 4. System workflow with examples for each step.
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Fig. 5. 3D reconstruction using mouse dataset 1.

3. Experimental results

conducted on a mid-range PC with an Intel Core i7 4.2 GHz processor,
NVIDIA TITAN XP GPU, and 16 GB memory.
Both in-vitro and in-vivo experiments were conducted. For the invitro experiments, the phantom model was prepared with Vaeroclear
RGD810 material. This model consisted of a main vessel with two
branches. The size of the main vessel was 9 mm with 7 mm branches. A
contrast agent was inserted inside the phantom to visualize the vessellike structure through X-ray images. A mouse was used for the in-vivo
experiment. During imaging, the focal length of the bi-plane system
was 400 mm, the pixel resolution was 2352 × 2944 pixels, and the
spatial resolution was 0.019 mm/pixel. To avoid complexities related to
the large angular difference between X-ray sources, and for comparison
with the phantom model, we selected a vessel with two branches near
the neck. The original image size was scaled down to 256 × 256 for
computational efficiency. The mouse was approximately 10 weeks old.
Contrast agent insertion and flow were controlled by experts during realtime data acquisition.

3.1. Experimental setup
Biplane angiograms are obtained using biplane X-ray equipment
similar to that used in our previous work (Nguyen et al., 2018). Fig. 3
shows the biplane X-ray system. This system consists of two X-ray
sources and two detectors. A set of X-ray devices was configured
perpendicular to the other set of X-ray devices. For the experiments, the
object position was fixed at a stationary position under the flat detectors.
The performance of the proposed algorithm was assessed using phantom
and clinical data. According to the X-ray angiography imaging tech
nique, 2D vessels were imaged by passing X-rays through the vessel-like
structure at different angles. A series of vessel-like phantom and mouse
angiographic images were utilized to verify the feasibility and reliability
of the proposed automatic reconstruction technique. The algorithm was
implemented using C++ and MATLAB. The experiments were

Fig. 6. 3D reconstruction using mouse dataset 2.
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Fig. 7. Re-projection of reconstructed data and ground truth for phantom dataset (left) and mouse dataset2 (right).

3.2. Segmentation performance evaluation metrics

Table 1
Euclidean distance between different reconstruction methods.

We validated our architecture using different metrics: accuracy
(ACC) and area under the curve (AUC) of receiver operating charac
teristic (ROC). ACC is a metric that measures the ratio between the
correctly classified pixels and the total pixels in the dataset. Precision
(PPV) specifies the proportion of true positive samples among the total
predicted positive samples. Sensitivity (TPR) estimates the proportion of
positives that are correctly identified. Specificity (TNR) computes the
proportion of negatives that are correctly classified. To relate the simi
larity and diversity of test datasets, the F-measure (F1) (Sasaki, 2015)
and Jaccard similarity (JS) (Jaccard, 1912) are estimated.

Methods

Branch 1 (pixels)

Branch 2 (pixels)

Proposed
MultiResUNet
U-Net

8.44
13.27
16.22

7.87
14.24
15.98

obtain a better view of the same vessel. Fig. 6 indicates that the 3D
reconstructed skeleton from the side view is similar to the target vessel
shapes obtained from the lateral X-ray image. The comparison between
the reconstructed and 2D skeleton shapes, as shown in Fig. 7 (right),
indicates slight dissimilarity in some regions. Although the large angular
difference between two views introduced many variations in vessel
shapes, our proposed method could reconstruct a skeleton shape that
was similar to the original one. The experiment with dataset 2 was
repeated approximately six times for accurate vessel reconstruction.

3.3. Evaluation with in-vitro experiments
Fig. 4 illustrates the workflow used in this study. We use the
following steps to automatically reconstruct the 3D vessels from bi-plane
X-ray image sequences. First, we receive two X-ray images simulta
neously from the bi-plane system, and we enhance the contrast of these
images. Second, we train our proposed lightweight architecture with the
target vessel. Third, we use the trained architecture to segment the
specific vessels. Fourth, we compute the centerline of the segmented
mask from the previous step and obtain the corresponding points from
shape-context-based matching. Finally, we compute the 3D point cloud
from the triangulation of two sets of matching points. The reconstructed
3D centerline of the phantom model shown in the top view of Fig. 4
represents a shape similar to that of the 2D skeleton extracted using topview X-rays. The similarity between reconstructed and original skeleton
shapes in Fig. 7 (left) proves that our proposed technique performs well
compared to the gold-standard phantom model structure. We have
repeated this experiment three times to confirm the final reconstruction.

3.5. Quantitative evaluation
To evaluate the accuracy of our proposed algorithm, we compare the
3D reconstructed centerline with the ground truth centerline. We
consider the re-projection of 3D reconstructed centerline points to their
corresponding 2D locations in the image. Furthermore, we calculate
projection and transformation matrixes to project the 3D centerline
points to the image coordinates. Fig. 7 presents the accuracy analysis of
two types of datasets. In both cases, the green markers represent the
ground truth, and the red markers indicate the projected centerline. We
intentionally used a bigger size for the green marker compared to that of
the red marker to ensure that the projected and ground truth centerlines
could be visualized. It is evident that the phantom dataset on the left
exhibits better re-projection as compared to the mouse dataset 2 on the
right. A better segmentation ensures higher accuracy in 3D re
constructions. It is known that the position and orientation of the mouse
in a bi-plane system are difficult to handle during angiography. In such
situations, the segmentation process is significantly complex. On the
contrary, segmenting a fixed vessel, such as from a phantom dataset, is
an easier task.
In addition, we have performed reconstruction on dataset 2 with
ground truth, MultiResUNet, and U-Net. Subsequently, we compare the
ground truth reconstruction with that performed using the proposed and
other techniques discussed herein. The results listed in Table 1 confirm
that our proposed reconstruction technique better approximates ground
truth than other methods.

3.4. Evaluation with in-vivo experiments
Fig. 5 illustrates the reconstruction technique with mouse dataset 1.
Because of the large angular difference between the two views, it is
difficult to obtain a high quality visualization of the vessels. We chose
the neck vessel to evaluate our reconstruction technique; this prevented
overlap with other vessels and organs as vessels from other body parts
are avoided. Our proposed algorithm simultaneously receives two im
ages from the bi-plane system and passes these through the deep ar
chitecture to obtain the segmented vessel. Then, a satisfactory 3D
reconstruction can be achieved by computing the centerline and corre
sponding points. The vessel centerline and angiography image are fused
to validate the accuracy of centerline extraction. The experiment with
dataset 1 was repeated at least five times to reconstruct the target vessel
clearly. Fig. 6 presents an evaluation of our reconstruction technique
with mouse dataset 2. The mouse position was maintained on a slope to

4. Discussions and conclusion
We evaluate the proposed technique by comparing it with state-of8
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Fig. 8. Segmenting target vessel using different techniques.

techniques was evaluated via different quantitative analyses, the results
of which are presented in Table 1.
A comparison of the segmentation performance and computation
time of different vessel segmentation techniques is presented in Table 2.
The results in the table confirm that the highest accuracy of 98.68 % was
achieved on enhanced mouse dataset 2. Furthermore, we compared the
architectures with performance metrics such as F1, JS, and AUC. The
table shows that the proposed technique achieves the best performance
for these metrics. Additionally, the proposed architecture is capable of
segmenting a single image in the lowest time of 1.46 s compared to the
computation times of the other existing architectures.
Table 3 presents a comparison of the proposed method with recent
3D reconstruction algorithms, in terms of reconstruction methods and
computation times. The primary goal of our research is to reconstruct 3D
vessels in real-time. To realize such a real-time system, it is necessary to
create a fully automated reconstruction process. Except for the tech
nique proposed by (Liu et al., 2015), all other techniques require manual
operation. Hence, these methods cannot be evaluated in real time.
However, the proposed methodology is fully automated and offers the
best computation time, as compared to other recent methods.
Automated 3D reconstruction is essential for diagnosing cardiovas
cular network diseases, therapeutic device development, and micro
robot navigation in blood vessels. Moreover, tracking the corresponding
vessel, which is a crucial task in reconstructions, has been a challenging
problem due to complicated in-vivo networks and DICOM® medical
imaging quality. Hence, in a majority of state-of-the-art techniques,

Table 2
Performance comparison between different techniques.
Models

U-Net

MultiResUNet

Proposed

ACC
F1
JS
AUC
Time [sec]

0.9717
0.8519
0.9367
0.9514
1.65

0.9775
0.8878
0.9533
0.9791
1.72

0.9868
0.9272
0.9784
0.9888
1.46

the-art vessel segmentation techniques, i.e., U-Net and MultiResUNet,
on mouse dataset 2. There are two versions of dataset 2. The first version
is the original X-ray image from a bi-plane system, and the second
version is an enhanced X-ray image obtained after applying an image
enhancement algorithm. The first version of the dataset is used for other
segmentation techniques, whereas the second version is prepared for the
proposed technique. Both datasets are divided into a training set and a
test set. We newly trained all three architectures again using the cor
responding training datasets. We set the batch size to 32 and the total
number of training epochs to 100. We utilized the Adam optimizer and
cross-entropy as the loss function.
Fig. 8 presents the segmentation masks of different techniques, along
with the ground truth mask. Segmentation masks from U-Net and Mul
tiResUNet contain noisy structures, in contrast with that from our pro
posed method. These noises will increase substantially for complex
vessels. Moreover, segmentation performance between different
9
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Table 3
Comparison between different reconstruction techniques.
Algorithm

Galassi
[11]

Yang [32]

Liu [25]

Liao [24]

Yang [33]

Proposed

Methods
C-arm X-ray
Manual selection of
control points across
projections
Multiple 2-dimensional
angiogram
C-arm X-ray
Force back-projection
technique
Manual selection of
corresponding points
C-arm X-ray
Energy optimization
More than two projections
C-arm X-ray
Graph-cut based
technique
Manual selection
extraction
C-arm X-ray
Perspective projection
method
Manual selection of
bifurcation points
Bi-plane X-ray
Deep-learning-based
segmentation
Automatic selection of
feature points

Reconstruction
Time [s]

Reconstruction
Process

60–120

Manual

N/A

Manual

3

Automatic

10–20

Manual

4.5

Manual

2.05

Automatic
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