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This paper aims to present a comparative analysis of the two most utilized graph-based and sampling-based algorithms and their variants,
in view of 3D UAV path planning in complex indoor environment. The findings of this analysis outline the usability of the methods and can
assist future UAV path planning designers to select the best algorithm with the best parameter configuration in relation to the specific
application. An extensive literature review of graph-based and sampling-based methods and their variants is first presented. The most
utilized algorithms which are the A* for graph-based methods and Rapidly-Exploring Random Tree (RRT) for the sampling-based methods,
are defined. A set of variants is also developed to mitigate with inherent shortcomings in the standard algorithms. All algorithms are then
tested in the same scenarios and analyzed using the same performance measures. The A* algorithm generates shorter paths with respect
to the RRT algorithm. The A* algorithm only explores volumes required for path generation while the RRT algorithms explore the space
evenly. The A* algorithm exhibits an oscillatory behavior at different resolutions for the same scenario that is attenuated with the novel A*
ripple reduction algorithm. The Multiple RRT generated longer unsmoothed paths in shorter planning times but required more smoothing
over RRT. This work is the first attempt to compare graph-based and sampling-based algorithms in 3D path planning of UAVs. Fur-
thermore, this work addresses shortcomings in both A* and RRT standard algorithms by developing a novel A* ripple reduction algorithm,
a novel RRT variant and a specifically designed smoothing algorithm.
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1. Introduction hardware have made it possible for autonomous systems to

operate safely and efficiently in a range of applications. The
Since the first industrial reVOlutiOn, automation has been ever_increasing avallablllty of autonomous Systems will

integrated into everyday life ranging from basic traffic lights require more complex path planning systems so that all

to autonomous na.vigatio.n_of sul.)marin.es. The introc_iuction these systems can work efficiently without hinderance and
of these systems into military, industrial, commercial and possibly enhance the operation of one another.

private uses requires such systems to be robust and reliable One aspect of planning in autonomous systems is path

to ensure a sa.fe operatlgn. These autonomoqs systems planning. Path planning algorithms construct optimal paths
which can vary in scope, size and shape, are equipped with L L .
to a preset goal point in the presence of time invariant and

different sensory systems requiring various levels of intel- . . . . .
i . . 2o . time variant environmental and vehicular constraints and
ligence depending upon their application. Advancements in . o
2 . L uncertainties [1]. Path planning initiated as a 2D problem to
control and navigation technologies and cost-reduction in - )
generate paths for ground vehicles [2-4] or to approximate
3D path planning problems with 2D by assuming that 1
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editorial board member, Jinwen Hu. tion of complex 3D environmental and model constraints,
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[9-13]. The path planning system in 2D and 3D environ-
ments must deal with a set of constraints and requirements
including static [14-16] and moving obstacles [17-19],
moving targets [20, 21], weather [22, 23], no go zones [24,
25], communication [26-28], fuel [5, 25] and other model
specific constraints [29, 30]. Some of these constraints, such
as static obstacles and no go zones, can be accurately de-
fined prior mission initiation. But in real situations, the
majority of constraints can only be modeled with uncer-
tainty, primarily weather and dynamic obstacles, although
fuel consumption rate and vehicular state also incorporate
an element of uncertainty. Besides, in real situations, con-
straints can change or even new ones pop-up and conse-
quently the path planning system needs to adapt in real-
time to ensure safe guidance to the final goal position [24].

To ensure safe and efficient path planning, numerous
algorithms were proposed which can be segmented into
two main approaches: Graph-based and Sampling-based
algorithms. Graph-based methods define the environmental
space by a set of grid points. Points residing on obstacles
are defined as inaccessible grid points. The algorithm
searches through the accessible grid points to construct a
path from start to goal position if such a path is possible
[31]. Graph-based methods guarantee a path from start to
goal only for an adequate grid resolution [32]. Sampling-
based methods select a random number of points in the
environmental space and creates connections between
them [32, 33]. Sampling-based algorithms are simple, effi-
cient and probabilistically complete, i.e. they guarantee a
solution at infinite time [32].

This paper provides a literature review of the current
state-of-the-art path planning algorithms in the graph-based
and sampling-based categories. The two most researched
path planning methods, namely the A* and the Rapidly-
Exploring Random Tree (RRT) from the graph-based and
sampling-based categories, respectively, will be described,
tested and analyzed in view of 3D UAV path planning.
Furthermore, this paper aims to reduce the resultant path
length ripple effects at different resolutions for the A* al-
gorithm and the efficiency of the smoothing algorithm since
in particular runs the reduction in path length is less than
0.1% even after numerous smoothing iteration attempts.

In this study, the performance parameters are the path
length and computational time. Path length determines the
time of traversal of a path and consequently the time the
vehicle takes to arrive at the goal point. Fuel capacity and
fuel efficiency determine the flight range. This is a primary
constraint to full autonomy. This implies that path length
will determine the effective range of the UAV. Ideally, the
path planning time is as low as possible especially in dy-
namic environments with moving obstacles, since during
path planning the environmental situation may significantly
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vary. Path planning time will impinge on the responsiveness
of the path following algorithm to mitigate with both agent
and environmental changes. Computational power onboard
UAVs may also be very limited and it must be shared with
other computationally expensive algorithms and sensing
technologies. In this regard, the computational burden of
path planning algorithms shall be as low as possible. The
main contribution of this paper is an analysis of the A* and
RRT algorithms in view of their suitability for 3D UAV path
planning.

This paper will be organized as follows. Section 2 defines
the standard A* and RRT algorithms, followed by the state-
of-the-art graph-based and sampling-based methods in
Sec. 3. Section 4 defines the A* ripple reduction (A%) algo-
rithm, RRT variants, the improved smoothing algorithm,
vehicle model definition and the testing scenarios with their
associated obstacle avoidance constraints. In Sec. 5, the
results are analyzed followed by Sec. 6, which summarizes
this paper by outlining the main strengths and weaknesses
of the A* and RRT algorithms in view of real-time 3D UAV
path planning.

2. The A* and RRT Algorithms
2.1. The A* algorithm

The A* algorithm constructs an optimal path based on an
evaluation function f(n) which calculates the actual cost of
the path passing through generic node n, initiating from the
starting point X;,;; to the goal node of n in M-dimensional
space such that xi,;; € RM and xg,, € RM [34, 35]. As de-
scribed by the below formula, f(n) is the sum of the actual
costs from x;,;; to a node n (g(n)) and from n to the goal
point of n (h(n)), where f,g,h :€ RM — R:

f(n) =g(n) + h(n). (1)

As the cost of the evaluation function f(n) is a function of
resolution, g(n) and h(n) can only be estimated. The esti-
mated costs are denoted by g(n) and h(n), respectively,
where the estimated evaluation function denoted by f (n)
equates to

f(n) = g(n) + h(n). (2)

As the resolution — oo, the evaluation functionf (n) — f(n).

Algorithm 2.1 defines and Fig. 1 shows the rationale
behind the A* Algorithm [34]. The A* algorithm starts by
defining the start and goal nodes, Xi,;; and X, respectively.

Then, f (Xinit) is evaluated for all possible “Open” nodes
n;€RM and the node with the smallest cost ¢;€R is assigned
to n. “Open” nodes include all nodes n; except for nodes that
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Algorithm 2.1. Pseudo Code of the A* Algorithm
1: Assign iy as an open node

2: Calculate f(xin;t) from the start node xinit to all open
nodes n;
: Select the node n with the smallest f(xinit)
: If f(a;init) == empty
No path is possible
End
: While n & zg0a1
Mark node n as closed
Apply the successor operator I'
10: Re-calculate f function for successor nodes of n
and mark these nodes as open
11: If f is empty

© P> W

12: No path is possible

13: Else If f(n;) is now smaller than when n; was
closed

14: Remark successor closed nodes of n as open

15: End

16:End

17:Parent node n is closed (Path Found) [34]

reside on an obstacle and nodes already forming part of the
optimal path. These are referred to as “Closed” nodes. No

path exists if f (Xinit) is empty implying that the cost to all
“Open” nodes is null. The A* algorithm continues by

Xgoal

Obstacle
[ J
Unfavailable
otential
earest node
Closed Node
@ [ J
g(n)
[ ] [ ]

node Open

Xinit node
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generating successive nodes using the successor operator
(I). Through this operator, a set of successor nodes n,cR™
and their associated cost c;€R for each node n, are calcu-
lated based on a predefined heuristic graph movement,
such that RMxR—RM, provided the current node is not an
element of Xg,, otherwise the path from start to goal nodes
is found [34].

2.2. Rapidly-Exploring Random Tree

The standard RRT algorithm grows a tree from the start
point, by randomly planting seeds (nodes) in the configu-
ration space, consequently growing tree branches creating a
feasible path [36].

Algorithm 2.2 defines and Fig. 2 illustrates the rationale
behind the RRT algorithm. The following will describe the
parameters that are used to describe the standard RRT al-
gorithm. 7 € (RM RM x R) refers to tree nodes and their
edges with the first element at the starting node. X, refers
to unoccupied points in the environment space. Xy,;; € RM:
start node, Xz, € RM: goal node, X;5ng € RM: random node
selected to construct new branches, x,.,, €RM: nearest node
t0 Xand, Inear ERM: nearest point on edge to Xynd, Xeqge € RM:
nearest node on edge, X,e,y € R™: new tree node D distance
from Xpc . OF Io,r €qual to the preset tree branch length and
K: predefined maximum number of iterates to construct a
tree from start to goal.

Xgoa\

Open
node

Obstacle

[ ]
g(n)
Open
node
o
g(n)
[ ]
i ”Z?ﬁ) open 9(M Open
node node
(b)

Fig. 1. Two planning iterations of the A* Algorithm: (a) first iteration and (b) second iteration.
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Algorithm 2.2. Pseudo-Code of the RRT Algorithm

1: Assign xin; to first node of tree 7

2: While i < K AND 2400 & 7

3:  Randomly generate T, ang € Xtree

4:  Find the nearest node xye,, and edge lyear 10 Trand.

5 If Distance (Zpear t0 Trana) > Distance (lpear to
Zrand), then

6: Calculate Tjew, a distance D from Zpjear to
Lrand-

7 If line connecting Tpear t0 Tpnew does not result
into a collision then

8: Add new node 2oy to T

9: End

10:  Else Re-calculate z,ew, a distance D from the
nearest node on lnear, Tedge 10 Trand

11: If line connecting Tedge t0 Tyew does not re-
sult into a collision then

12: Add new node zpew to T

13: End

14: End

15:  If Distance from (Zpew t0 Zgoa1) < D AND line
Tnew 1O Tgoal is free then

16: Tgoal €T
17:  End

18: 1+ +;

19: End

20: If x40, € T then path is found
21: Else No path found
22: End

Xgoal

Xrand

"] Obstacle

Xr\ew

Xnear

Xinit

(@)
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3. Literature Review

The main scope of this literature review is to identify po-
tential path planning algorithms for 3D UAV path planning
of small UAVs operating in indoor environments using
limited onboard computational resources. Current literature
reviews discuss path planning algorithms either generically
or their main scope differs from the scope of this work. In
this regard, this section will focus on the implementation,
utilization, advantages and disadvantages of graph-based
and sampling-based path planning approaches and their
variants in line with the scope. This review will conclude
with a direct comparison of graph-based and sampling-
based approaches in a common scenario.

3.1. Graph-based approaches

Graph-based methods have been extensively employed for
path planning in different engineering problems due to their
relative simplicity. A pioneer on graph-based search algo-
rithms was the Dijkstra algorithm [37]. The A* algorithm, an
advancement over the Dijkstra’s algorithm, combines the
benefit of heuristic methods with the Dijkstra’s algorithm
[38, 39].

3.1.1. Dijkstra algorithm

Dijkstra algorithm searches all possible options to find the
minimum cost paths from two points [37]. The continuous
Dijkstra, a variant of the original Dijkstra algorithm, finds
the shortest path at boundaries through an analogy with

p ¢
goal
[ ]

Obstacle

Xinit

(b)
Fig. 2. Two planning iterations of the RRT Algorithm: (a) first iteration and (b) second iteration.
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Snell’s law of refraction [40]. An improved Dijkstra algo-
rithm uses the Fibonacci technique to sequentially select
ideal path planning positions resulting in faster, smaller
weight paths [41]. The Dijkstra’s algorithm was used for
path planning in urban environments [42] in multiagent
scenarios [43] and for autonomous driving in the DARPA
challenge [44, 45].

3.1.2. A* algorithm and its variants

The A* algorithm is computationally efficient and guaran-
tees the shortest possible path [38]. Path planning in both
grid and visibility graphs can be computed using the A*
algorithm. It was successfully implemented even for mul-
tiagent systems in dynamic environments [46]. A number of
A* variants were developed to handle dynamic graph
changes [39]. One variant, the Dynamic A* (D*) only
updates new nodes, reducing computational demand [47].
Similarly, the focused D* reduces computational demand by
heuristically searching previous search results [48]. Also,
the Lifelong Planning A* (LPA*), an incremental A* variant,
makes use of invariant parts from previous searches to
reduce search time [49]. An advancement of the LPA is the
D* Lite that uses one requirement to compare path planning
priorities. This computational demand of D* lite is efficient
at least as D* [50]. Another variant, the field D* re-plans
using linear-interpolation techniques to efficiently construct
smooth paths [51]. The L* algorithm, a faster variant than
A*, ensures linear computational complexity and can be
applied in global path planning situations [52].

The Theta* is another variant of A*. Two variants of
Theta* exists namely: the Basic Theta* and the Angle-
Propagation Theta* [53]. The Basic Theta* is relatively
computationally efficient although it does not ensure that an
optimal path is constructed [53]. Oppositely, the Angle-
Propagation Theta* generates slower, more complex and
longer paths with respect to the Basic Theta* although it
generates better worst-case complexity per vertex [53]. The
Phi*, a variant of the standard Theta*, re-plans by searching
in all angles using only nodes within line-of-sight of their
respective parents [54]. Overall, it requires more calculation
time than the basic Theta* [54]. This time can be reduced by
using the incremental Phi* which uses a pre-processing
stage [54] developed for the differential A* algorithm [55].
Another variant, the lazy Theta*, developed by Nash et al
[56] reduces the number of line-of-sight checks effectively
reducing planning time. This algorithm was used to operate
a UAV in real-time outdoor environments [57].

Another variant, the Block A*, first smooths predefined
short paths available in a look-up table and then starts the
standard A* search [58]. This approach is consequently
faster than both A* and Theta* but owing that path con-
struction is dependent upon the look-up table, this
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approach does not guarantee a solution [54]. Another fast
approach is the Jump Point Search (JPS) which exploits
symmetries but neglects neighboring cells and does not
search in every direction [59, 60].

The idea of using previous information to reduce
computational time is the basis of other A* variants in-
cluding Differential A* [55] and Fringe-Saving A* [61].
These methods initiate by re-planning iterations in the
largest static area by comparing previous planning itera-
tions [62]. Moreover, incremental heuristic algorithms, such
as the generalized Adaptive A* [63] and path- and tree-
adaptive A* [64], also use knowledge acquired from previ-
ous searches to enhance heuristics ultimately reducing
computational demand. Such heuristics are a function of
cost edges [62].

Anytime and truncated incremental techniques were
also integrated with A* and its variants to improve perfor-
mance. The integration of anytime methods on A* and D* is
realized in the Anytime Repairing A* (ARA*), Anytime Tree
Restoring A* (ATRA*) and Anytime D* (AD*). These variants
construct sub-optimal paths within a predefined short time
frame [4]. Similarly, Truncated Incremental Search methods
were integrated with LPA* (TLPA*), D* (TD*) and D* Lite
(TD* Lite). These techniques utilize information from pre-
vious iterations to focus the search expansion based on sub-
optimal target bounds [65]. These variants improve per-
formance at the expense of increasing computational de-
mand and therefore these methods suffer in high-
dimensional environments [51].

This review shows that the standard A* algorithm has
been extensively applied in various fields through the evo-
lution of its variants and its integration with other techni-
ques. Its extensive use is derived from the low
computational and optimal path benefits that this algorithm
can construct.

3.2. Sampling-based approaches

Sampling-based methods are extensively used in various
fields due to the their relative low computational require-
ments and guarantee of convergence [32]. The most com-
monly used sampling-based methods are the Probabilistic
Roadmap Method (PRM) [66] and the RRT [67]. These
methods construct cyclic and acyclic random trees,
respectively [32].

3.2.1. Probabilistic Roadmap Method (PRM)

The PRM algorithm is made up of two phases: the learning
and the query phase. In the learning phase, a local planner
connects sample points to form a roadmap while the query
phase make use of the previously constructed roadmap to
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search a feasible path from start to goal point using a graph
search algorithm [66].

To improve the performance of the standard PRM
method, a set of variants was introduced. The PRM*
improves path optimality by making use of a variant dis-
tance constraint [68]. To ease computational demand, the
Lazy PRM initiates by neglecting all obstacles in the envi-
ronmental space. Consequently, the algorithm constructs a
path from start to goal and then checks for collision. Nodes
and edges resulting in a collision are eliminated from the
roadmap [69]. Similarly, the Dynamic Roadmap (DRM)
method generates a roadmap by mapping the workspace
maps to roadmap edges assuming an obstacle-free space as
in the Lazy PRM. During online re-planning, edges residing
on obstacles are neglected [70]. The cell-based PRM (CPRM)
method segments the environmental space into cells,
assigning high priority to cells close to both straight path
segments and disconnected components. For faster re-
planning, searches are biased to solution areas [71]. In this
regard, Pomarlan and Sucan[72] allocated higher costs for
edges residing near colliding edges diverging the planner
away from obstacle zones.

More PRM variants the Reactive Deformation Roadmap
(RDR) which generates a roadmap attracted by time-variant
sub-targets and repelled by obstacles. Sub-targets and their
respective reactive links are added and removed to ensure
roadmap connectivity [73]. The Flexible Anytime Dynamic
PRM (FADPRM) selects desirable areas by environment
segregation. An A* search continuously improves the solu-
tion through priority heuristics focused in the vicinity of
frontier edges [74]. The elastic roadmap variant connects
roadmap points in a dynamic environment through feed-
back control [75]. The Grid Path Planning Roadmap Plan-
ning (GPRM) and the Particle Probabilistic Roadmap
(PPRM) are another two variants with the former producing
a grid environment and the latter utilizing a probabilistic
approach [76].

3.2.2. Rapidly-Exploring Random Tree (RRT)

The RRT [67] constructs a unidirectional search tree
starting from the start node by randomly generating and
connecting states not residing on obstacles until one tree
branch extends to the goal node. A distinguished advantage
of the RRT with respect to the PRM is the consideration of
kinematic and dynamic constraints in the path planning
process [67]. Paths constructed using the standard RRT are
computationally efficient even in complex situations al-
though they suffer from path optimality [77-79]. The RRT
trees grow evenly in free spaces unless restrictions or
potentials are included in the random generation of nodes
[80]. This allows the RRT algorithm to be used in non-
holonomic and restricted environments. In this regard, the
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standard RRT algorithm was successfully implemented to
construct collision-free paths in the presence of static
obstacles [16].

The lack optimality is one of the major drawbacks of the
standard RRT. To tackle this drawback, the RRT* [81] was
developed. RRT* exhibits asymptotic optimality by intro-
ducing a minimum length cost, although it lacks in ensuring
a local optimum at the start node [68]. During sampling, the
RRT* neglects the configuration-cost function and considers
only the quality of the path when introducing or removing
nodes. Due to its asymptotic optimality, RRT* is slow in
achieving an optimal path in complex high-dimensional
environments [82]. The RRT*-Smart variant was developed
to improve convergence with respect to RRT* by con-
structing quasi optimum or optimum paths in a smaller
time frame [83]. Another RRT* variant was developed to
add probabilistic guarantees of completeness and optimal-
ity by constructing tree edges based on vehicle control
inputs [84].

The bidirectional or RRT RRT-Connect grows two trees,
one starting from the start and the other from the goal node
[85]. The artificial field algorithm was integrated with the
RRT-Connect algorithm to optimize path length [86] and
with the RRT* algorithm to optimize convergence speed
[87]. The Execution Extended RRT (ERRT) variant effi-
ciently re-plans to improve path quality by using both cost
priority search and previous nodes [88]. Also, Martin et al
[89] proposed the integration of evolutionary algorithms
with bidirectional RRT creating the bi-directional Rapidly
Exploring Evolutionary Trees (RET). By searching in the
vicinity of neighboring nodes through balanced Spatial KD-
Trees and using a priori environmental knowledge, results
show an improvement in time variant environments
[88, 89]. Gros et al. concluded that bidirectional trees are
inherently less flexible in cluttered environments than
unidirectional search tree algorithms [11].

Another RRT variant neglects the connection to the
nearest node rule and connects a new tree node to all ob-
stacle-free node [90]. Re-planning is done using an obstacle-
free distance cost function in a predefined time and pro-
vided that no collisions exist prior re-planning. Just as for
the cell-based PRM, the cell-based RRT uses probabilistic
techniques and decomposes the environment for efficient
path planning [91]. A set of decomposition granularities
was assessed and results show that biasing the search in the
vicinity of the goal-biasing improves success rate and
reduces path length [91]. By using the previously con-
structed path segments and applying intelligent decompo-
sition techniques based on the environmental situation,
performance was improved [91].

The Transition-based RRT (T-RRT) variant adds nodes to
low cost areas to focus the search to these regions using a
metropolis-like transition test [78]. By eliminating the path
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quality requirement in the construction of edges, path op-
timality is negatively affected [78]. An advancement over T-
RRT, the T-RRT* combines low-cost area biasing of the T-
RRT algorithm with the path quality constraint of the RRT*
algorithm [78]. In T-RRT* different physical such as road
limits and environmental including obstacles restrictions
were used to formulate biases for efficient tree growth
[2, 92, 93]. Similarly, Shang et al. [94] used previous plan-
ning knowledge to bias the search in a high-complexity 3D
environment.

As with graph-based paradigms, anytime methods inte-
grated with RRT algorithms [95-97] use previous searches
to efficiently construct an optimum, converging and feasible
path. In this regard, the Anytime T-RRT (AT-RRT) uses the
anytime paradigm to T-RRT for path re-planning to con-
verge the path to optimum [78]. An anytime integration to
RRT is the RRT-Roadmap (RRM) which compromises be-
tween exploration and path quality based on RRT* [98].
This meta-approach amalgamates short-cutting with path
hybridization [99]. The Dynamic RRT (DRRT) neglects child
nodes of invalid tree nodes and re-plans from goal to cur-
rent node [100]. Furthermore, the Anytime Dynamic RRT
(AD-RRT) exploits the strongholds of both techniques [101].
A further enhancement is the multipartite RRT (MP-RRT)
designed for unknown or dynamic environments, samples
and re-plans as in ERRT, removing invalid nodes as in DRRT
[102].

Due to their benefits, RRT algorithms are also applied in
real-time path planning applications. In this regard, the
RRT* a real-time asymptotic optimum re-planning algo-
rithm continuously constructs noncolliding and optimal
paths in time-varying environments. The path from start to
goal is re-planned by updating search tree when a potential
collision is detected [103]. The Partial Motion Planner
(PMP) dedicates a fixed time window for both path plan-
ning and traversal. Similarly to RRTY, this real-time path
planner constructs current to goal node path segments of
predefined length. Then the environmental model is upda-
ted and the re-planning process restarts [104]. Another
real-time planner, the Closed Loop RRT (CL-RRT), re-plans a
tree from the current position in a predetermined time
window using a closed-loop feedback method. This algo-
rithm can be applied even for nonlinear controllers and
agent models with unstable dynamics. The stabilization
controller associated with CL-RRT improves prediction ac-
curacy and rejects disturbances acting on the vehicles [2].

The Greedy Incremental Path-Directed (GRIP) constructs
a path prior movement by growing a tree from current
point in predetermined time by considering only kinody-
namic constraints [105]. During movement, the algorithm
uses free nodes found in previous planning stages to update
the tree. The search is greedy biased provided that state-
space exploration is probabilistically ensured [105].
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Similarly, Taheri et al. [106] developed a Fuzzy Greedy RRT
(FG-RRT) path planning algorithm that controls the tree
edge propagation in configuration space, resulting in lower
path planning time and complexity with respect to the
greedy RRT algorithm.

Reconfigurable Random Forest (RRF) applies the un-
derlying principles of MP-RRT and separates and grows
disconnected trees, with the aim of interconnecting them
when trees grow [107]. To mitigate with moving obstacles,
the Lazy Reconfigurable Forest (LRF) keeps a forest of trees.
As opposed to DRRT which validates the entire forest, LRF
validates only path edges [108]. Similarly, Multiple RRTs
(MRRT) simultaneously grows a set of trees starting from
predetermined points including the start and goal points.
The ultimate goal is to improve path planning and explo-
ration [80]. The Multiple Incremental RRTs (MIRRT) variant
uses incremental paradigms to keep trees constructed
in previous iterations that may be used in future path
planning [80].

The evolution of PRMs to RRTs to its numerous sub-
categories that even hybrid with other techniques shows
the maturity and flexibility of sampling-based techniques.
This literature review showed that these methods were
applied for path planning in 2D and 3D in both static and
dynamic environments using different vehicle model.
Therefore, sampling-based methods can be considered as
candidates for feasible path planning using a wide spectrum
of vehicular systems.

3.3. Comparing approaches

Studies are compared path planning performance of in-
herent graph-based with sampling-based techniques. In this
regard, Tsai et al. [109] first implemented the RRT algo-
rithm for 3D path planning of multirotor Umannned Aerial
Vehicles (UAVs) and the Dijkstra algorithm for path length
reduction. In a second implementation using the same
system, 3D path planning was achieved using the RRT-
Connect algorithm. Path length was reduced through an A*
variant that only made use of the flight path angle without
grid discretization. In both cases, Bézier Curves were
employed for 3D path smoothing. Tsai et al. [109] noted an
improvement of computational demand and path efficiency
by using RRT-Connect instead of the standard RRT, the
amended A* instead of the Dijkstra algorithm and the ad-
dition of path smoothing through the Bézier curves [109].

Similarly, Rao and Williams [110] compared the RRT-
Connect and A* path planning algorithms for Autonomous
Underwater Vehicles (AUVs) to generate feasible energy-
optimal 2D paths biased by ocean currents. An Iterative
k-Nearest RRT (IkRRT) considered k-neighbors to adjust
heuristics required to set up the Voronoi-biased
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RRT-Connect tree [111]. Rao and Williams [110] concluded
that both RRT-Connect and A* algorithms are potential
candidates for this application. RRT methods found it dif-
ficult to find solutions in view of Voronoi-bias although the
planner was able to avoid shallow regions. Oppositely,
the A* methods performed well in strong current
situations [110].

Graph-based and sampling-based paradigms employ
different methodologies to construct a path from start to
goal. Both have their inherent advantages and dis-
advantages which make each method ideal for different
applications. Mainly, graph-based methods discretize the
environment, reducing computational cost but limiting the
possibility of available nodes based on the resolution that is
selected. Oppositely, the nondiscretized sampling-nature of
the other method, may be computationally expensive in a
relatively large obstacle-rich environment but will gradually
converge to a solution (if possible) provided there are no
time restrictions. In conclusion, it is adequate to analyze
both rationales to best select the most promising method
for the considered scenarios.

4. Path Planning Algorithm Enhancements and Test
Environment

4.1. Introduction

The main aim of this part is to describe the A* and RRT
variants that are implemented to provide a better com-
parison between graph-based and sampling-based para-
digms. Moreover, to investigate the effects of path
smoothing and for fair comparison, the same smoothing
algorithm is applied to both A* and RRT variants. Finally,
the test environment constructed to assess the performance
of each path planning algorithm is described.

4.2. The A* Ripple Reduction Algorithm (A:)

The A¥*s algorithm graph-based paradigm described in
Sec. 2.1 introduces situations where a small increase in
resolution results in a much longer or shorter unsmoothed
path and vice-versa. This effect is explained in our previous
work [112].

To attenuate this, all free graph points are shifted by a
random distance varying between zero and half the dis-
tance between adjacent grid points. Obstacle planes are
not shifted with the same distance. This creates a different
grid layout for the same situation. This technique will ul-
timately average out large variations in path length seg-
ments created by the discretision nature of the A*
algorithm.
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In A*, each situation is repeated for 100 times in each
scenario and resolution yielding the same path in all 100
tests. In 4%, a different random shift is added for each sit-
uation (scenario and resolution) creating 100 different
paths. The mean path length for these 100 paths will ef-
fectively reduce the path length ripple. Refer [112] for
further details.

4.3. The RRT algorithm without step size constraint

In this variant, the RRT algorithm’s tree branch length de-
fined in Sec. 2.2 is limited by the step size. In an alternative
approach, the step size constraint is neglected and tree
branches are connected between the nearest and randomly
generated nodes through straight lines only if a collision-
free path connecting these two points exists. The path fol-
lowing algorithm shall segment the path into trajectories in
view of vehicle’s kinematic and dynamic constraints. This
algorithm is intended to offer a comparison between the
standard RRT and MRRT algorithms.

4.4. Multiple Rapidly-Exploring Random Tree

The MRRT algorithm constructs a predetermined number of
trees that are simultaneously expanded. Tree seeds are
placed at start and goal positions with the others placed at
random or preset positions [80]. Trees grow per iteration in
the direction of the randomly-generated node as in RRT and
ultimately interconnect neglecting step size constraints.
Similar to the RRT, this algorithm terminates when a single
tree connects the start and goal nodes.

4.5. Smoothing algorithm

A smoothing algorithm is applied to all the path planning
algorithms considered in this study. This post path planning
algorithm randomly selects two path points and randomly
selects a point from each line connecting the selected node
to their respective next path point. Path points in between
the latter two points are neglected if a collision-free inter-
connection is possible. This process is repeated for 1000
times.

Path planning analysis of the A*-based and RRT-based
algorithms shows that A* methods require fewer smoothing
iterations to reach a point where path length reduction is
negligible when compared with RRT-based methods. For
fair comparison, the smoothing iteration stopping condition
must be set at a point where the prospective improvement
of future iterations is negligible for the problem scope. An
indication of the prospective improvement of future itera-
tions can be provided from the path length reduction of the
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previous set of smoothing iterations. In fact, analysis shows
that path length asymptotically approaches a minimum with
the number of iterates. This rationale is used in the devel-
opment of a variant of the smoothing algorithm.

This new smoothing variant is governed by the path
length reduction improvement over a preset value of
iterations, defined by excess and set to 20. The smoothing
algorithm is required to compute at least excess number of
iterations. If the smoothing algorithm has computed more
than excess and improvement is below a predefined value
(set at 1%) the smoothing process is finished otherwise the
smoothing algorithm computes a new iteration. The
smoothing process also stops when the smoothing iteration
reaches the maximum preset value (set at 1000). For
further details of this algorithm and discussion about
the empirical definition of the described parameters,
refer [112].

4.6. Vehicle model definition

The main scope of this study is to assess, compare and
possibly enhance the performance of graph-based and
sampling-based algorithms in static 3D environments. A
generic approach is considered in both environmental and
vehicular model definitions. As both methods and their
variants were applied to wide spectrum of vehicles, we
considered the simplest and most generic type of model,
namely the point model, to attenuate or possibly eliminate
the vehicle model’s kinematic and dynamic effects and their
estimations on the path planning performance for both
algorithms.
The point model considered assumed that

(1) The vehicle can rotate any angle in all three dimensions
on itself without changing position.

(2) The vehicle has no orientation as it is assumed to be
symmetric in all dimensions.

The path planning algorithm generates a set of points that,
when interconnected, connects the start and goal positions.
The interconnection of these points can be done by any line,
curve or hyperbola depending upon the kinematic and dy-
namic capabilities of the vehicle. The vehicle-dependent
trajectories shall then be constructed by an associated path
following algorithm using path points generated from the
path planning algorithm. Ultimately, the path following al-
gorithm will be integrated with the path planning algorithm,
as in [113]. For the scope of analysis, we assumed that path
segments connecting consecutive points are linked by
straight lines.

Furthermore, in path construction, it is assumed that the
point model can reside a buffer distance from the nearest
point on obstacle planes without colliding with them. If a
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prospective path point or a point on the line intersecting
two consecutive path points resides within a smaller dis-
tance than the described buffer distance, the path planner
will invalidate the last created node and the path planner
re-plans. This obstacle avoidance rationale is applied to all
algorithms including the post processing smoothing algo-
rithms. This distance is empirically defined as half the dis-
tance between grid positions in A* To offer a fair
comparison, the same distance is considered for RRT-based
methods. Depending upon the kinematic and dynamic
constraints of the considered vehicular system, this buffer
distance can be increased or decreased appropriately. Also,
a generic unit cube is considered in the definition of the
environment. This allows the tests to be scaled to any
environment and consequently adapt the buffer distance
between vehicular path and obstacles.

4.7. Scenarios

A unity cube with generic units is considered as the envi-
ronmental space. The center of the cube is at the origin with
limits from —0.5 to 0.5 in all three dimensions. The nor-
malization of the environmental space allows the testing
environment to be exported to real-life environmental
spaces. The test scenarios that will be considered in this
study where developed by Clifton et al. [114]. These are
available online in [115]. The start and goal points are set at
[0, —0.5, 0] and [0, 0.5, 0], respectively, for all tests. The
following obstacle scenarios, illustrated in Fig. 3, are con-
sidered:

(1) Scenario 1: Two obstacle planes in the X-Z axis with
0.2 x 0.2 square openings;

(2) Scenario 2: Three obstacle planes in the X-Z axis with
0.2 x 0.2 square openings and two obstacle planes in
the X-Y planes with no openings; and

(3) Scenario 3: Five obstacle planes in the X-Z axis with
0.2 x 0.2 square openings and two obstacle planes in
the X-Y planes with no openings.

The considered control parameters are the resolution for
A*, the step size per iterate for RRT and the number of
seeds per axis for MRRT. The resolution is varied between
11 and 28 in steps of 2 for A* and consequently the step
size per iterate for RRT is varied between 1—10 and Tls in steps
of m. The number of seeds per axis for MRRT is varied
between 2 and 20 in steps of 2.

The same random sequence generator is considered for
RRT for unbiased comparison. The following formula, de-
veloped in [115], is used to evaluate the maximum tree
number (N) as a function of the number of seeds per axis

(K):
N =3(K3) + 2. (3)
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Fig. 3. The different scenarios: (a) scenario 1 (b) scenario 2 and (c) scenario 3.

The minimum number of trees is 2, one at the start and
another at the goal nodes. The multiplication and power
factors of 3 are a result of the three-dimensional environ-
ment the path planning algorithms will operate in.

Each test for all algorithms is repeated for 100 times.
Path length before and after smoothing and computational
time are the performance measures that are considered.
Owing to the generic environment, the subsequent results
can be extrapolated to assess real applications.?

5. Results

5.1. Introduction

This section aims to identify the best configurations for the
realization of 3D path planning. Therefore, this section will
present, analyze, discuss and compare the path planning
performance of the A* and RRT algorithms, their variants
and the smoothing algorithm. This will help identify the
strongholds and shortcomings of each configuration in 3D
path planning in both generic and specific environments
with associated mission constraints.

5.2. A* algorithm

The A* path planner constructs a path from start to goal
points in all scenarios and resolutions. This may imply that
using the A* algorithm a solution will always be guaranteed.
But as remarked in the literature [38], this is not the case as
a solution depends also upon the selected resolution. From

2An Intel Xeon ES-1650, 3.2 GHz is used for testing.

Fig. 4(a), it can be deduced that path length prior smoothing
is a function of scenario complexity. In this regard, the path
lengths for Scenarios 2 and 3 are 50% and 100% longer
with respect to Scenario 1, since the path planner must pass
through three and five windows in opposite obstacle plane
extremes instead of two windows, respectively, as can be
deduced from Fig. 3.

The direct relationship between path length and scenario
complexity is further confirmed in the path length after
smoothing results illustrated in Fig. 4(b). The ripple effect in
path length is reduced at smoothing stage since path seg-
ment length and grid position restrictions are eliminated. A
comparison between the mean smoothed and unsmoothed
path lengths shows a 12%, 16% and 17% decrease for
Scenarios 1-3, respectively, with respect to the unsmoothed
path lengths. Tests show that increasing the number of
smoothing iterates beyond 1000 increases computational
time proportionally without any significant improvement in
path length. Moreover, through smoothing iterate increase,
the number of path points increases consequently increas-
ing path navigation complexity and ultimately reducing
navigation performance.

From Fig. 4(c), it can be concluded that path planning
time is a function of resolution and scenario difficulty, with
resolution having the major dependence. Resolution is di-
rectly proportional with the number of grid points and
therefore the more time is required by the A* path planner
to generate a path. Similarly, scenario complexity increases
path planning time as more options need to be considered
for a noncolliding path to be computed. The path con-
struction time is much larger than the path smoothing time
and therefore the latter effect on computational time is
negligible. Scenario complexity also affects path smoothing
time, as can be deduced from Fig. 4(d).
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Fig. 4. Results for A* with 95% confidence interval (CI): (a) nonsmoothed path length, (b) smoothed path length, (c) planning time and

(d) cumulative smoothing time for 100 iterations.

5.3. A* ripple reduction algorithm (AZ)

As illustrated in Fig. 4(a), the variance limits at 95% con-
fidence interval for the unsmoothed path length is 0. This
results since each test for the same resolution and scenario
is repeated for 100 times using the same start and goal
positions. Therefore, all 100 runs will yield the same path.
Oppositely, with the introduction of A, each run is different
leading to a nonzero 95% confidence interval, as illustrated
in Fig. 5. An asymptotic relationship between path length
and resolution can be deduced from Fig. 5(a). From a the-
oretical perspective, as the resolution increases, the dis-
tance between graph nodes reduces, increasing the number
of graph points in the same environmental space and
therefore more optimized paths can be constructed. This
confirms the conclusion drawn from the tests that path
length and resolution have an inversely proportional
relationship.

An asymptotic behavior in confidence interval with in-
crease in resolution is also exhibited for the smoothed path
length (Fig. 5(b)) since with increase in resolution the path
length variance in possible path options reduces. Similar to
path generation time results of A* the confidence interval
for path generation time increases exponentially as for A*.
In terms of confidence interval, the resolution has a minimal
effect on smoothing time. The smoothing algorithm is not

restricted by grid positions and therefore is independent of
resolution.

A path length ripple reduction of 46%, 46% and 48% in
terms of standard deviation for Scenarios 1-3, respectively,
is introduced by the Aj algorithm with respect to the
standard A* algorithm. This result is confirmed using a
different random seed generator. This result confirms that
path length ripple exhibited by the A* algorithm is the result
of a plane residing exactly on a plane of grid positions with
the only available grid points residing at the respective
obstacle windows. Using the Ay algorithm that normalizes
such iterations, a fairer A* performance responses results.

With the addition of the smoothing algorithm, the path
length ripple is further reduced by 3 to 4 times for all
scenarios but never reaches 0. Results show that the ripple
reduction in amplitude due to the smoothing algorithm is
higher for the standard A* with respect to A}, since in A*
the ripple is higher. This behavior shows that the smoothing
algorithm’s path length reduction reduces as the path
reaches its optimal length.

A marginal mean increase of 1%, 2% and 2% for Sce-
narios 1-3, respectively, results in unsmoothed path length
for A, with respect to A* algorithms. This increase is a
consequence of obstacle modeling that defines a buffer of
half the distance between nodes. Without this buffer, planes
not residing exactly on nodes will be neglected, but this
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Fig. 5. Results for A* Ripple Reduction Algorithm (4%) with 95% CI: (a) nonsmoothed path length, (b) smoothed path length, (c) planning

time and (d) cumulative smoothing time for 100 iterations.

buffer can create situations where one obstacle plane is
modeled by two obstacle planes.

The mean smoothed path length is 1%, 3% and 4% in-
crease for Scenarios 1-3, respectively, for the A} with re-
spect to A*. This increase correlates with the path length
increase in the unsmoothed path length of both A* and A
algorithms. The path planning time is 5% shorter and 49%
and 4% longer for the A} algorithm with respect to the A*
algorithm. The major increase in path planning time for
Scenario 2 is a consequence of the obstacle grid point es-
timation as explained earlier in [112]. The path smoothing
time is 9% longer, 2% shorter and 5% shorter for the Ay
algorithm with respect to the A* algorithm. This marginal
difference is a consequence of the environmental shifting
and the associate possibility of different paths. Further
details are provided in [112].

In conclusion, it can be stated that the A} algorithm
reduces path length ripple with respect to the A* algorithm.
This reduction is not achieved at the expense of longer path
length or computational time. These results are confirmed
through tests carried on different complexity 3D scenarios.

5.4. Rapidly-Exploring Random Trees (RRT)

Figure 6 shows that the RRT algorithm finds a path solution
in all scenarios and for all considered step sizes. This

supports the notion that the RRT algorithm is probabilisti-
cally complete [32]. Figure 6(a) shows that the path length
prior smoothing is mainly independent of the step size for
all scenarios. The step size determines the tree branch
length. Therefore the zig-zagging amplitude is directly
proportional with the step size. The sampling-based nature
of the RRT algorithm in constructing a path using standard
length tree branches show the algorithm’s lack of optimality
emphasized in the literature [32]. The smoothing algorithm
reduces the mean path length by 46%, 50% and 49% for
scenarios 1-3, respectively.

Overall, the A* algorithm constructed shorter un-
smoothed paths with respect to RRT for all scenarios. Al-
though both A* and RRT algorithms are restricted in
movement, A* can only pass through predefined grid posi-
tions while RRT can use any nonobstacle space, provided
that this is distant by the step size constraint from the
parent node. Therefore, path length results cannot be
compared directly. Similarly for both algorithms, the path
construction time exhibits an inverse relationship with
resolution or step size since the number of path segments
for equal volume increases with increase in resolution and
decrease in step size. Although the smoothing time for both
algorithms consumes only a small fraction of the total path
generation time with resolution and step size constraints
neglected, scenario complexity also increases smoothing
time.
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5.5. Rapidly-exploring random trees without step size

Table 1 tabulates the mean results for all three scenarios for
100 iterations with no limits on tree branch length. The
unsmoothed path length is 17%, 11% and 4% longer for
Scenarios 1-3, respectively, for the unconstrained RRT
variant with respect to the standard RRT. The difference
reduced significantly to 1%, 0.4% and < 0.1%, for Scenarios
1-3, respectively, when the smoothed path lengths of the
variant and standard RRT are compared, with the latter
remaining the shorter. Therefore, it can be concluded that
path length is deteriorated by removing constraints, with
the major deterioration resulting in low-obstacle density
scenarios as long zig-zagging path segments are constructed

Table 1. Path planning performance for RRT with no step size
constraint.

Parameter Scenario 1 Scenario 2 Scenario 3
Nonsmoothed path 1.83 3.38 5.27

length [—]

Smoothed path length [—] 1.13 1.88 2.81
Path planning time (s) 0.01 0.67 1.64
Average smoothing time 35.97 46.57 51.69

per iterate (ms)

which would have been attenuated if tree branch lengths
are constrained.

Path planning time for this RRT variant is reduced by an
average 450, 7 and 10 with respect to the standard RRT for
Scenarios 1-3, respectively. This result shows that the tree
branch length constraint limits the propagation to the goal
position especially in simple scenarios where only a small
amount of manoeuvres are acquired to reach the goal. An
increase of 18%, 43% and 42% in smoothing time is
exhibited for the RRT without step size constraint with
respect to the standard RRT. A slight increase in smoothing
time is exhibited for the unconstraint RRT in comparison
with the constraint RRT mainly due to the zig-zagging in the
low obstacle density paths. Path planning time for A* is also
larger than for this RRT variant since the latter is not lim-
ited by grid positions. The difference is more emphasized at
low resolutions in simple scenarios. In addition, this RRT
variant’s smoothing time is less than half of A* for the same
scenarios.

5.6. Multiple Rapidly-Exploring Random Trees (MRRT)
Figure 7 shows that a noncolliding path from start to goal is

constructed for all scenarios. Results show that scenario
difficulty is the main factor affecting path length while this



February 11, 2022

2:24:21pm WSPC/284-US 2250007

142 C. Zammit & E.-J. van Kampen

~

ISSN: 2301-3850

2nd Reading

7 T T T T T T T T

y =
% ?I: %  Scenario 1
= =6r O Scenario 2|
=61 1 o Scenario 3
£ £
= N =
= % Scenario 1 =5 1
st O Scenario 2 b 3
(/E) % Scenario 3 (/EJ at 4
Baf I SR T T S S
£ 3 2.0 ]
< £
o3+ - =2}
g % % % % % % $S2[ e ©® © © @ e e © @ ©
3 .Jf a
% 2 L L L L L L L L L % 1 * * * * * * * * *
a 0 2 4 6 8 10 12 14 16 18 20 22 o 0 2 4 6 8 10 12 14 16 18 20 22
seedsPerAxis [Grid Points/Unit Length] seedsPerAxis [Grid Points/Unit Length]
(a) (b)
=
2 ‘ . : . . . . . . £ 75 . . . . . : :
r_‘a %  Scenario 1 E 90'6 ng::::g;
O Scenario 2
@ 20} 1 £ L 03|
o 2 Scenario 3 = 7 Scenario 3
3 T3 T
g 15[ 1 S ® 65T £ X 1 = 1
= z2 | 1§ i
o % 3o [l
5 10 3 1 Bg s ]
=1 Q
£ $ o5 *
2 5- 3 1 27 551 1
g o ¢ = % £
© 0 R 1] @ ] % * . ¥ | L g 5 L . . . . L . . . .
0 2 4 6 8 10 12 14 16 18 20 22 2] 0 2 4 6 8 10 12 14 16 18 20 22
seedsPerAxis [Grid Points/Unit Length] seedsPerAxis [Grid Points/Unit Length]

(©

Fig. 7.
smoothing time for 100 iterations.

parameter is not affected by the number of seeds per axis.
MRRT constructs longer unsmoothed paths when compared
with the unconstrained RRT for all scenarios. In MRRT,
trees can be interconnected with no length restrictions.
These lack-of-length restrictions result in zig-zagging paths
prior smoothing, increasing in amplitude at low complexity
scenarios, similar to the unconstrained RRT results.

The smoothed path length for MRRT remains longer than
that for RRT for each respective scenario, although the
difference in mean path length between the two methods is
reduced through the smoothing algorithm. For A* the mean
unsmoothed path length is less than half with respect to
MRRT for all scenarios. As in other algorithms discussed in
this study, the path planning time for MRRT depends on
scenario difficulty. Furthermore, the planning time is di-
rectly proportional with seeds-per-axis value.

Overall, the MRRT algorithm constructed a path in less
time than both A* and RRT with the major difference
exhibited in low-complexity scenarios. This results since
the MRRT tree propagation and interconnection is unre-
stricted as opposed to both A* and RRT which are re-
stricted in path points and tree branch length, respectively.
The unconstrained RRT constructed the path in multiple
less times as opposed to MRRT. To construct a path, the
MRRT requires more nodes than both RRTs, resulting in a
longer smoothing time. In comparison with A* the MRRT

(d)

Results for MRRT with 95% CI: (a) nonsmoothed path length, (b) smoothed path length, (c) planning time and (d) cumulative

required less smoothing time owing that A* constructs al-
most optimal paths and therefore the smoothing algorithm
requires more time to find path segments which can
improve the path.

5.7. New smoothing algorithm

The new smoothing algorithm is computationally more ef-
ficient than the older smoothing algorithm version. For the
A* algorithm, results show that the lower the scenario
complexity, the more smoothing iterations are required
since the stopping condition (<1% reduction in last 20
iterations) is reached. This results since in low-obstacle
density scenarios, the environmental space is primarily
obstacle free as opposed to high obstacle density scenarios
where path improvement is more restricted. Also, grid point
restrictions are neglected by the smoothing algorithms,
therefore resolution constrained are eliminated. The new
smoothing algorithm is efficient resulting in 46%, 50% and
49% for Scenarios 1-3, respectively. For complex situations,
such as Scenario 3, the minimum of 20 iterations is too low
as sometimes, owing to scenario complexity, it is too diffi-
cult to find a set of points in 20 iterations on the path
segments to construct a shorter overall path. For more
results and further analysis please refer to [112].
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The new smoothing algorithm requires more time for
RRT with respect to A* for all step sizes/resolutions and
scenarios under review. Step size constrains minimally af-
fect the number of smoothing iterations since the stopping
condition is reached. This results for the same reason
explained for A*. Smoothing results for RRT in simple sce-
narios show a reduction of between 13-19 times with a
minor increase in smoothed path length. Results show that
in complex scenarios the minimum of 20 smoothing itera-
tions is too low and shall be increased as it difficult to find
shorter noncolliding path segments, explained for A*. The
smoothed paths resulting from the A* algorithm outper-
forms those from the RRT algorithm in terms of both length
and smoothed time since the unsmoothed path generated
by the A* is better than that for RRT. The elimination of the
tree branch length in RRT has no effect on smoothed path
length and time.

For MRRT, scenario complexity increases the number of
smoothing iterates since the stopping condition is reached.
This is attributed to the lack of path optimality constructed
by the RRT-based algorithms. MRRT’s seeds per axis pa-
rameter has no effect on the smoothing algorithm'’s stopping
condition since it neglects nodal and path segment length
constraints. Through the new smoothing algorithm,
smoothing time has decreased by 22, 17 and 24 times for
Scenarios 1-3, respectively, with respect to the original
smoothing algorithm.

In conclusion, results show that a path length reduction
of 20-50% can be achieved at a small percentage of the
path construction time. Furthermore, this analysis high-
lights the direct relationship between smoothing iterations
and path length. This can guide in custom tuning the
amount of path length reduction based on the application
requirements and computational power availability.

6. Conclusion

This work analyses the path planning performance of the A*
and RRT based algorithms with an associated smoothing
algorithm in different complexity 3D environments. In line
with the literature, the A* algorithm constructed more op-
timal paths than RRT. The A* algorithm searches volumes in
the line of sight of the goal while the RRT algorithms
searches evenly throughout the environment. The paths
constructed by the A* algorithm are shorter, even after
smoothing, and constructed in less time than RRT. The A*
algorithm exhibits path length ripples as resolution is var-
ied for the same scenario. Through A* ripple reduction al-
gorithm, a 46-48% path ripple reduction is recorded for all
situations considered with respect to the A* algorithm. This
improvement is achieved without increasing path length
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and planning time. The unconstrained RRT variant reduced
path planning time especially in low obstacle density sce-
narios. Moreover, the evenly-distributed MRRT generated
longer unsmoothed paths in shorter planning times but
required more smoothing over RRT for all considered sce-
narios. The new smoothing algorithm, developed to elimi-
nate unnecessary smoothing iterates, shows a 90%
reduction in smoothing time for all algorithms. This
smoothing time reduction is achieved with a path length
increase of less than 10% for A* and between 25% and 45%
for all RRT algorithms.

In addition to path length optimality and noncolliding
paths, the path planning time is also an important factor
especially in time-varying environments. In such situations,
the path must be continuously checked, optimized and if a
potential collision is possible, re-planned using only avail-
able and limited onboard resources. This work highlights
A¥s potential as an online 3D path planning algorithm in
dynamic environments owing to its optimality and low
computational demand. A*s environmental discretization
nature allows it to be tuned based on mission requirements
and agent onboard resources. RRT-based methods can
construct efficient paths in both evenly and focused explo-
ration situations. Their performance in these situations can
outperform A*’s, in terms of path length and time, if tree
propagation nodes are empirically selected based on
obstacles’ current and prospective future states. Finally, the
new smoothing algorithm further improves path construc-
tion in all algorithms by taking < 1% of the total path
planning time.

Furthermore, the inclusion of both kinematic and dy-
namic agent models, sensor limitations, time-invariant and
time-varying obstacle positions, speed and orientation in
addition to uncertainty in agent, sensor and environment
will further assess the A*-based and RRT-based algorithms’
applicability in static and dynamic 3D environments for
different vehicular systems including UAVs and AUVs.
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