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ABSTRACT 

 

Improved path planning algorithm based on RRT-Connect 

guided by probabilistically estimated important region 

 

Ha Yeong Song 

Department of Interdisciplinary Engineering Systems 

The Graduate School 

Hanyang University 

 

Sampling-based path planning algorithm have struggle dealing with 

environment with narrow regions. Because sampling is done for the entire 

configuration space rather than recognizing difficult region and approach 

selectively. Therefore many configurations are formed around the narrow 

regions not getting samples inside of it. Although many method has 

developed to solve the narrow passage problem, the computational cost 

was high to figure out narrow region precisely. Also, there was a risk for 

misreconizing the region types and failed to adjust in narrow passage with 

small free space.  

Thus, to overcome these drawbacks, the proposed method classifies 

regions which have a potential to be surface or narrow region in a 



probabilistic manner. Based on RRT-Connect, the roadmap is formed with 

two trees expanded by visiting the classified potential regions. Therefore, 

collecting and using the samples inside of narrow regions is possible 

without retraction or additional tests. As a result, the proposed method 

was verified on 2D and 3D maps with narrow passage compared to original 

RRT-Connect. This method showed good performance especially on maps 

with many direction changes or very narrow region. The performance was 

improved 54.8% for 2D maps and 64.3% for 3D maps in average. 
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1. Introduction 

Robot path planning is used to create a path in order to move a robot 

from a given initial state to a final configuration. For a path to be valid, the 

robot should be able to avoid collisions with the environment, any obstacles, 

and itself. Robot path planning can be applied not only to autonomous robot 

path creation, but also to assembly tasks, disassembly tasks, computer 

animation, and drug design [1].  

As the complexity of robots and their environments grows, sample-based 

planning algorithms have been widely used to compute collision-free paths 

simplify their implementation. These algorithms generate samples using 

randomized techniques and form connections with nearby samples on a 

configuration space to create a roadmap. One example of a representative 

algorithm is RRT. An RRT expands iteratively by applying randomized 

samples to randomly selected points until it reaches a final configuration. 

Another widely used algorithm is the probabilistic roadmap method (PRM), 

creates a graph composed of vertices and edges with a learning phase and 

local planner. However, these methods are not very efficient when a robot 

must pass through narrow regions or passages, as it is difficult to determine 

which area will have a sample that both falls inside the narrow region and 

comes out of it. Thus, these sample-based planning algorithms continuously 

add more nodes until the path gets through the narrow regions and therefore 

these algorithms lose its fast characteristic.  

Many techniques have been proposed to handle this problem with RRTs. 
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They can be classified into two groups; geometric-based techniques and 

filtering-based methods. One example of a geometric-based technique is 

the method featured in [2], which uses a sparse volumetric tree to focus on 

unexplored regions of a configuration space(C-space). However, with this 

method, if the narrow region is too small, then many nodes are discarded, 

as in an RRT. Another geometric-based technique is RESAMPL [3], which 

identifies the C-space and conduct refinement sampling with local region 

information based on entropy. However, this method requires a high 

computational cost to classify regions precisely and needs another sample-

based technique to obtain a detailed roadmap. Examples of filtering-based 

methods are VISPRM [4] and VISLT [5], which use several different node-

type concepts to reduce the required node number. These methods can be 

adjusted for large free spaces divided by narrow passages, but they are not 

suitable for small areas. SR-RRT [6] uses filtering and retraction methods 

[7] based on bridge line test and principal component analysis (PCA) to 

identify narrow regions more precisely. However, the computational cost of 

these methods is high. Moreover, it is not always helpful to create a path, 

and sometimes these methods misrecognize narrow regions. 

Therefore, the proposed method is devised to overcome the drawbacks 

of previous methods, meaning that the proposed method can easily make 

samples near and inside of narrow regions and identify important regions at 

a lower cost than traditional methods. Also, this method does not require 

additional testing or sampling, and it works in higher dimensions. The 
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method is organized in two parts. The first part involves finding important 

regions, which are likely to be narrow or surface regions, and the second 

part involves using those classified important regions to generate a roadmap 

based on RRT-Connect [8]. These classified potential regions can have 

important samples without the retraction method and guide two trees to 

pass through hard-to-reach regions.  

This paper proceeds as follows: Chapter 2 introduces the theory of 

motion planning, sampling-based methods, and narrow passage problems 

by discussing related literature. Chapter 3 summarizes the RRT method and 

provides an overview of the proposing model. Chapter 4 describes 

experiments using 2D and, 3D maps and Chapter 5 provides conclusion.  
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2. Background and Related Work 

2.1 Motion Planning and Sampling-Based Methods 

Motion planning, which was clearly defined in the 1970s, is a method to 

move a robot automatically so that it avoids collisions with the environment. 

The environment is described in the “configuration space,” which is 

different from real space. The concept of configuration space was 

developed by Lozano-Perez to simplify the complex robot planning scenario 

in a workspace. 

There are two regions, 𝐶𝑓𝑟𝑒𝑒  (1) and 𝐶𝑜𝑏𝑠  (2), within the C-space, 

which help simplify the description of obstacles (𝑂). Because the robot, (𝑅), 

is represented by a configuration, q, each point location of the robot can be 

described. 

𝐶𝑓𝑟𝑒𝑒 = { 𝑞 ∈ 𝐶 | 𝑅(𝑞) ∩ 𝑂 = ∅}.(1) 

𝐶𝑜𝑏𝑠 = 𝐶/𝐶𝑓𝑟𝑒𝑒 .(2) 

Although the motion-planning problem is dealt with in continuous 

configuration space, the problem should be solved in a discretized manner, 

which requires an algorithmic solution. Combinatorial planning, which is 

ideal in some settings but not practical in most, was developed and used in 

the 1980s. It creates structures in the C-space to capture all information 

discretely and completely in order to solve the planning problem. Although 

combinatorial planning solves simpler problems efficiently, its running time 

is too high for solving industrial-grade problems. On the other hand, 
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sampling-based methods which were developed in the 1990s, can solve 

difficult problems using fast and practical solutions. 

Sampling-based methods are widely used because of their 

computational efficiency and simple implementation. They do not 

characterize 𝐶𝑓𝑟𝑒𝑒 and 𝐶𝑜𝑏𝑠 explicitly; rather, by using a collision-detection 

algorithm, they explore the 𝐶𝑓𝑟𝑒𝑒  to know whether any configuration 

overlap with obstacles or not. Therefore, they can capture the connectivity 

of the C-space to create a roadmap by generating samples randomly and 

linking nearby samples. 

There are elements that constitute a sampling-based planner. In the 

sampling step, a configuration is selected randomly and added to the tree. 

As mentioned before, sampling-based methods explore the C-space rather 

than explicitly recognize it; thus, the configurations can exist in the free 

space or the space blocked by the obstacles. In the metric phase, the cost 

between two configurations, 𝑞𝑎 and 𝑞𝑏, is calculated and returned. Also, to 

link a new node to an existing roadmap, it is required to know which node 

is the nearest neighbor node using the nearest neighbor search method. 

When a connection should be established between two configurations, a 

local planning method can be used. And, finally, to know whether a sample 

collides with obstacles or two configurations can be linked or not, collision 

checking is used.  

Two of the most well-known sampling-based algorithms are the PRM 
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and RRT algorithms.  

1) PRM 

A roadmap of a PRM planner is a graph composed of vertices and edges, 

G(V, E). A robot configuration that belongs to free space is called a vertex, 

and an edge between two configurations implies a collision-free path.  

At first, a learning phase is needed to create a roadmap. In the initial 

empty graph, a configuration, 𝑞𝑟𝑎𝑛𝑑, is selected randomly using the sampling 

procedure. If this node is in 𝐶𝑜𝑏𝑠 after the collision detection phase, it is 

discarded; otherwise, it is added to G. After choosing N number of vertices 

among the given configuration space, the algorithm finds nodes within a 

specific range to each 𝑞𝑟𝑎𝑛𝑑. And a local planner connects these neighbor 

nodes to each 𝑞𝑟𝑎𝑛𝑑 node if collision is not found between the two nodes. 

In the next phase, the planner solves query to find a path. This path is a 

connection between the given two nodes, 𝑞𝑖𝑛𝑖𝑡  and 𝑞𝑔𝑜𝑎𝑙 , and is formed 

using the graph search algorithm.  
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(A) 

  

(B) 

Fig. 1. (A) An example of a roadmap formed by a PRM planner. The black 

polygons are obstacles, the small circles show the nodes of the roadmap 

and the edges are linked between two nodes. There are three nodes near 

each random node. (B) The 𝑞𝑖𝑛𝑖𝑡 and 𝑞𝑔𝑜𝑎𝑙 are connected with 𝑞′ and 𝑞′′ to 

make a connection of the roadmap. Any graph search algorithm can return 
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the shortest path like black line in the picture. 

2) RRT 

The algorithm begins to make a roadmap from 𝑞𝑠𝑡𝑎𝑟𝑡 and select a node, 

𝑞𝑟𝑎𝑛𝑑 randomly from the C-space using the sampling method. Then, this 

node is examined by the collision detection method to know whether it is in 

𝐶𝑜𝑏𝑠 or not. If it does not collide with any obstacle, the algorithm searches 

for the nearest neighbor node, 𝑞𝑛𝑒𝑎𝑟 which is used for connecting a tree 

with 𝑞𝑟𝑎𝑛𝑑. The local planner tries to connect the two nodes, but when the 

random node is not reachable, the planner returns 𝑞𝑛𝑒𝑤, which is located 

between the two nodes. If there is no collision on the edge that links the 

two nodes, 𝑞𝑛𝑒𝑤 and 𝑞𝑛𝑒𝑎𝑟, the new node is added to the tree. The RRT 

algorithm’s ability to perform collision detection using a single query about 

nearest neighbors is what makes the algorithm efficient. The roadmap can 

be extended until a connection has been made from 𝑞𝑠𝑡𝑎𝑟𝑡 to 𝑞𝑔𝑜𝑎𝑙. The RRT 

algorithm is the basis of the method proposed in this paper, so it is discussed 

more thoroughly in Chapter 3. 3.  

A multi-query planner like PRM can capture the entire free 

configuration space to answer any query, while a single-query planner like 

RRT only considers the portion of the free C-space that is needed to solve 

a query. Although these two methods are efficient, their performance can 

degrade significantly when a robot needs to pass through narrow regions. 

Because these algorithms cannot distinguish difficult or easy areas in the 
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configuration space, the algorithms continuously add more and more nodes 

over the entire room. Moreover, in terms of solving queries, the RRT 

algorithm can lose its fast characteristic as a single-query planner. This is 

because as the cost of RRT increases, the cost gap between the two 

methods decreases.  

 

2.2 Narrow Passage Problem 

Narrow regions can be regarded as thin corridors in 𝐶𝑓𝑟𝑒𝑒  that are 

surrounded by obstacles. This means that the obstacles and the environment 

occupy the space near the narrow regions, so the narrow regions are 

smaller than other areas. Therefore, obtaining a sample that falls inside and 

comes out of a narrow passage is difficult. This also makes it difficult to 

connect valuable nodes in order for a tree to pass though difficult regions. 

Fig. 2 shows a bad case example of solving a narrow region problem using 

bidirectional RRT planner. A red graph was started at a start position, and 

a blue graph was extended from a goal position. The black line indicates the 

desired path. The planner produced many configurations near the obstacles, 

but they were stuck in front of the entrance and could not go into the 

passage. To obtain a sample that is critical for a tree to go into the entrance, 

the planner must wait for a long time, which can lower the performance.  
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Fig. 2. An example of solving narrow passage problems using a two-

dimensional map and a bidirectional RRT planner.  

 

The representative sampling-based planners, PRM and, RRT perform 

well in solving problems with high degrees of freedom, but their 

performance degenerates in environments with narrow regions. Thus, many 

sampling strategies have been proposed. Some studies use geometric 

information to guide sampling, such as [2] and, [3], while other studies 

propose methods based on filtering, such as [4], [5], and [6].  

Geometric based-techniques: [2] uses a sparse tree with volume to 

characterize reachable free space based on RRT-Connect. Because it is 

hard to distinguish between easy and difficult areas in C-space, this method 

uses a ball tree to reject nodes in a ball and focus on nodes outside of the 

ball, which are located in an unexplored region. However, if the narrow 



11 

 

region is too small, then many nodes are discarded, as in the original RRT 

algorithm.  

Another geometric-based method separates the regions in the 

configuration space [3]. It is devised to conduct identification and 

refinement sampling of C-space by using local region information. It sorts 

the regions by entropy which is a disorder property of types of the samples 

in each region. Refinement sampling in a region must be conducted until a 

narrow and surface region with higher possibility is identified. Then, based 

on the PRM algorithm, the method creates a graph that links the regions in 

order to solve a query. However, a high computational cost is required to 

classify regions precisely, and the RRT algorithm should be added to current 

method to create a detailed roadmap. 

Filtering-based methods: One filtering-based approach uses the 

concept of different node types to reduce the number of nodes used in a 

roadmap. Each of the node types covers the free space and links the 

important nodes (guard nodes in [4]). If a node does not belong to these 

node types, it is rejected. [5] uses a local tree [9] to get through the difficult 

region easily. These methods are good for making nodes near the narrow 

passage in a large free space divided by narrow region but it does not work 

well with small area. As the name implies, a Selective Retraction-based RRT 

planner [6] uses both filtering and retraction methods. While sampling and 

expanding, the method uses the bridge line test between two nodes to 

distinguish the neighboring regions that include obstacles or narrow regions. 
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If the small area between two nodes is in a narrow region, the method finds 

a contact node on the obstacle and retracts it to move the node into the 

passage. However, the bridge is a one-dimensional line, so many retests 

should be conducted using bridges in order to clarify the judgement. And in 

higher dimensions, PCA is needed to determine the distribution of local free 

space before the retraction process. Thus, the computational cost to identify 

narrow regions is high.  Moreover, it is not always helpful to identify a path, 

and there is a possibility of misrecognize the narrow regions. 
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3. RRT-Connect Based Algorithm and Important 

Region Estimation  

3.1 Model Overview 

The proposed method is devised to overcome the drawbacks of the 

above-mentioned methods by making samples easily in the important region 

and, reducing the cost of recognizing the regions that are likely to be in a 

narrow passage. Without any additional testing or sampling, solving queries 

in narrow region problems and also in higher dimensions is possible with 

this method.  

The proposed method is organized into two parts: the first involves 

identifying important regions, and the second involves generating a path by 

exploring the important regions based on RRT-Connect. The regions that 

are likely to be surface or narrow regions are defined according to 

geometric information and rates of in-collision nodes in each region. These 

sorted potential regions guide each tree to expand easily, rather than use a 

random node to expand a tree, as in the original RRT. Thus, the important 

samples in sorted, hard-to-reach regions are selected as an expanding node 

of trees, and the bidirectional trees can be expanded to identify a path 

without using retraction methods. 

 

3.2 RRT Algorithm  

To compute collision-free paths for robots in high-dimensional space, 
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sample-based planning algorithms have been used efficiently. These 

sample-based planning algorithms consider an object as a point in the 

configuration space, which indicates the position and orientation of one or 

complicate bodies. Among the samples that can collide with obstacles or be 

in free space, these algorithms compute a collision-free roadmap by 

generating samples randomly and making connections between nearby 

samples. Two representative algorithms for making connections in free 

space are probabilistic roadmaps and RRT. These two methods are different 

in terms of the number of edges they require to make connections; the 

probabilistic roadmap requires many edges to make connections, while RRT 

can make a connected roadmap with fewer edges, resulting in a better 

performance than that of a probabilistic roadmap. Thus, RRT is efficient for 

performing incremental collision detection with only a single nearest 

neighboring query. 

When an RRT tree is expanded from an initial configuration to a final 

state in C-space, it first adds a new node, q, as a target node, and the 

nearest neighboring vertex to the new node in the RRT is selected using  

the EXTEND function (see Fig. 3). As can be seen in Fig. 4, a tree can be 

extended toward q with incremental distance ϵ. If the nearest neighboring 

node exists within ϵ, q can be added to the tree directly and return as 

“Reached,” whereas if q is far from the nearest tree node, then it returns 

as “Advanced.” Moreover, if the new node collides with obstacles by 

calculating forward kinematics, q is rejected.      
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Fig. 3. RRT algorithm with the EXTEND function. 

 

 

 

Fig. 4. Tree is extended in incremental distances toward a new node.  
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As an extension of RRT, which generates a random configuration 

iteratively as a target node to expand a tree and finds the nearest neighbor 

node of a random configuration in the tree, there is a variant of RRT, called 

Bidirectional RRT [8]. It uses two trees from the initial and goal 

configurations to rapidly explore the regions to find a path. Instead of using 

the EXTEND algorithm, bidirectional RRT mainly uses the CONNECT 

algorithm described in Fig. 5. The difference between the CONNECT and 

EXTEND algorithms is that vertices discovered during incremental steps 

are not be added to the trees in the CONNECT algorithm until the target 

configuration or an obstacle is reached. The bidirectional RRT performs a 

procedure iteratively as follow: First, random configuration is generated to 

be used as an extension of 𝑇𝑟𝑒𝑒𝑎 , which started from the initial point. This 

random node is used as a target node, so it does not have to be a collision-

free node. After the tree has been extended, the algorithm finds a nearest 

neighbor node and attempts to connect the new vertex to the nearest node 

in the opposite tree, 𝑇𝑟𝑒𝑒𝑏, which started from the goal point. As with the  

EXTEND algorithm, the tree moves to the target node in incremental, 

constant distances from the new extended node in 𝑇𝑟𝑒𝑒𝑎 (this process is 

described in Fig. 6). Then, 𝑇𝑟𝑒𝑒𝑎 and 𝑇𝑟𝑒𝑒𝑏 are swapped to make 𝑇𝑟𝑒𝑒𝑏 as 

an active tree of extension, and the algorithm flows as same way as 

described. This affects the trees’ability to explore the free space and 

advance towards each other. If a connection between the two trees can be 
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established, the algorithm is finished and the final path from the two trees 

are extracted.         

 

 

Fig. 5. RRT algorithm with the CONNECT function. 
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Fig. 6. The process of bidirectional RRT. (a) Right tree grows using a 

random target, and (b) this new node becomes a target for the left tree. (c) 

The algorithm calculates the nearest node to the target node in the left tree 

and (d) tries to add the new collision-free branch between these two trees. 

(f) If the branch reaches the target, (g) the algorithm returns a path that 

connects start and goal positions.  
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3.3 Classifying Important Regions and Defining Candidate 

Regions 

Although RRT has many great aspects such as simple implementation, 

computational efficiency, and the ability to solve high degree-of-freedom 

problems, its performance degrades if the environment has narrow passages. 

While a tree expands by producing many nodes, it is easy for the trees to 

get stuck near the obstacles until any node falls inside a narrow passage. 

This situation occurs because the RRT algorithm cannot distinguish the 

important areas into which the tree should expand. Thus, the algorithm adds 

more samples without knowing whether those samples are valuable or not. 

To handle the environments with narrow passages efficiently and 

overcome the difficulties with narrow regions, it is better to identify 

“crucial regions,” which likely to be surface or narrow regions. These 

crucial regions can be used to guide a tree to expand toward more important 

areas, rather than wander or get stuck near the entrance of a narrow 

passage. Also, these regions can help in collecting important samples in 

hard-to-reach regions, so the RRT methods can be used more effectively 

in a difficult environment.  

 

3.3.1 Region Construction 

The model is initially formed using uniform random sampling in the C-

space. The set of initial uniform samples includes not only free samples, but 
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also in-collision samples, as can be seen in Fig. 7 (b). This feature allows 

for having samples in hard-to-reach regions and obtaining crucial regions 

for path extension.  

Each region is formed with one center nodes and k number of neighbor 

nodes. To make initial regions at random position, center nodes are selected 

randomly among the initial sample set and the neighbor nodes are chosen 

from k number of samples around each center nodes. Because the size of 

each region is decided using the farthest neighbor node, the sizes of each 

region are generally similar. In this region generation methods, the area-

wrapping neighbors and center node can overlap with other regions. This 

means the samples can belong to multiple regions, as can be seen in Fig. 7 

(c).  
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         (a) Given C-space         (b) Initial uniform random sampling 

 

(c) Region Construction 

Fig. 7. Process of forming initial region set. Small yellow dots are 

randomized samples and big yellow dots are center nodes that are selected 

randomly. (a) Given initial C-space. (b) Initial uniform random sampling. (c) 

Constructed regions at each center node gathered by k neighbor nodes.  
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3.3.2 Region Classification 

   Because the in-collision nodes and free nodes are gathered together, 

the regions can be classified with rates of free nodes or in-collision nodes 

in each regions. Thus, the regions can be categorized into four types: 

surface region, narrow region, free region and blocked region. Fig. 8 shows 

these regions respectively.  

 

          

   (a) Surface region     (b) Narrow region 

       

    (c) Free region       (d) Blocked region 

Fig. 8. Four types of regions. Blue dots show the free nodes, and red dots 

show the blocked nodes in the cyan colored region. These are defined by 

the collision rate in each region. (a) Surface of the obstacles; (b) a region 

in a narrow region; (c) free region full of free nodes; (d) blocked region full 

of blocked nodes. 
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A free region is formed of only free nodes, and a blocked region 

consists of only in-collision samples, while free samples and blocked 

samples are mixed in the surface and narrow regions. To identify a path 

through the narrow space, it is efficient for a tree to pass the surface of the 

obstacles or through the narrow space between obstacles. Thus, it is 

necessary to identify the crucial regions among the regions that have the 

potential to be narrow or surface regions, as in Fig. 8 (a) and (b).   

To know whether a region is crucial or not, collisions between nodes 

inside each region and obstacles should be checked. To quantify the 

collision, the collision ratio is used. The collision ratio is defined as the 

number of in-collision nodes divided by the total number of nodes in a 

region. The left table of Table 1 shows the results of calculating the collision 

ratio in each region. 

After caculating all the collision ratio in each region, this method needs 

to sort the regions decendently in terms of their collision ratio from 100% 

collision to 0% collision. Because a higher collision ratio means the region 

has a lower number of free nodes than blocked nodes, it can assumed that 

those free nodes are in the important area. The right table of Table 1 shows 

the result of sorting regions with a threshold of 20%, which means the 

sorted regions are formed with 99% to 20% ratio, and 100% collsion regions 

are excluded. (See Fig. 9.) 
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Fig. 9. REGION CLASSIFICATION algorithm. 

 

 

 

 

 

 

 



25 

 

 

 

Table 1. Part of the collision ratio table of the regions before(left) and 

after(right) sorting regions by collision ratios of 20%. 

 

 

Candidate regions are high ranking groups of sorted regions and do not 

include 100% collision regions and 0% collision regions which can be free 

or blocked regions. The number of candidate regions is depends on the 

threshold, which is a user set value. A 20% threshold can include more 

regions than an 80% threshold, because it can have more regions in a range 
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of 20% to 99% of collision. Therefore, a set of candidate regions can be 

generated from Fig. 7 (c) to Fig. 10. 

 

 

Fig. 10. The yellow circles shows the candidate region sets filtered from an 

initial region set(Fig. 7 (c)). 

 

3.4. Bidirectional RRT Based on Candidate Regions 

To make a connection in free space from an initial point to a final point, 

we adopted Bidirectional RRT, as introduced in Chapter 3.2. Because each 

extension of two trees is guided by the candidate regions with important 

nodes, the trees can explore hard-to-reach regions more frequently than 

previous methods.  

As in the original bidirectional RRT, the start and goal points are the 

initial points of two trees. Each target node that is used to expand a tree 

can be one of a two types. The first is from the candidate regions (see Fig. 
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11 (a) and Fig. 12) and the second is from the inital sample set which is 

selected regardless of region (see Fig. 7 (b) and Fig. 11 (b)). Target nodes 

are alternately selected as the first and second types. The first type is for 

guiding the tree to explore the important regions, and the second type is for 

improving efficiency and maintaining the random property of the original 

RRT. In the first type, a tree approaches the candidate region to search a 

target node, and this candidate region is chosen among a list of candidate 

regions following the sorted order of the region classification algorithm. 

This target node is selected between the free nodes randomly in each round 

of candidate region and used as a target of tree expansion. Therefore, as 

shown in Fig. 12, the path is extended by using each candidate region and 

random node alternately.  

 

     

(a)                      (b) 

Fig. 11. Examples of free nodes in candidate regions and initial sample sets. 

(a) Yellow circles are candidate regions, and 1, 2, and 3 indicate the priority 

order of the sorted region set. (b) 1, 2, and 3 shows the selected random 

sample when the algorithm searches the free nodes in the initial sample sets.  
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Fig. 12. Tree1 and tree2 are expanded using the same target node in each 

region or random node. The sequence of node selection follows this figure, 

with candidate regions and random nodes used alternately.  

 

Expanding a tree involves the same method as that of the CONNECT 

algorithm, discussed in Chapter 3.2. In each iteration, tree1 from the initial 

point is expanded until it reaches the target node or collides with any 

obstacle, as discribed in Fig. 13. If tree1 trapped, then tree2 tries to reach 

toward the same target node. But if tree2 is also trapped, then two trees 

are swapped and tree2 becomes an active tree. In the next iteration, the 

target node is selected among the nodes in the candidate region or initial 

region set, and tree1 or tree2 is expanded as described in above sentences. 

This process is repeated until the calculated distance between the two trees 

is less than the threshold or iteration number of planner reaches the set 

limit. The algorithm stops expanding two trees and saves linking node 

information if a path is found. Then, the path can be generated from the 

linking node to each initial node, and every node in each tree is linked to 
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the previous and closest node in the tree (see Fig. 14). 

 

 

Fig. 13. Tree1 tries to expand its branch toward the target node q. It is 

incrementally extended by ϵ until it reaches the target node or obstacle. 
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Fig. 14. TREE EXPAND algorithm 
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Fig. 15. Blue and red paths are generated by linking node(green dot) to the 

initial and final point respectively. 
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3.5. Collision Detection and Path Optimization 

3.5.1 OpenGJK 

The OpenGJK library is adopted to detect the collision and solve the 

distance queries. Its base is a Gilbert-Johnson-Keerthi (GJK) algorithm 

which computes the minimum Euclidean distance between any two convex 

polytopes. (To compute a distance between convex polygons, the 

Minkowski difference is used to combine two polygons into a single convex 

polygon.) 

 

(1) 

(2) 

 

The GJK algorithm solves equation (1) using a loop (2) by updating a v 

ector 𝑑 at each iteration, so that 𝑑𝑘 converges to solution of (1) [10]. Its 

inputs are a polygon and a point, Q, and the user can pick an arbitrary initial 

simplex, S, inscribed in a convex polygon. In the loop, the algorithm first 

computes the closest point, P, on a chosen simplex, S, and if there is any 

non-contributing vertice from S, it is culled. Then, the algorithm builds a 

vector, d, pointing from P to Q and computes a support point, which is the 

furthest vertex of the polygon in the search direction from the dot product. 

( , ) min{|| ||: , }d A B a b a A b B= −  
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Finally, it merges the support point to S. If a support point is in the current 

simplex, the loop cannot go to next phase so it is terminated (see Fig. 16). 

 

 

   (a)                        (b)                       (c) 

 

 

  (d)                      (e)                       (f) 

Fig. 16. An example of the GJK algorithm with point Q and a pentagon. (a) 

Start with simplex selection, E (in this example, 0-simplex). (b) Find a 

closest point, P, and (c) build a search vector, d, from P to Q. (d) Find a 

support point, C, which is the result of the largest dot product between the 

search direction and vertices. (e) Merge C with the current simplex (1-

simplex). (f) Terminate the process if the supporting point, P, is already in 

the current simplex.  
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However, GJK suffers from numerical errors caused by the 

subalgorithm. At first, the cause of the error was regarded as a culling step, 

but the main problem was revealed as an orthogonal condition. To find the 

vector d  defining the shortest distance between two polygons, the 

subalgorithm uses a system of equation,  Aλ = b, in which A embeds an 

orthogonal condition. Because the difference operator defining a and b  in 

equation (d) is subject to cancellation error, which affects the coefficients 

of A and hence the solution of Aλ = b [11]. Thus, a signed volume method 

is devised to avoid cancellation errors in OpenGJK.  

 

3.5.2. Path Pruning and Shortcuts 

After finding a path, shortcuts and path pruning techniques are 

performed to optimize the path length. The difference between these two 

methods is the number of nodes considered.  

The shortcut method uses all configurations on a discrete path, which 

is a series of n number of adjacent configurations. In this method, the path 

is randomly split into three sections: 𝛿𝑎, 𝛿𝑏, 𝛿𝑐. If the local path LP(𝛿𝑎, 𝛿𝑐) 

is collision free, then this LP replaces the middle part of the path. [12] 

 The path pruning technique considers a node path, which is a series of n 

number of nodes that are generated randomly in the sampling-based 

algorithm. Because of the randomized nodes, the paths are often jerky, so 

the node path, which is composed of several collision-free local paths, 
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LP[𝑣𝑖 , 𝑣𝑖+1], can be optimized by removing the redundant nodes. A node, 

𝑣𝑖+1, on the node path is left out if the LP[𝑣𝑖 , 𝑣𝑖+2] is in the free space. See 

Fig. 17 for detailed explanation [12]. 

 

 

(a) 
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(b-1)                             (b-2) 

 

 

(b-3)                             (b-4) 

Fig. 17. (a) Path pruning algorithm (b-1) The nodes 1, 2 and 3 are the i, j 

and k. (b-2) Examine whether the LP[i,k] is in the free space or not. (b-3) 

Remove the redundant node 2, update the node path and move j and k to the 

next nodes. (b-4) Repeat the process in (b-2). 
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4. Experiments 

The proposed method was implemented for 2D and and 3D rigid bodies 

on an Intel i5 desktop machine, which has 3.40 GHz CPU and 8.0 GB of RAM. 

The proposed method was tested on five 2D maps and three 3D maps 

against the bidirectional RRT. Performance was verified with iteration 

comparison, and the planner was run ten times to calculate the average and 

collect statistics. As described in Chapter 3.5, OpenGJK was used as a 

collision detecting method and the path pruning and shortcut method were 

used to optimize the path length.  

 

4.1 2D Map 

There are several parameters that should be defined. The maximum 

number of uniform random nodes is 10,000; the number of center nodes is 

1,000; the number of neighboring nodes is 30; the threshold that was used 

as a minimum distance between two trees is 1; and the collision ratio 

threshold was set to 40%.  

It is revealed that the performance of the proposed method depends on 

the threshold ratio. Table 2 shows the difference in the number of candidate 

regions with threshold 60% and 10%. When the blocked ratio threshold was 

set to 10%, the number of candidate regions increased more than when it 

was set to 60%. Thus, the tree can search over regions sufficiently with 

increased candidate regions, which helps improve the performance of the 
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planner. But if the ratio is set to 60%, the planner takes more iterations on 

expand the trees.  

Although the radius of each region becomes larger when it contains 

more nodes due to an the increased number of neighboring nodes number, 

the radius does not directly affect to the performace of planner. This is 

because the most important factor that affects performance is the direction 

between a target node and a tree, but each region has already formed 

around the center node, so the larger area cannot change much in terms of 

direction. It means that if a targeted candidate region is an difficult direction 

in relation to the tree, the tree still hard to approach to the targeted region 

when it become larger than before.   
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Table 2. The fist and second columns show the number of candidate regions 

in each attempt when the threshold was set to 60% and changed to 10%. 

 

 

There are five maps used for the planner, as shown in Fig. 19. The 

yellow circles show the candidate regions, and the blue and red lines show 

the path from the inital and final point. These two trees approached each 

candidate region in descending order and, finally, they made a path at the 

meeting point. 
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    (a-1)                           (a-2) 

     

  (b-1)                            (b-2) 
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 (c-1)                           (c-2) 

     

(d-1)                           (d-2) 

 

     

(e-1)                         (e-2) 

Fig. 18. (a-1)~(e-2) shows the 2D map used for the test. In each figure, the 

left image shows the result of the bidirectional RRT planner, and the right 

image shows the result of the proposed method.  

 



42 

 

 

The results of the comparison of these two methods is shown in Fig. 19. 

The collision ratio threshold was set to 40% for these graphs. The  iteration 

number is 30,000 for 3, 4, and 5 attempts, which means that the iteration 

approached the limit, and the planner failed to find the path.  

It seems that the proposed method yeilded better results on map d 

because the planner can make requires much of direction switch because 

the direction between the target node and the tree is important for 

improving the performance of planner. The average number of iterations 

and percentages of performance improvement can be found in Table 3.   

 

Table 3. The averge iteration number of each method in five 2D maps and 

the percent of performance improvement. 
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4.2 3D Map 

Some of the parameters defined in the 2D maps are different from those 

defined in the 3D maps. The maximum number of uniform random samples 

is 50,000, the number of neighboring nodes is 50, and the maximum number 

of candidate regions is 500. The number of center nodes and the threshold 

are same as in 2D maps.   

There are three maps to test the planner, as shown in Fig. 19. The initial 

and final state are marked as a red and blue block, respectively. Considering 

a cube robot should pass the green map with the proposed method, the cube 

with one side length of 30 should go through map a, and the cube with one 

side length of 15 should go through maps b and c. As the cube gets larger, 

the more likely it will get stuck in the passage, and the more difficult the 

query will become. The way in which to expand two trees with candidate is 

the same as in the 2D maps. Trees are shown as blue lines, and the paths 

formed from the initial and final state are marked as bold blue and red lines. 
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(a-1)                         (a-2) 

 

(b-1)                             (b-2) 

 

(c-1)                            (c-2) 

Fig. 19. (a-1)~(c-2) shows the results of planner with 3D maps. In each 

figure, the left image shows the result of the Bidirectional RRT planner, and 
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the right image shows the result of the proposed method.  

The results of comparing the iteration numbers of the proposed method 

and the original Bidirectional RRT are shown in Fig. 21. The test was 

performed ten times, and the average iteration number was a measure of 

performance improvements. The results of each iteration number can be 

found in a table below each graph. The performance was improved about 

81% in map a, 55% in map b and 57% in map c (described in Table 4).  

. 

Table 4. The averge iteration number of each method in three 3D maps and 

the percent of performance improvement. 
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5. Conclusion  

This paper presented a new method for solving a problem with narrow 

regions based on RRT-Connect. By collecting candidate regions, the new 

method increases the possibility to search nodes inside important regions, 

as candidate regions guide two trees to explore important regions in order 

to create a path. Although there has been previous research concerning 

methods for addressing narrow region problem, the diffrerence between the 

proposed method and previous method is that the new method can collect 

samples inside and around the narrow region without using the retraction 

method or conducting additional tests.  

There were several problems with previous methods using volumetric 

trees, visiblity roadmaps, learning phases and retraction methods. They 

required recursive sampling, an additional sampling-based method, and a 

retest and they could not improve the creation of discarded samples around 

the narrow region, solve queries concerning the narrow passage problem in 

small free spaces, or recognize narrow regions selectively to reduce the 

computational cost.  

The proposed method is composed of two phases. First, it identifies 

regions that have the potential to be surface or narrow regions by making 

an initial region set and classifying the initial region set in terms of the ratio 

of blocked samples inside each region. Then, two trees visit the classified 

important regions in order of highest blocked percentage and use a sample 

inside the visited region to expand themselves by making interpolated 
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samples using collision checking. Because the proposed method finds 

narrow regions precisely, it aquires a list of potential regions in a 

probabilistic manner, so more samples inside hard-to-reach regions can be 

found without using retraction method or conduction additional tests. The 

proposed method was verified in five 2D maps and three 3D maps with 

narrow passages compared to original RRT-Connect. It especially showed 

great performance in very narrow regions, such as bug traps and a map that 

requires many direction changes. The performance was improved by about 

54.8% and 64.3% in the 2D map and 3D map, respectively. 
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국문요지 

 

 

Sampling 기반의 path planning 알고리즘들은 narrow region이 있는 

환경에서 roadmap을 형성하는데 어려움이 있다. 왜냐하면, path를 

확장하기에 어려운 지역을 구분하여 선택적으로 접근하기 보다는, 형상 

공간(Configuration-space) 전역에 대해 sampling이 이루어지기 때문이다. 

따라서 많은 노드들이 narrow region 내부에 형성되지 못하고 주변에 

존재하게 된다. 이에 따라 narrow passage 문제를 해결하기 위해 많은 

방법이 제시되었으나, narrow region을 정확히 구분하기 위한 높은 연산량이 

요구되거나, region의 유형을 잘못 인식할 리스크가 존재하며, passage 내부의 

free space가 작은 경우에 방법을 적용하기 어려운 문제점들이 있었다.  

 따라서, 제시하는 방법은 확률적인 방식으로 surface나 narrow 영역이 될 

가능성이 있는 region들을 분류하도록 접근한다. 또한 RRT-Conncet를 

기반으로, 두개의 tree는 분류된 region들을 방문하며 path를 확장해 

roadmap을 형성한다. 이에 따라, 앞선 연구들이 갖는 retraction 방법이나 

추가적인 test 없이도 narrow region 내 sample들을 모으고 사용할 수 있다. 

본 방법은 기존의 RRT-Connect와 비교하여 2차원, 3차원 환경에서 실험 

하였고, 특히 방향전환을 많이 요구하거나 bug trap과 같이 매우 좁은 

region을 갖는 경우에 더 좋은 결과를 보였다. 성능은 RRT-Connect 대비, 

2차원 환경에서 평균 54.8%, 3차원 환경에서 평균 64.3% 개선되었다.  
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