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Abstract— Sampling-based planning algorithms have demon-
strated strong performance in high-dimensional path planning
problems. However, achieving rapid convergence toward high-
quality solutions remains challenging. In this paper, we propose
the deformable informed RRT*-Connect(DIRRT*-Connect) al-
gorithm, which integrates a whole-tree gradient descent opti-
mization scheme into a bidirectional RRT-based framework.
The proposed method first employs an RRT-Connect frame-
work to rapidly obtain an initial feasible solution through
greedy bidirectional expansion. Informed ellipsoidal sampling
is activated to restrict the sampling domain according to the
current best solution cost. Meanwhile, a gradient-descent-based
deformation strategy is applied to branch nodes, enabling
global trees refinement and accelerating convergence toward
the optimal solution. By coupling passive sampling concen-
tration induced by informed heuristics with active structural
concentration driven by gradient-based optimization, DIRRT*-
Connect significantly improves convergence and solution qual-
ity. Experimental evaluations in both two-dimensional and
six-dimensional spaces indicate that DIRRT*-Connect exhibits
superior convergence performance and can rapidly obtain the
first feasible solution. Compared with RBI-RRT#*, the DIRRT*-
Connect algorithm demonstrates superior performance in six-
degree-of-freedom path planning with a path length reduction
by 38% under the same planning time.

I. INTRODUCTION

Path planning is primarily applied in fields such as au-
tonomous driving and intelligent transportation, industrial
and logistics applications, as well as drones and specialized
robots[1], [2], [3]. Path planning algorithms can generally be
categorized into two major classes: map-based methods and
sampling-based methods. Map-based planning algorithms
typically rely on explicit environment representations, such
as grid maps or graph structures, and are well suited for low-
dimensional planning problems in two-dimensional or three-
dimensional workspaces[4], [5], [6]. However, their compu-
tational complexity increases rapidly with the dimensionality
of the state space, rendering them less practical for high-
dimensional configuration spaces. In contrast, sampling-
based algorithms explore the configuration space by proba-
bilistic sampling without requiring an explicit discretization
of the entire state space[7], [8], [9], [10]. By incrementally
constructing a random sampled tree(RRT) over the feasible
region, these methods effectively handle high-dimensional
planning problems and are therefore more suitable for robotic
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manipulators and other systems with large configuration
spaces. Thus RRT is widely used for path planning.

A series of variants of the RRT algorithm are used for
optimal or efficient path planning. RRT-Connect[11] is an
efficient path planning algorithm that grows two Rapidly-
exploring Random Trees simultaneously from the start and
goal configurations. It enhances search speed by employing
a greedy bidirectional strategy where each tree alternately
expands towards the newest node of the other, facilitating
quicker connection in the state space. RRT*[12] guarantees
asymptotic optimality which means the path cost converges
towards the global optimum as the number of iterations
increases through rewiring the tree structure by selecting
a better parent node for a new node and then recursively
optimizing the paths of nearby nodes to ensure minimal
cost from the start. Informed-RRT*[13] focuses subsequent
sampling within an ellipsoidal subset of the state space
defined by the current best path cost after finding an initial
solution improving the convergence rate towards an optimal
solution compared to the RRT* algorithm.

Informed RRT*[13] accelerates convergence toward the
optimal solution by restricting sampling to an ellipsoidal
subset of the state space. However, this adaptive sampling
strategy is activated only after a feasible solution with finite
cost is obtained. When the solution cost remains infinite,
Informed RRT* behaves identically to the standard RRT*,
limiting the speed of discovering the first feasible solution.
Therefore, a common strategy is to first use RRT-Connect
to quickly obtain a feasible solution without emphasizing
optimality, thereby triggering the informed sampling mecha-
nism at an earlier stage. Both the RBI-RRT*[14] and Hybrid
RRT[15] algorithms adopt this idea: they first rapidly obtain
a feasible solution using RRT-Connect and then leverage
Informed RRT* to find the optimal solution. Here we adopt
this concept as well.

Although RBI-RRT*[14] demonstrates better near-optimal
solution convergence, it relies solely on stochastic sampling
and local rewiring for path refinement. Since node posi-
tions remain fixed after insertion, optimization is entirely
driven by the quality of newly generated samples. In high-
dimensional or topologically complex environments, this
sampling-dependent mechanism may lead to slow conver-
gence and premature stagnation within suboptimal homo-
topy classes. As indicated by the DRRTd algorithm[16],
performing gradient descent calculations on nodes for space
deformation can accelerate the optimization process and
shorten the time required to find the feasible solution[16].

Inspired by DRRTd[16], we firstly introduce gradient-



based branch deformation to two expanding trees which
enables active geometric adjustment of tree nodes and
more robust convergence toward high-quality solutions. RRT-
Connect is first used to find the quick feasible solution. Then
the sampling space is constrained using an elliptical sampling
region to limit the scope of the potential optimal solution.
Gradient descent optimization promotes the aggregation of
RRT nodes around promising topological regions. DIRRT*-
Connect algorithm is proposed in this paper.

(1) Unlike previous gradient-based deformation methods
designed for single-tree planners[16], [17], the proposed
DIRRT*-Connect algorithm extends integer gradient descent
to a bidirectional tree structure for the first time. After
RRT-Connect obtains an initial feasible solution, an ellip-
soidal informed sampling strategy is activated to restrict
the sampling domain. The sampled nodes are subsequently
refined through gradient-based deformation, encouraging the
search tree to concentrate around promising regions. By
coupling passive sampling restriction with active geometric
refinement, DIRRT*-Connect achieves faster and more stable
convergence toward high-quality solutions.

(2) DIRRT*-Connect follows the initial solution genera-
tion strategy of RBI-RRT* by employing the RRT-Connect
algorithm with a greedy extension mechanism to rapidly
obtain the first feasible solution. Owing to the greedy con-
nection strategy, the time required to find the initial feasible
solution is significantly shorter than that of the standard RRT
algorithm. Compared with DRRTd, the proposed method
achieves a 79.5% improvement in the time to first feasible
solution in 2D map environments.

(3) Compared with RBI-RRT*, DIRRT*-Connect consis-
tently generates smoother trajectories with lower final cost.
The proposed method further demonstrates enhanced per-
formance in high-dimensional path optimization scenarios.
Extensive evaluations in a six-degree-of-freedom robotic ma-
nipulator configuration space indicate that DIRRT*-Connect
achieves a 38% average reduction in final path cost relative
to RBI-RRT* which validates the superior convergence effi-
ciency and practical effectiveness of the proposed framework
in robotic manipulator motion planning tasks.

II. PROBLEM STATEMENT

The optimal path planning problem is defined in this
section. Let the configuration space be denoted as X € R",
where n represents the dimensionality of the state space.
The space is partitioned into the obstacle region X,;s and
the collision-free region Xysree = X \ Xops. A feasible
solution is defined as a continuous path, given an initial
state Xgpart € Xfpree and a goal state Xgoq1 € Xjfree, the
objective of the path planning problem is to find a continuous
path o and o(s) € Xy, for all s € [0, 1].

The optimal path planning problem can be formulated as
searching for a collision-free feasible path o that minimizes
a given cost function [16]. Formally, it can be defined as

U(O) = Tstart, U(l) = Tgoal, }

o* = argmin {C(U) Vs €[0,1], 0(s) € Xyree
(D

Algorithm 1 DIRRT*-Connect Algorithm

1: Notation: 77 and 75 denote the RRT trees rooted at the
start and goal state respectively, and Chey denotes the
minimum cost among all feasible solutions found so far.

2: Initialize: Ciegi <— 00, bopiimize +— false

3: while not TerminationCondition do

4: Trand < InformedSample(Zgart; Zgoats Chest)
5: if Extend(T", Zrand> boptimize) != TRAP then
6: Tpewl < 17.lastNode

7: repeat

8: status < Extend(T%, Znewt» boptimize)
9: until status != ADVANCE

10: if status == REACH then

11: boptimize < true

12: Tnew2 < 15.JastNode

13: Xsoln + Xom U {xnewla xnewZ}

14: Chest < min(cost(Xsorm))

15: end if

16: swap(1h, 15)

17: end if

18: end while
19: return 17,75

As stated in DRRT[15], when the cost function is differ-
entiable, gradient descent optimization can be applied. Thus
C' denotes the Euclidean distance here.

ITII. THE DIRRT*-CONNECT ALGORITHM

In this section, a new path planning algorithm, DIRRT*-
Connect, is proposed. Inspired by the core part of
DRRTd[15] and following the framework of the RBI-RRT*
algorithm[14], our method first aims to rapidly obtain a fea-
sible solution. Subsequently, gradient descent optimization
is applied to accelerate the convergence toward the optimal
solution.

A. Deformable informed RRT*-connect

The pseudocode of the proposed DIRRT*-Connect al-
gorithm is presented in Algorithm 1. Inspired by RBI-
RRT*[13], our method is structured into two distinct phases.
Rapid initial solution acquisition phase with b_optimze set-
ting false, where a feasible path is quickly obtained. Global
refined optimization phase (Algorithm 1, Lines 10-14),
where the b_optimize turns true and solution is further
improved toward optimality through systematic refinement.

During rapid feasible solution acquisition phase, the pro-
posed method first adopts an RRT-Connect framework with a
greedy extension strategy to rapidly obtain an initial feasible
path without any optimization. Two trees are grown simulta-
neously from the start and goal states, respectively, in a bidi-
rectional manner. Once a feasible connection is established,
the two trees are reconstructed. In addition, an informed
heuristic sampling strategy is incorporated to restrict the
sampling domain after a feasible solution is found, thereby
improving convergence efficiency toward high-quality solu-
tions. Unlike conventional incremental rewiring approaches,



the two entire trees are subsequently treated as global
optimization objects[16]. A gradient descent procedure is
then applied to refine the cost function of the two RRT
trees. The key difference between the proposed algorithm
and RBI-RRT* lies in the process of searching for the
optimal solution, specifically the Extend function which will
be further explained in Algorithm 2.

Algorithm 2 Extend(7', Zirget> Doptimize)

1: Notation: 7" denotes RRT tree to expand, Tiee denotes
target node to reach
Tnearest — FindNearestNode(T', Ziarget)
Tnew < Steer(xnearesty xtarget)
Znear < FindNearNodes(T', Zpew)
if not CollisionFree(Zpearest) then
return TRAP
end if
if boptimize then
Zparent <— ChooseParent(ncar, Tnew)
T+ TU {(xparent; xnew)}
b < Branch(zyey)

DeformInOrder(b)
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Rewire(T, Tnew)
else

T+ TU {(Inearesta xnew)}
end if

17: if isReachable(Zpearest, Trarger) then
18: return REACH

19: else

20: return ADVANCE

21: end if

The DIRRT*-Connect algorithm is illustrated in Fig. 1. As
shown in Fig. 1(a), after RRT-Connect rapidly finds a feasible
solution, b_optimize turns true, and further expansion and
optimization are performed to ultimately obtain an optimal
solution that satisfies the required criteria, as shown in Fig.
1(c). After the new node is determined, the branch identifies
all deformable nodes except which are the leaf nodes and
the start node, and deforms the corresponding RRT branch,
as illustrated in Fig. 1(d). Once a new node is determined,
all nodes within the branch are deformed along the negative
gradient direction of the cost function over the entire RRT
tree. “Branch” is defined as the RRT subtree rooted at
the parent of the new node, excluding all leaf nodes. This
branch structure has been demonstrated to achieve an optimal
trade-off between computational overhead and optimization
effectiveness[17].

Finally, the algorithm returns RRT tree T1 and T2 that
contain multiple feasible solutions connecting the start node
and the goal node, as well as the optimal solution obtained
through gradient-based optimization.

In contrast to the RBI-RRT* algorithm, the proposed
method differs in the shaded portion of Algorithm 2. Once an
initial solution is obtained, the variable b_optimize is set to
true, and a branch deformation strategy is introduced to guide
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Fig. 1: Illustration of the whole procedure of DIRRT*-
Connect (a) Random trees during RRT-Connect. The Green
dots represent RRT started from start node and the red dots
represent RRT started from goal node. (b) Sampling new
node with Ellipsoidal Heuristic (c) Deform branch Nodes
using gradient descent (d) The RRT after gradient descent
opptimization

Algorithm 3 DeformlInorder(b)

1: Notation: b denotes the branch nodes to be deformed
2: while not TerminationCondition do

3 for b; € b do

4 t=1

5: while not TerminationCondition do

6 t=p3-t

7 end while

8 temp = xp, — ¢ gx];’

9: if lisFeasible(temp) then continue

10: end if

11: if cost(Py,) + distance( P, , temp) < Ches then
12: Tp, = temp

13: updateCosts(Cy, )

14: end if

15: end for

16: end while

the subsequent optimization process. Specifically, before
performing the rewiring operation for a newly generated
node, a gradient-descent-based optimization is applied to the
branch nodes of the tree, which deforms and optimizes the
branch structure associated with the new node[7].

In Algorithm 2, Line 9, the ChooseParent function selects
the parent of the new node from the k nearest neighbors
by choosing the node that minimizes the path cost from the
start node to the new node. In Algorithm 2, Line 13, the
Rewire function checks the same set of k nearest neighbors
and updates the parent of any neighbor whose path cost can



® ’ )

Fig. 2: The evolution of the tree computed by DIRRT*-Connect, RBI-RRT*, DRRTd algorithm is shown in (a)-(d), (e)-(h),
(1)-(1) respectively. The configuration of the trees (a) is at 250 iterations, (b) is at 500 iterations, (c) is at 5000 iterations,

and (d) is at 10000 iterations.

be reduced through the new node.

B. Tree deform optimization

During the refinement phase, the RRT trees will be de-
formed using gradient descent optimization[16]. Specifically,
informed sampling is first employed to generate a new node.
After the new node is validated, a gradient-descent-based
deformation is applied to the branch nodes, followed by the
rewiring operation to further optimize the tree structure. The
pseudocode of Gradient-descent optimization is shown in
Algorithm 3.

As shown in Algorithm 3, according to the Armijo con-
dition, each deformable node is updated along the negative
gradient direction. This step is the core part of the proposed
algorithm, where node positions are adjusted to ensure a
decrease in the loss function of the whole RRT. J,, is defined
as the summation of the cost functions over all nodes in the
RRT tree.

Jo =Y ¢ (@)

ieT
For a non-root node in the tree 7, its accumulated cost
satisfies:

¢ = c(Tpi, i) + Cpi ©)

where x,; denotes the parent of node x;. Therefore, the
objective term J, can be equivalently expressed as:

J, = Z Z num_edge - ¢(x;, ;) 4
i€T jET
where num_edge represents the number of times the edge

cost c(x;,x;) contributes to the overall cost function, i.c.,
the number of descendants of node x; in RRT tree plus one.

num_edge = num_desc(j) + 1 5)
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For different nodes, gradient descent is performed with
respect to their spatial positions. Given the selected cost func-
tion, we compute partial derivatives along each dimension
of the n-dimensional configuration space. Consequently, in
Jy, only the terms containing the spatial coordinates of the
currently deformed node n matter. Thus, J,, depends solely
on the edges incident to the node under optimization, and
can be simplified as

Jo =dy - c(xp,, Tn) + Zd

i€eCy

xnaxz +C (6)

where p,, and C,, denote the parent and child of node n,
respectively. C' is the constant. d,, equals 1 + num_des(n)
with num_des(n) the number of descendants of node n.
Similarly d; equals 1 + num_des(i) with num_des(i) the
number of descendants of node ¢. If the updated deformation
point remains collision-free and maintains connectivity with
both its parent and child nodes, and if the resulting cost
Ciemp 18 smaller than the original cost c,,, the spatial position
of the current node is updated accordingly. Subsequently,
the costs of all its descendant nodes are recursively updated
(Algorithm 3, Lines 12—13).

IV. EXPERIMENTS AND SIMULATIONS

In this section, we conduct both simulations in 2 degree-
of-freedom and 6 degree-of-freedom space. In Part A,
DIRRT*-Connect, RBI-RRT* and DRRTd algorithm are
evaluated and compared under two dimensional map. The
evaluation metrics include the optimal cost function value
and the number of iterations required for convergence to the

optimal solution. In Part B, both DIRRT*-Connect and RBI-
RRT* are applied to simulations of six-degree-of-freedom
robotic manipulator for further validation.

A. Simulations in 2D spaces

To evaluate the effectiveness of the proposed DIRRT*-
Connect algorithm, simulation experiments were conducted
in a two-dimensional environment. All experiments were
performed on a laptop running Ubuntu 20.04, and the al-
gorithm was executed for a total of 10000 iterations. We
conducted comparative path planning experiments under an
identical map configuration using RBI-RRT*, and DRRTd.
The intermediate results of the algorithm at different stages
are illustrated in Fig. 2.

The path planning task aims to compute the shortest
collision-free path connecting the start and goal configura-
tions. The size of the simulated map is 10*10, with obstacles
randomly distributed throughout the environment following
the work of Oktay Arslan[18]. The start position is indicated
by a yellow circle at coordinates (5, 5), while the goal
position is marked by a red star at (5, 9). As shown in Fig. 2,
the planned path gradually converges toward a near-optimal
solution as the number of iterations increase.

The RRT trees are visualized in blue, with tree nodes
depicted in green. Comparing the circled region of Fig. 2(b)
and (f), as the iterations progress, the nodes after the deform
operation tend to concentrate around the trunk of the original
RRT tree and the edge of the obstacles. This distribution
differs from the passive sampling restriction introduced by
traditional informed sampling methods; Instead, it actively
guides the exploration toward high-quality sampling regions.

Compared with the RBI-RRT* and DRRTd algorithm,
under the same number of iterations, the proposed DIRRT*-



Connect algorithm produces paths with lower cost and
significantly improved smoothness. After 10000 iterations,
the final average best path cost C_best obtained by RBI-
RRT* and DRRTd is 4.64 and 5.65 respectively, whereas
the proposed method achieves a lower cost of 4.49. As a
result, DIRRT*-Connect achieves a noticeably lower final
path cost, highlighting its superior refinement ability and
improved asymptotic convergence performance under the
same computational budget.

For each algorithm, the evolution of the best path cost
C_best with respect to iteration, as well as the relationship
between the initial solution cost and time, were analyzed.
Fig.3(a) presents the evolution of the best path cost C_best
over 10000 iterations for DIRRT*-Connect, RBI-RRT* and
DRRTd under identical settings. As shown in the figure,
DIRRT*-Connect converges rapidly toward the optimal so-
lution. The path cost reaches its minimum value and stabi-
lizes after approximately 1500 iterations. DIRRT*-Connect
demonstrates a consistently stronger optimization capability
throughout the entire process. In particular, DIRRT*-Connect
achieves a rapid reduction in path cost during the early
iterations and quickly converges to a lower-cost solution,
while RBI-RRT* demonstrates a slower and more gradual
decrease in path cost over the optimization process. In
contrast, DRRTd operates in a relatively large sampling
space, making it more prone to being trapped within a local
topological configuration during exploration. As a result, its
path refinement performance is less effective compared to the
proposed DIRRT*-Connect algorithm. The value of C_best
for DRRTd decreases nonlinearly with respect to the number
of iterations due to changes in the topological structure of the
path. In particular, transitions across different homotopy can
lead to a significant reduction in C_best, thereby substantially
accelerating the path cost improvement process.

As shown in Fig. 3(b), both DIRRT*-Connect and RBI-
RRT* employ the RRT-Connect strategy to obtain the ini-
tial feasible solution. Owing to the greedy bidirectional
expansion mechanism of RRT-Connect, the time required to
find the first feasible solution is significantly shorter than
that of DRRTd. DIRRT*-Connect finds the first feasible
solution in 0.0063s, which is 79.5% faster than DRRTd,
while maintaining competitive path quality.

B. Simulations for 6 DOF manipulators

In this section, to evaluate the performance of DIRRT*-
Connect in high-dimensional configuration spaces, we con-
duct simulations in PyBullet using a six-degree-of-freedom
KUKA LBR iiwa manipulator. Shown in Fig. 4, the green
bottle denotes the start position, the red bottle indicates
the goal position, and all other objects serve as obstacles.
We vary both the initial configurations and obstacle place-
ments and perform multiple independent simulation trials.
Fig. 4(a)—(d) depict four representative snapshots of the
manipulator during its motion execution process.

In high-dimensional configuration spaces, even when
adopting an informed sampling strategy, the planner can
still become trapped in local optima, remaining confined

(a) (b)
(©) (d

Fig. 4: The simulation of 6 DOFs manipulator path planning
scenario.(a)-(d) denote different steps for manipulator in one
run

within a suboptimal topological region. Moderately enlarging
the k-nearest neighborhood radius enhances the rewiring
quality to boost transition among topologies. The quality
of Rewire mechanism significantly influences the branch
deform quality. It aims to facilitate cross-topology explo-
ration toward the global optimum and prevent convergence
to locally suboptimal homotopy classes. To demonstrate
the effectiveness of DIRRT*-Connect in high-dimensional
solution spaces, comparative experiments are conducted with
the RBI-RRT* algorithm.
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Fig. 5: The simulations setup and comparison of trajectories
between DIRRT*-Connect algorithm and RBI-RRT*. (a) the
simulation setup (b)the trajectory of DIRRT*-Connect (c) the
trajectory of RBI-RRT*

The initial and goal configurations of the robotic manipu-
lator are shown in Fig. 5. The highlighted markers indicate
the six joint nodes of the manipulator. Path planning from
the initial configuration to the goal configuration is conducted



using the DIRRT*-Connect and RBI-RRT* algorithms. The
node trajectories from the start configuration to the goal
configuration generated by DIRRT*-Connect and RBI-RRT*
are illustrated in Fig. 5(b) and Fig. 5(c), respectively. Under
the same number of iterations, DIRRT*-Connect achieves a
final path cost of 1.63, while RBI-RRT* results in a final path
cost of 3.75. Compared with RBI-RRT*, DIRRT*-Connect
shortens the path length by 56%. A total of 100 simulation
trials in 20s are conducted for both algorithms, and the results
are summarized in Table L.

As reported in Table I, both DIRRT*-Connect and RBI-
RRT#* achieve a 100% success rate over 100 trials with a
planning time limit of 20s. The average path length generated
by DIRRT*-Connect is 1.67, compared to 2.71 for RBI-
RRT#*. This corresponds to a 38% reduction in average
path length, highlighting the effectiveness of the proposed
DIRRT*-Connect in improving path quality.

TABLE I: Comparison of DIRRT*-Connect and RBI-RRT*
in 6-DOF Manipulator Planning

Planning in 20s

Method DIRRT*-Connect RBI-RRT*
Success rate 100% 100%
Path cost 1.67 2.71

The experimental results demonstrate that DIRRT*-
Connect significantly outperforms RBI-RRT#* in terms of
both convergence speed and final solution quality. By in-
troducing a gradient descent optimization scheme over the
global tree cost function, the convergence of the path
planning process is substantially accelerated. Specifically,
global gradient descent optimization is applied to both trees
during the bidirectional expansion process, which effectively
improves the overall convergence performance of the planner.
The proposed method provides a promising approach for path
planning of six-degree-of-freedom robotic manipulators.

V. CONCLUSIONS

We propose a novel algorithm, DIRRT*-Connect, whose
core idea is to first rapidly obtain a feasible solution using
the RRT-Connect strategy. During the optimal solution refine-
ment phase, DIRRT*-Connect integrates informed sampling
with gradient-based optimization on whole trees to accelerate
convergence toward the optimal path. Compared with RBI-
RRT*, the proposed method demonstrates superior perfor-
mance in high-dimensional planning problems, particularly
in six-degree-of-freedom robotic manipulator path planning
tasks.

The simulations of 6 DOFs manipulator show DIRRT*-
Connect algorithm has a 38% reduction in average path
length compared with RBI-RRT*. Overall, the proposed
framework provides a practical and scalable approach for
high-dimensional optimal motion planning, offering im-
proved convergence behavior and enhanced performance in
robotic manipulation tasks.
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