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Abstract

Planning safe paths in 3D workspace for high DoF robotic
systems, such as manipulators, is a challenging problem, es-
pecially when the environment is populated with the dynamic
obstacles that need to be avoided. In this case the time di-
mension should be taken into account that further increases
the complexity of planning. To mitigate this issue we sug-
gest to combine safe-interval path planning (a prominent
technique in heuristic search) with the randomized planning,
specifically, with the bidirectional rapidly-exploring random
trees (RRT-Connect) — a fast and efficient algorithm for high-
dimensional planning. Leveraging a dedicated technique of
fast computation of the safe intervals, we end up with an ef-
ficient planner dubbed SI-RRT. We compare it with the state
of the art and show that SI-RRT consistently outperforms the
competitors both in runtime and solution cost.

Code —
https://github.com/PathPlanning/ManipulationPlanning-
SI-RRT

Introduction

Robotic manipulators are the high degrees-of-freedom
(DoF) robotic systems that are widely used in industrial
applications, where their movements can be precomputed.
Meanwhile, in numerous other settings their paths should
be planned adaptively taking the current state of the envi-
ronment into account — think, for example, of a household
mobile robot that is equipped with a manipulator and uses it
for various pick’n’place tasks.

Generally, sampling-based planning algorithms, such as
RRT (LaValle 1998), PRM (Kavraki et al. 1996) and their
numerous modifications, are widely used for manipulation
path planning as these methods (in contrast to the search-
based ones rooted in A* (Hart, Nilsson, and Raphael 1968)
algorithm) can better handle the high dimensionality of the
search space.

In this work we are specifically interested in path planning
for high DoF manipulators in dynamic environments, i.e. the
ones there the moving obstacles are present — see Fig. 1. If
the obstacles’ movements are unknown, reactive approaches
based on fast re-planning can be used to solve the problem,
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Figure 1: A problem we are interested in — path planning for
a manipulator in the presence of moving obstacles whose
trajectories are known (accurately predicted).

such as RRTX (Otte and Frazzoli 2016) or DRGBT (Covic,
Lacevic, and Osmankovic 2021). Efficient search based re-
planning methods are also known, with D*Lite (Koenig and
Likhachev 2002) being one of the most widely used (espe-
cially in mobile robotics).

In this work, however, we assume that the trajectories of
the moving obstacles are known. E.g. they are accurately
predicted via an external motion prediction system or these
obstacles are the other robots that execute the known trajec-
tories. In this case it is beneficial to take the information on
the obstacles’ movements into account while planning. To
this end, a planner should reason about the time dimension.
An example how this reasoning can be applied to sampling-
based planning is presented in (Sintov and Shapiro 2014),
where the arrival time is fixed beforehand and time is added
to the nodes in the search tree such that each node denotes a
specific state in a specific time. A more recent and advanced
method is ST-RRT* (Grothe et al. 2022). It is a bidirectional
search algorithm that does not need to specify the arrival
time but rather updates it on-the-fly while searching. Cur-
rently, ST-RRT* can be deemed as state of the art in sam-
pling based planning with time dimension.

In this short paper we wish to advance the state of the
art by incorporating the idea of safe interval path plan-
ning (SIPP) into the (bidirectional) sampling-based search
framework. SIPP was originally introduced in (Phillips and
Likhachev 2011) as a search-based planner. However, the



main idea of SIPP, i.e. reasoning not over the distinct time
moments but rather over the time intervals, is applicable to
sampling-based planning as well. Our planner that utilizes
this idea, SI-RRT, is shown to notably outperform the com-
petitors in both runtime and solution quality. It can success-
fully solve the instances with a very high number of moving
obstacles where the competitors fail.

We note that we are not the first to explore the combina-
tion of safe interval path planning and sampling-based plan-
ning. E.g. in (Li and Shah 2019) a combination of SIPP and
PRM was proposed for manipulation planning and in (Sim,
Kim, and Nam 2024) a combination of SIPP and RRT*
was presented for low-dimensional path planning, i.e. to 2D
pathfinding. Still, to the best of our knowledge, we are the
first to combine SIPP and RRT for high DoF planning, uti-
lize bidirectional search and introduce a dedicated technique
to efficiently estimate safe intervals.

Problem Statement

Let W C R3 be the workspace of a manipulator consisting
of n joints. Its configuration space, C, is composed of tuples
q = {q1,-..,qn}, where g; is the rotation angle of the i-th
joint with respect to the previous one. T' = [0, t.x] is time,
where tyax is the maximum time allowed for the operation.

Besides manipulator K obstacles move through the envi-
ronment and their trajectories are known. Let O;(¢) denote
the subset of WW occupied by the i-th obstacle at time ¢; and
o(t) = UiL, 0i(t).

A (timed) path or a trajectory of a manipulator is a map-
ping 7(t) : [0,tarrivai] — C. A path is collision free if
Vi € [0, tarrival] : R(w(t)) N O(t) = 0, where R(m(t))
denotes a subset of ¥V occupied by the manipulator time ¢
when following the path 7.

The problem is as follows. Given the start and the goal
configurations, q,,,,, and Agoals find torrival < tmas and
a collision-free path, 7(t), for a manipulator, s.t. 7(0)

[ PP— and W(tarrival) = Yyoai-

Method

The idea of our method, SI-RRT, is to combine RRT-
Connect — a single-query sampling-based planner utilizing
bidirectional search, and SIPP — a search-based space-time
planner that reasons over the time intervals instead of dis-
tinct time moments. We assume that manipulator can either
stay put or move with the constant velocity (i.e. inertial ef-
fects are neglected) and that an auxiliary collision checking
routine is available that given the configuration of the robot
and positions of the obstacles checks whether the latter is
collision free.

SI-RRT grows the two search trees, one rooted in the start
configuration, Tgsq.¢, and the other one rooted in the goal
configuration, 7o, until they meet. A node of a tree is
identified by a tuple n = (q, si = [t;, t.,]), Where si is a safe
interval — an interval comprised of the time moments when
the robot configured at q does not collide with the obstacles.
We will elaborate on how to compute sz later on.

Each node n is characterized by the arrival time
time(n) € si and its predecessor — parent(n). For the
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Algorithm 1: SI-RRT Planner

IHPUt: Qstarts qgoals tma;va Aplannerv Apa're'mf
1 Ngtart — (qsta,rta Sifirst); time(nstart) — 0;
2 Ngoal — {(qgoal’ SifiTSt)’ EE) (qgoal7 SilGSt)};
3 YN € Ngoq @ time(n) < upperbound of si;
4 7;tart — {nstart}; anl — {ngoal};

5 7::urrent < 7;tart; 7:)ther «— 7_:]oal;
6 while goal not reached or have time to plan do
7 Usampled < sampleCFG();
8 4 ew — eXtend(qsampled’ 7—51““7’87”);
9 | ifq,., =0 then
10 Swap(,];urrent’ %ther);
11 continue
12 {si} < getsafeIntervals(q,,,);
13 {Nnew} < setParent (Tourrents Anews 15¢});
14 if {npew} = 0 then
15 Swap(’]-current’ %ther);
16 continue
17 %um‘ent-Add({nnew});
18 | {njoin} < connect(Tother, Qpews L Mnew}):
19 if {njom} # (Z) then
20 uniteTrees(’];t(wta%oala {njoin});
21 return success;
22 L Swap(,]::urrent’ %ther);
23 return failure;

nodes residing in the start tree, time(n) is the earliest pos-
sible time a robot can reach n from parent(n). Ideally, we
want to perform parent(n) — n movement immediately
after arriving parent(n) to make final arrival time as low as
possible. However, committing to such move immediately
may result in collision. To this end we utilize the so-called
‘wait-and-go’ actions introduced in the original SIPP paper.
That is, we wait at parent(n) for the minimum possible time
so that the moving action becomes safe and then perform it.
For the goal tree, 7041, the reversed reasoning is applied.
L.e. we want to arrive as late as possible to the successor to
increase reachability to another nodes and time(n) is com-
puted accordingly. (it is the latest possible arrival time).

We will now explain how SI-RRT grows its trees building
upon the pseudocode presented in Alg. 1. We initialise 7545
with the node comprised of q.,,,.. and the first safe interval
of this configuration (we assume that it starts with 0). The
arrival time is set to 0. 7,4 is initialised by the nodes com-
prised of q,,,; and all safe intervals of this configuration.
Arrival times are set as the upper bounds of the respective
safe intervals (with the upper bound of si;,5; being ¢,,42)-
Then we initialise Tcyrrent s Tstart and Tother as Tgoal-

At each iteration of the main loop we randomly sample
a new configuration q,,,,,;.q With the sampleCFG func-
tion. Then, in extend, we first compute the nearest con-
figuration to the sampled configuration in the current tree,
Qnear € Teurrent> Using Lo distance. Subsequently, a new con-
figuration ey is computed by advancing from e, in the
direction of Qsamplea by a distance limited to the maximum



step size, Apjanner, Which is an input parameter. If the config-
uration is not valid, i.e. robot is in collision with the static
obstacles, we return ), swap the trees and skip to the next
iteration. Otherwise, we proceed to computing the safe in-
tervals of qpew-

Computing the safe intervals relies on the auxiliary col-
lision detection routine, that takes the robot’s configuration
(and shape) and the positions (and shapes) of the obstacles
and outputs a boolean indicating whether the collision exists
or no. This routine should be sequentially executed at con-
secutive time steps to detect which ones result in collision
and which ones do not. The latter time moments will form
the safe intervals. In practice, the frequency of the collision
checks should be high enough not to miss the collisions. E.g.
in out tests we set this frequency to 30 times per second,
while t,,,4, Was set to 20s. This infers that to compute the
safe intervals for a configuration 600 collision checks are
needed, which becomes computationally expensive.

To mitigate this issue, we rely on the specifics of the col-
lision checking. Typically, for manipulation planning colli-
sion detection is composed of two stages: the broad phase,
when possible colliding obstacles are identified, and the nar-
row phase, when the detailed collision checks are carried
out and the answer is provided. To speed up the process we
create a scene on which we put all the obstacles at the po-
sitions corresponding to all the time steps and we keep the
information on which obstacle comes from which time step.
Then we perform a single broad phase collision checking
that identifies the obstacles (annotated with the time steps)
that need to be passed further to the narrow collision detec-
tion. Thus, we safe time not invoking broad collision detec-
tion sequentially for each obstacle.

After the safe intervals are computed, in setParent we
try to connect each safe interval, si, with one of the nearest
nodes lying no further away than Apyren from qpeqy. As de-
tailed before, for the T4+ We try to arrive at si as early as
possible, and for the 74,4, — as late as possible. If we suc-
ceed and find such a collision-free path from parent to Qe
we add the new node nyep = (Qnew, St) to a set of new
nodes {nney } that are added further to the tree. In order
to find a parent, Aprene must be greater than Apjagner. Large
Aparent slows down setParent, but may lead to better ar-
rival times.

If new nodes are successfully created, function connect
is called in which we try to connect Toiper With Teyrrent DY
greedily extending the latter towards q,,,,,,. That is, we itera-
tively append new nodes to 7o.pe, until we either reach q,,.,,
or we cannot extend further (due to collisions with the obsta-
cles). In the former case, we have two branches in Teyrrent
and Toper that meet at q,,,,, at a certain safe interval. We
then invoke uniteTrees function that concatenates these
branches and reverses the edges of the branch that belongs
to Tgoql SO all actions go forward in time. These actions con-
stitute the sought path.

Please note that the found path may contain a prolonged
wait action in q,,,,, as the forward branch has been built
with the intention of reaching it as early as possible while
the backward branch — as late as possible. We can appro-
priately trim this wait action (i.e. decrease the wait to the
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Figure 2: Trimming the wait action in a constructed path.

minimal possible duration s.t. the chain of actions outgoing
from q,,.,, is still consistent with the respective safe inter-
vals) — the illustration of this process is provided in Fig. 2.
In our experiments, we use this trimming.

Experiments

We evaluate SI-RRT' and compare it with state-of-the-art
competitors in 3D path planning for 6 DoF manipulator,
Ufactory xArm 6, modelled as a chain of 3D capsules for
collision checking. Its maximal length is approx. 0.7m.

For the evaluation, we create a wide range of path plan-
ning instances that involve different number of moving ob-
stacles, from 1 to 300. Each moving obstacle is modelled
as a sphere of radius r that is randomly sampled from the
interval [0.05,0.10)m. It moves with the constant veloc-
ity randomly sampled from the interval [0, 1]m/s, changing
the movement direction sporadically. When generating each
problem instance, we ensure that the obstacles do not hit
the initial and the target configuration of the manipulator.
An example of a problem instance is shown in Fig. 1. The
animated visualization is available in the supplementary ma-
terial®.

For each number of obstacles we generate 50 differ-
ent problem instances. The complexity of the instances in-
creases with the number of obstacles. That is, we keep
adding the obstacles to the previously generated ones with
the increment of 20 (up to 300 obstacles per instance).

The time range in all tests, ¢4, iS set to 20s. Each
test is repeated 10 times. We compare our planner with
ST-RRT* (Grothe et al. 2022), a state-of-the-art solver that
takes the trajectories of the obstacles into account and plans
in space-time (like our planner); and with DRGBT (Covic,
Lacevic, and Osmankovic 2021) a modern and fast re-
planning solver. We take the author’s implementation of
ST-RRT** and DRGBT*. Both of these planners require
setting several hyperparameters that influence their perfor-
mance significantly. To this end, we conduct a grid search to
identify the best values. For SI-RRT we use following hy-
perparameters: Apjgnner = 1 radians, Apgrens = 3 radians.

! github.com/PathPlanning/ManipulationPlanning-SI-RRT
Zyoutu.be/inTmRrOGXLS

3 github.com/ompl/ompl
4github.com/robotics-ETF/RPMPLv2
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Figure 3: Success rate of the evaluated planners.
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Figure 4: Runtime of SI-RRT and ST-RRT* on the instances
that were successfully solved by both of them.

The results of the experiments are shown in Fig-
ures 3, 4, 5. Specifically, Figure 3 shows the success rate
(SR), i.e. the percentage of tasks that were successfully
solved for the increasing number of obstacles. To count SR
for DRGBT we consider a test as failed if the planner was
not able to reach the goal until ¢ = ¢,,,, or the robot got
in collision before. For ST-RRT* and SI-RRT we consider
the test as failed if no solution was constructed under a time
cap of 20s. Clearly, our planner outperforms the competi-
tors. E.g. for 200 obstacles the SR of SI-RRT is 77% while
the one of ST-RRT* (the closest competitor) is 42%.

Figure 4 shows the runtimes of ST-RRT* and SI-RRT on
the instances encountering up to 120 obstacles, i.e. the in-
stances for which the SR of ST-RRT* and SI-RRT is 100%
(we did not include DRGBT because of much lower SR).
Evidently, as the number of obstacles increases, the runtime
of the both solvers increases as well. Still SI-RRT scales
much better. For 100-120 obstacles it is one order of magni-
tude faster than SI-RRT* (note that OY axis is in log-scale).

Figure 5 shows solution cost of SI-RRT and ST-RRT*,
that is a time moment when, according to the constructed
plan, the manipulator arrives to the goal configuration. As
before, the results of DRGBT are omitted due to its low SR.
Noteworthy, that ST-RRT* is an anytime planner and has a
capability to enhance the cost of the first found solution if
time permits. However, in our test we do not use this fea-
ture for a fairer comparison to SI-RRT which does not use
the cost improvement techniques (although they can be en-
capsulated to the algorithm; we leave this for future work).

216

20

15

Arrival time, s

(&)

artd

1 20 40 60 80 100
Number of obstacles

120

I STRRT* B SI-RRT

Figure 5: Solution quality (time when the manipulator ar-
rives at the goal configuration) of ST-RRT* and SI-RRT.

This explains the poor cost of ST-RRT* for the tests with
1 obstacle. ST-RRT* grows its forward and backward trees
from time moment 0 and time moment %,,,,, respectively,
and when they meet, resulting motion has extremely slow
speed. As the number of obstacles increases, this effect di-
minishes. Still the cost of SI-RRT is better compared to ST-
RRT#*, that can be attributed to the use of safe intervals and
not sampling distinct time moments.

Overall, the results of the experiments clearly show that,
first, the planners that reason over time are superior over
the re-active ones (i.e. ST-RRT and SI-RRT* outperform
DRGBT) and, second, the suggested solver, ST-RRT, no-
tably surpass ST-RRT* — current state of the art in high-
dimensional path planning in space-time. We believe that
the main reason for this is the usage of safe intervals. This
confirms that this concept, initially introduced in the context
of search-based planning, is beneficial for sampling-based
planning as well.

Conclusion

In this work we have suggested a novel planner, SI-RRT, tai-
lored to finding safe paths in the predictably changing envi-
ronments for multi-degree of freedom robotic systems, such
as manipulators. SI-RRT leverages a combination of the
well-established techniques such as sampling-based plan-
ning, bidirectional search and safe interval path planning. A
comprehensive empirical evaluation of SI-RRT comparing
it with state of the art was conducted, and the planner was
shown to notably outperform the competitors.

The prominent directions for future research include: in-
vestigating the theoretical properties of SI-RRT, developing
anytime variants of SI-RRT that may gradually improve the
solution cost (and converge to optimal solutions in the prob-
abilistic sense), utilizing SI-RRT in multi-agent manipula-
tion planning.
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