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We propose a fully automatic system to extract 3D structure of blood vessels from stereo

X-ray images. Currently, typical 3D imaging technologies like angiography are expensive

and potentially harmful to human body. In addition, for complex images with bones, 3D

vessel representation will thus depend on further 3D tracing and segmentation. Because

vessels are featureless and have low intensity contrast with background, other reconstruction

methods like stereo are additionally challenging. Our system can effectively reconstruct main

vessels in following steps. We first do initial segmentation using Markov Random Field and

then further refine segmentation in an entropy based post-process. We then extract vessel

centerlines and generate trees. Stereo matching is done in a coarse-to-fine scheme: Initial

matching using affine transform and dense matching using Hungarian algorithm guided by

Gaussian Regression [27]. We test and discuss its performance on stereo X-ray images and

synthetic datasets. We also compare our method with human labeling and it achieves an

accuracy of 71.08%.
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Chapter 1

INTRODUCTION

3D reconstruction of blood vessels has been widely studied recently in medical research.

It allows practitioners to establish correct diagnosis and further reduce the threat of dis-

eases like Cardiovascular and cancer [2, 24]. The current 3D vessel reconstruction techniques

combines the means of acquisition and retrieval of the human body from different physical

phenomenon such as computed tomography angiographic (CTA) images and magnetic reso-

nance imaging (MRI). Angiography solves the reconstruction problem by limited number of

projections under strong geometric assumptions on the blood vessels [20]. Perhaps the most

related reconstruction method is point-based method. There are two types of approaches.

One approach is based on stereo corresponding points which first manually identifies corre-

sponding anatomical landmarks and then reconstructs with algorithms such as Direct Linear

Transformation (DLT). The performance largely depends on the number of landmarks in the

first step[13]. They are common accurate 3D imaging methods but the issue of high expense

and high radiation dose become more essential. With less radiation harm, however, MRI are

less accurate and more expensive [13]. In addition, These technologies usually require a long

procedure time which may lead to the inaccuracy due to body deformation.

To reduce the cost, radiation and procedure time, we proposed a new system to obtain

3D reconstruction of blood vessels using only two stereo X-ray images. As shown in Fig1.a,

stereo images are captured when x-ray light is fixed at position -a and +a. We are able to

reconstruct blood vessels with X-ray position a, sample height hs, X-Ray height hx, and

correspondence differences in two stereo images d. The process of calculating d is a stereo

matching problem.

Stereo has been developed successfully in computer vision for many years [6, 26, 18].
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Figure 1.1: a. Equipment for Stereo X-ray Images. b. System workflow with examples for
each steps

Generally, stereo matching methods can be categorized into pixel-based [4], window-based

[30], feature-based [18, 16], and global optimization methods [5]. However, stereo matching

remains difficult in textureless regions. This is also called the aperture problem [5]. For most

of X-ray images, the intensity of vessel regions is featureless and low-contrast to background.

It is not applicable in our context to do dense matching using traditional stereo methods

based on intensity-consistency.

Figure 1.2: Segmentation Evaluation using Different Methods. a: raw image. b. Initial
Segmentation using CLAHE and MRF. c: MRF. d:Frangi Filter e:MRF multi-label Opti-
mization.
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We are able to reconstruct vessels from bones in four main steps. After we get stereo

X-ray images (Fig1. (b1)), we first do vessel segmentation, as shown in red and blue region

in Fig1.(b2) and extract centerlines and tree for each stereo image. Stereo matching can

be divided into initial matching and dense matching. During Initial matching (Fig1.(b3)-

Left), we only match bifurcations using affine transform generated by SIFT on raw images.

Dense matching uses Hungarian algorithm with Gaussian Regression [27] to assign each pair

of correspondence along every edge linking between two matched bifurcations, as shown as

green lines in Fig1.(b3)-Right. Using the correspondence differences in two stereo images,

we can generate 3D point clouds and further get 3D rendering as shown in Fig1.(b4).

There are three main contributions of our work. First, we conduct a new system which

can reconstruct blood vessels using two stereo images. It largely reduces patient’s waiting

time and radiation harm. Second, our method can particularly reconstruct vessels when

they are mixed with bones. Third, our reconstruction method is accurate, it outperforms

state-of-art dense stereo method and other point registration methods in our context.

This paper will be organized into the following sections: in section 2, we introduce details

of vessel segmentation; section 3 talks about matching method and reconstruction steps;

section 4 gives experiment results on stereo X-ray images and evaluate it’s performance with

human labeling of vessels in CT scan. We also give results on synthetic datasets. Finally,

we conclude this work with a short discussion in section 5.
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Chapter 2

VESSEL SEGMENTATION

Before reconstructing the 3D vessels, it is essential to segment and extract the vessel

from input raw image as illustrated in Fig1.(b2). One of the widely used vessel segmenta-

tion method is proposed by Frangi et.al.[11] that measures the vesselness by computing the

eigenvalues of Hessian at certain scale. The possibility of tubular structure is the maximum

vesselness response across several selected scales which could be further determined by [19]

using Markov random field(MRF). However, existing Frangi filter[11] and its combination

with MRF method [19] suffer two limitations especially in current application: 1. Low ves-

selness response at vessel bifurcations where shapes are complex as illustrated in the yellow

box in Fig2.d. 2. High vesselness response at background bone edge due to its high intensity

illustrated in the green box in Fig2.d and Fig2.e.

Figure 2.1: Stereo Matching Process. a. Initial prediction of corresponding bifurcation nodes
using affine transform. b. Search for bifurcation nodes with minimum euclidean distance on
targeted tree. Initial alignment.Blue dots represent warped image while red dots represent
target image. c. Junction nodes matching. d. Remove branches with unmatched bifurcations

Since these two types of error would seriously spoil the preceding stereo matching and

3D reconstruction steps described in Sec.3, we apply a Contrast Limited Adapted Histogram

Equalization(CLAHE)[33] method to enhance the vessel from complex background such as
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high intensity bones. Adaptive Histogram Equalization(AHE) enhances the contrast between

bones and vessels by amplifying the vicinity of each pixel by it’s neighborhood cumulative

distribution function (CDF). Since some noise may also be over amplified, CLAHE further

limits the CDF by a threshold, to help equally redistribute among all histogram bins. Then

we apply a MRF-optimization[14] to divide the enhanced image into several segmentations

with labels. Based on the observation from raw image that vessel regions contribute slightly

higher intensity, we look for pixels with high intensity and associate them with segmentation

labels. The majority of labels in this set indicates the label of segmentation for vessel regions.

To further remove the noise such as bone edges and tiny vessels, we conduct series of

entropy based morphological post-process. The vessel should show relative lower entropy

because it is usually smoother than the bone. Therefore, we compute the local entropy

on the raw image masked by initial segmentation and remove any pixel that has entropy

higher than a threshold. This would also help us to remove thin vessels since vessel edges

also have high entropy. We then only extract largest segmentation and fill holes through

a morphological reconstruction algorithm [12]. Finally, fine vessel centerlines and trees are

generated directly by [15] and [9].
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Chapter 3

3D RECONSTRUCTION OF BLOOD VESSELS

3.1 Stereo Matching

Stereo Matching involves two steps: Initial Matching for bifurcations and Dense Matching

for all the other nodes. Let P and Q represent bifurcation sets on warped image and target

image, pi and qi represent bifurcation i on warped and target image.

3.1.1 Initial Matching:

In order to predict the correspondences on target image, we first calculate 3 × 3 affine

transform using SIFT [18, 3] on the raw image. At each bifurcation (px, py) on warped

image, we predict it’s correspondence (q′x, q′y) (Fig3.a). We use homogeneous coordinates

to represent affine transform in a 3× 3 matrix and homogeneous vector for each bifurcation

pixel: 
q′x
q′y
1

 =

R T

0 1



px

py

1

 (3.1)

where R is a 2× 2 rotation matrix while T is a 2× 1 translation vector. For each prediction,

we then search for it’s nearest bifurcation in Q within a range r (Fig3.b,c). We then remove

edges between each unmatched bifurcation and it’s connected terminal nodes (Fig3.d) and

finally update trees for two images with NJ matched bifurcations.

3.1.2 Dense Matching:

The matched bifurcations suggest an initial mapping between two trees. A fine alignment

approach using Hungarian algorithm guided by Gaussian Regression was proposed by [27]
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to establish new matches between the edge points of the two paths. If we define the tree of

warped image and targeted image as XA and XB, then the correspondence set can be written

as: π = {xAi ↔ xBi }1 ≤ i ≤ N , N is the number of correspondence. Use Gaussian non-linear

regression, we can predict the location of new correspondence of points in XA by:

mπ(xB) = kTC−1π XA
π , σ2(xB) = k(xB, xB) + β−1 − kTC−1π k

where β is the measurement noise variance, k is a non-linear kernel function defined by

Eq.2 and Cπ is N × N matrix with element Ci,j = k(xBi , x
B
j ) + β−1δi,j, k is the vector

[k(xB1 , x
B), ..., k(xBN , x

B)]T

k(xi, xj) = θ0 + θ1x
T
i xj + θ2exp{−

θ3
2
‖xi − xj‖2} (3.2)

We initialize the mapping using NJ sets of correspondences from initial matching: π =

{pi ↔ qi}1 ≤ i ≤ NJ
. Following steps of fine alignment in [27], for each pair of edges connected

by matched bifurcation, we find new correspondences and finally obtain dense matching.

3.2 Reconstruction

Figure 3.1: 3D reconstruction from stereo X-ray images of human hand

After we get correspondences: π = {xAi ↔ xBi }1 ≤ i ≤ N , we estimate each point in world

coordinate XA
w and XB

w using intrinsic matrix of the camera M:

Xw =


xw

yw

1

 = M−1


xi

yi

1

 (3.3)
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Figure 3.2: Experiments on 5 X-ray stereo images with bones. The first line shows 5 raw
images, the second line shows their corresponding 3D rendering results using our method

As shown in Fig.1a, we assume X-ray light rail is parallel to image plane, if we define depth

z as hx-hs, we can get Eq.4 based on similar triangles theorems:

2a

d
=
hx− hs
hs

=
z

hx− z
(3.4)

Since two X-ray lights are symmetric to the sample position, finally we estimate a 3D point

[x, y, z]T as: 
x

y

z

 =
1

2
× (XA

w + XB
w) +


0

0

2a× hx

d+ 2a
− 1

 (3.5)

We further smooth the reconstruction by averaging depth within a step size along each branch

in the 3D tree. We assume blood vessels are cylinders with equal width, 3D rendering is

done by applying a cylinder at each connection between two adjacent nodes in the tree. This

step is done in Matlab trees Toolbox.
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Chapter 4

EXPERIMENT

4.1 Experiment from X-ray Stereo Images

Our experiments are conducted in the equipment shown as Fig.1a with parameters of hx=100cm,

hs=41cm and a=5cm. Fig.4 shows the whole reconstruction procedure on human hand from

a pair of stereo X-ray images. After we get initial segmentation, we apply a 7× 7 window to

remove pixels with large local entropy. We also remove all the holes to avoid dead loops in

tree structure, further do dilation to smooth vessel and remove noises and small branches.

After stereo matching, we can generate point clouds and corresponding 3D models. In Fig.5,

we also show reconstruction examples in details in 5 regions of a different hand.

4.2 Synthetic Experiment

We also design 4 synthetic vessel skeletons and render them as ground truth in Matlab Trees

Toolbox. We simulate the experiment based on the principle of our equipment and project

the 3D skeleton model into two stereo images. Because the projected stereo skeleton might

be sparse, we further generate fine centerlines using morphological process. Using methods

described in Section 3, we generate corresponding 3D models and compare them with ground

truth.

4.3 Evaluation with Human Labeling

To evaluate the accuracy of point matching, we compare our results with CT scan. We

simulate a projection of a stack of CT images on two stereo images. Due to high occlusion

of bones and low resolution, we manually segment vessels and test accuracy of method in

section 3. We associate our points with nearest human-labeled points on 2D CT image
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Figure 4.1: 4 examples of synthetic experiments

and evaluate each depth accuracy. We only care about the relative depth in this test so

both CT and our results are normalized. We compare our results with state-of-art stereo

matching method: Fullflow [7] and other non-rigid point matching methods: Coherent Point

Drift (CPD) and Iterative Closest Point (ICP). We define error percentage for each point as

e% = |Depth−GT |
GT

, and average accuracy is: 1−

√
n∑

i=1
e2i

n
, n is the number of points. As shown

in Fig. 7, we achieve 72.6% points with less than 30% error, with an average accuracy of

71.8%. Fig.7b shows errors along blood vessels in 2D CT image. Typically, higher error may

happen at vessel bifurcation, as shown in red squares. This is because when we generate

centerline, there might be some displacement at bifurcations.

Figure 4.2: a. Accuracy Evaluations for our method, CPD and ICP and fullflow. b. Errors
of our method shown on the 2D CT image.
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Chapter 5

CONCLUSION

In this paper, we propose a system to reconstruct blood vessels from stereo X-ray images

with bones. By evaluating our methods with human labeling and comparing with other

methods, our method achieves higher accuracy. We would like to share our code and publish

the dataset for research purpose.
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