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Abstract—Catheter interventions are often used in endovascular procedures to obviate complicated open surgical interventions.
One of the major challenges relates to moving the catheter
toward the required location with safety and accuracy. Due
to the unpredictable tissue deformation associated with device
insertion and the uncertainties of intra-operative sensing, a fast
and robust path planning algorithm would be advantageous.
Most of current methods are pre-operative planning, ignoring
time costs. This paper aims at proposing a faster and robust
path planning algorithm based on heuristics information. In
this paper, a novel Heuristic-Sliding-Window-based Rapidlyexploring Random Trees (HSW-RRT) path planning algorithm
is proposed for endovascular catheterization. This method keeps
the catheter away from vascular edges in light of safety concerns
by sampling along the centerline. Simulation results show the
feasibility of this path planning method in 2D scenarios. Path
solutions can be generated with similar performance and less
time effort than RRT*.
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I. INTRODUCTION
In Peripheral Artery Disease (PAD), arteries become narrowed or blocked, usually as a result of atherosclerosis or
plaque. Total occlusion of the superficial femoral artery is
present in up to 50% of patients showing symptoms of
PAD [1]. For treatment of it, the standard approach has been
to access the contralateral common femoral artery.
Catheters are one of the most versatile and essential instruments used in endovascular interventions. For example, it
can be used to cannulate the femoral arteries by pushing the
plaque aside and placing a stent nearby to restore and maintain
the blood circulation as shown in Fig. 1. One of the major
challenges relates to moving the catheter toward the required
location with accuracy and safety.
Due to the narrow, tortuous, slender and unstructured blood
vessels, the path planning for autonomous endovascular interventions becomes complicated. Many of the path planning for
endovascular interventions are graph-based methods, sampling
tree nodes along the vascular centerlines, as in [3]–[12]. The
isobars under the steady fluid condition are applied instead of
centerlines in [13]. The Dijkstra, A*, breadth-first searching
and other standard searching algorithms are able to find the optimal path, while the nonholonomic constraints are ignored and
they are time consuming. Moreover, the application scenario

Fig. 1: Femoral endovascular procedure [2]

is limited to path planning in a static environment, ignoring
the deformation of soft tissues during the clinical procedures.
Learning based methods are also applied in endovascular
navigation as in [14]–[18], while the data collection process
for a specific application scenario is time consuming and the
black box effect can not be ignored, which brings potential
risks.
Sampling-based methods are developed well in mobile
robots, and there is a lot of room for improvement on autonomous endovascular interventions. Probabilistic Roadmaps
(PRM), Rapidly-exploring Random Trees (RRT) [19], [20],
Fast Marching Trees (FMT) [21], Adaptive Fractal Trees
(AFT) and their derivatives have attracted increasing attention
recently. Nevertheless, in those papers they are pre-operative
planning, ignoring the dynamic environments and real-time
requirements. Due to the unpredictable tissue deformation
associated with device insertion and the uncertainties of intraoperative sensing, a real-time path planning algorithm with
high update frequency would be advantageous.
In this paper, a fast and robust path planning algorithm
based on Rapidly-exploring Random Trees with a Heuristic
Sliding Window is proposed for catheter interventions in
endovascular procedures. (i) This method tries to keep the
catheter away from vessel edges in light of safety concerns
by sampling along the centerline. (ii) Instead of sampling in
the overall search space, this method uses heuristics to improve
the sampling efficiency. (iii) Considering the uncertainties of
flexible robot model and deformations of soft tissues during
the procedures, the propsoed path planning method allows
faster path re-planning intra-operatively than RRT*. (iv) Sim-

ulation results in 2D scenarios show the feasibility of this path
planning method. The path solutions are compared with that
of RRT and RRT*, evaluating by time cost, path length and
maximal curvature.
In this paper, the methodology is introduced in Sec. II, and
the simulation results using different methods are discussed in
Sec. III. Conclusions and future work are presented in Sec. IV.
II. M ETHODS
A. Search space
The original image in Fig. 2 is a 2D 294 × 220 digital subtraction angiography image from [22] with a virtual occlusion
on the left side. It is segmented firstly via watershed algorithm
and centerline is extracted via medial axis skeletonization.
Keeping away from vascular edges should be considered in
light of safety concerns. If the search space is considered as the
same as the collision free space inside blood vessels, the edge
segment (red line in Fig. 3c) between 2 vertices sometimes is
close to the vascular edges (orange contour). In that case, the
catheter deployment can be dangerous as it can damage the
deformable vessel tissue.
The image erosion and dilation are efficient and mature
ways to shrink the free space, and they perform image convolution operations. Therefore, the path will locates in a search
space which is smaller than the original collision free space,
respectively the blue and orange zones in Fig. 2.

Fig. 2: Image segmentation and centerline extraction. The contour of
segmented vessel is presented with orange line and the centerline is
shown with greys heat map. The darker is the centerline color, the
longer is the distance from vessel edges. The search space is defined
as the zone within the blue contour.

(b) Edge generation

B. HSW-RRT
The Heuristic-Sliding-Window-based RRT (HSW-RRT) is
a sampling-based path planning algorithm. The tree is constructed incrementally from samples drawn randomly from the
search space. Instead of randomly sampling in overall search
space, this method uses a heuristic sliding window to improve
the sampling efficiency.
The heuristic sliding window is defined as a strip-shaped
area, which is expanded from the centerline with an adaptive
width as shown in Fig. 3a. In order to keep away from the
vascular edges as far as possible, the window in this paper
is limited to the centerline segment without strip width (i.e.
the purple curve in Fig. 3a) and the window length is a userdefined parameter. This window is centered at the tree vertex
(i.e. the blue point in Fig. 3a), which has the minimal cost
function value as (1).
The function cost to come returns the cumulative path
length from the tree root to current node x. cost to go
indicates the cost to the goal location from current node x,
and it can be represented by the Euclidean distance from x to
the goal location.
f (x) =cost to come(root, x) + h(x)
h(x) =cost to go(x, goal)

(1)

Even if the samples are generated on the centerline, it does
not mean that the connected edge between vertices strictly
locates on the centerline as shown in Fig. 3b. In order to avoid
getting stuck in a local minimum (i.e. keeping sampling locally
around the vertex with minimal cost without exploring other

(a) A heuristic sliding window

(c) Edge generation: an
unsafe example

Fig. 3: HSW-RRT tree construction

possibilities), the sample should also be randomly generated in
the overall centerline strip at a certain rate. For more details,
see the pseudocode in Algorithm 1.
C. Path smoothing
The path solution obtained from HSW-RRT is a list of
setpoints. The non-differentiable connections between line
segments will exceed the robot manipulability. Path smoothing
is required to meet robot’s kinematics, i.e. the curvature of path
should be bounded.
B-Spline is a spline function that has local support with
respect to a given degree, smoothness, and domain partition.
Given a knot sequence t0 , ..., ti , ..., tm , m + 1 B-splines with
degree n can be defined by construction by means of the
Cox–de Boor recursion formula as in (2).
(
1 ti ≤ x < ti+1
bi,0 (x) =
0 otherwise
bi,n (x) =

ti+n+1 − x
x − ti
bi,n−1 (x) +
bi+1,n−1 (x)
ti+n − ti
ti+n+1 − ti+1

(2)

The curvature at point (x, y) can be defined as (3). The
maximal curvature of final path is evaluated as the smoothness

Algorithm 1 HSW-RRT
Input: search space X, initial and goal point xinit , xgoal
Output: path solution
Parameter: maximum edge length q, number of child vertices
k, maximum number of samples nmax , resolution of points
when checking collision, probability of checking solution,
probability of sampling in overall free space p
1: procedure HSW-RRT PATH SEARCHING
2:
initialization(inputs and parameters)
3:
add vertex(xinit )
4:
add edge(xinit )
5:
while true do
6:
for i in q do
7:
for j in (1 : k) do
8:
if random() < p then
9:
xrand ← random centerline()
10:
else
11:
xrand ← random hsw(fx )
12:
xnear ← nearest vertex(xrand )
13:
xnew ← new vertex(xrand , xnear , i)
14:
add vertex(xnew )
15:
Lx , Lc , fx ← get nearby vertices(xnew )
. get the list of nearby vertices Lx with their cost-to-come
Lc and the node with minimal cost function value fx
16:
add vertex(xnew )
17:
add shortest edge(Lx , xnew )
18:
rewire tree(Lx , xnew )
19:
sol ← check solution()
20:
if sol is true then return path
. exit loop when finding a path or reaching nmax

in order to inspect the catheter nonholonomic constraints as
index of performance.
curvature(x, y) =
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+

3
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(3)

III. R ESULTS
The simulation is carried out in the PyCharm platform on
a computer with Ubuntu system. This computer is equipped
with an Intel (R) Core (TM) i5-8250U CPU @ 1.60 GHz 1.80
GHz processor and 8 GB RAM.
The simulation results of path planning via RRT, RRT* and
HSW-RRT are shown in Fig. 4-7. The proposed method is
also validated in another case as Fig. 7, which is a part of the
vascular tree in the leg from [23]. The initial and goal location
are the black and purple points, respectively. Blue line represents the tree expansion during the path searching procedure.
Green line depicts the generated path after searching. And red
line shows the final solution after path smoothing.
The performance evaluation of the proposed method is summarized in TABLE I, compared with traditional RRT series
methods. The time cost, the path length, and the path maximal
curvature are evaluated from 10 sets of start and goal states.
The time cost is determined not only by the path planning

Fig. 4: The simulation result of Fig. 5: The simulation result of
RRT path planning
RRT* path planning

Fig. 6: The simulation result of Fig. 7: The simulation result of
HSW-RRT path planning: case 1 HSW-RRT: case 2 (from [23])

method, but also by the entry and the target points, i.e. the time
cost varies upon different scenarios. The HSW-RRT generates
a path solution with similar length and smoothness as RRT*,
and takes less time effort than it. Even if HSW-RRT takes
longer time than RRT, it’s still worthwhile, considering the
quality of path. If the femoral endovascular procedure takes
from 45s to 25s [24], and the maximum bending angle is
around 77◦/cm (i.e. 0.086 rad/px in Fig. 6), the path planning
algorithm is reasonable. The catheter in [25] is designed with a
maximum bending angle 61◦/cm, which means the path can be
infeasible if the nonholonomic constraints are ignored during
path planning.
TABLE I: The performance comparison.
Method

Time (ms)

Length of
Path (px)

Maximal
Curvature (rad/px)

RRT

300.2 ± 100.1

420.1 ± 22.1

0.902 ± 0.675

RRT*

4018.4 ± 1598.1

374.7 ± 6.8

0.070 ± 0.026

HSW-RRT

1598.2 ± 276.2

373.1 ± 9.9

0.086 ± 0.050

Note: 10 sets of start and goal locations are tested, which is (283±4, 183±3)
and (218 ± 3, 22 ± 3), respectively.

IV. C ONCLUSION
In this paper, a novel HSW-RRT method is proposed for
endovascular catheterization. Instead of randomly sampling in
the overall search space, this method uses a heuristic sliding
window to improve the sampling efficiency. In order to avoid
getting stuck in a local minimum, the sample should also
be randomly generated in the overall centerline strip at a
certain rate. Simulation results show the feasibility of this path
planning method in 2D scenarios and the path solution can be
generated around 1.6s for femoral endovascular catheterization. The HSW-RRT generates a path solution with similar
length and smoothness as RRT*, and takes less time effort
than it. Even though HSW-RRT takes longer time than RRT,
it’s still worthwhile, considering its reliability.
Later on, (i) the nonholonomic constraints should be expressed as bounded curvature, and controlled quantitatively
via path smoothing or edge construction; (ii) the path planning
will be implemented in 3D scenarios and the computational
velocity will be improved; (iii) a re-planning algorithm based
on initial path should be proposed when the deformation of
environments is detected, taking the advantage of pre-operative
path; (iv) if the full 3D model can not be reconstructed in realtime, vision servoing based control can be used for the intraoperative navigation of catheter by using 2D images, which
will be investigated and implemented in the future.
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