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Abstract: This article describes a biologically inspired node generator for the path planning of serially connected hyper-redundant
manipulators using probabilistic roadmap planners. The generator searches the configuration space surrounding existing nodes in the
roadmap and uses a combination of random and deterministic search methods that emulate the behaviour of octopus limbs. The

strategy consists of randomly mutating the states of the links near the end-effector, and mutating the states of the links near the base
of the robot toward the states of the goal configuration. When combined with the small tree probabilistic roadmap planner, the method
was successfully used to solve the narrow passage motion planning problem of a 17 degree-of-freedom manipulator.
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1 Introduction

Hyper-redundant manipulators are highly dexterous
robotic devices typically composed of numerous serially con-
nected modules and actuators. The high level of redun-
dancy allows the robot to conform to the surrounding en-
vironment while fulfilling a given task. These mechanisms
benefit from the ability to explore narrow passages and to
perform new forms of robot grasping and locomotion as well
as from having structures with increased robustness to me-
chanical failure[1] . However, the large numbers of degrees-
of-freedom (DOF) produces countless configurations to a
given task, and a near infinite number of distinct motion
paths between the two poses.

The path planning problem in robot manipulation in-
volves selecting a set of feasible joint motions given an ini-
tial and goal arm configuration that adhere to both internal
constraints such as restrictions on actuator motions, sin-
gularities and joint failures, and external constraints such
as obstacles in the workspace and self-collisions. Com-
pared to traditional velocity-based methods, probabilis-
tic roadmap (PRM) planners are particularly effective for
solving the motion planning problems of hyper-redundant
manipulators[2]. A recent article[3] presented a config-
uration deactivation algorithm for boosting probabilistic
roadmap planning for robots. The algorithm was shown
to improve the execution time needed to build the PRM
planners.

PRMs are graphs of connected nodes. Each node corre-
sponds to an obstacle-free and self-collision-free robot con-
figuration. The nodes of the graph are connected by edges
via a local planner that tests the configurations space be-
tween each set of two nodes. The majority of the the sam-
pling strategies used to create the nodes of the roadmap
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were developed for pre-processing PRM planners. Pre-
processing PRM planners have been shown to perform well
in many different types of difficult planning situations and
are particularly suitable when multiple queries are per-
formed in the same static environment[4]. These typically
focused on the difficult regions of the configuration space C
to improve the coverage of the roadmaps[5, 6]. These meth-
ods either attempted to uniformly cover the C space, to
cover the useful areas, to connect the difficult regions con-
taining obstacles, or to connect disjoint roadmap compo-
nents. Using random reflection at the obstacle boundaries
was proposed in [7] to connect disjoint roadmaps. The sub-
graphs of the roadmap are connected by shooting edges
in random directions from one of the nodes in the sub-
graph. When one of the edges reaches an obstacle bound-
ary in C space, the resulting contact point is checked to see
whether it can be connected to the main roadmap graph.
In another approach, Amato and Wu[8] proposed a random-
ized roadmap constructed entirely of nodes on the obstacle
boundaries. Although the method can produce connections
in difficult situations such as long and narrow passages,
there are scenarios in which the strategy does not yield
good distributions such as cluttered environments or envi-
ronments with only several obstacles. In [9], difficult regions
in the configuration space are identified and additional con-
figurations in those regions are inserted to increase the net-
work connectivity. This is achieved by associating a weight
to each node in the roadmap. The weights represent the
ratio between the total number of times the local planner
failed to connect the node to a neighbouring node, and the
total number of attempts for that nodes. Nodes then are se-
lected with a probability proportional to their weights, and
expanded to complete the connectivity of the free-space.



154 International Journal of Automation and Computing 11(2), April 2014

The method described in [10] features a random node sam-
pling strategy which moves all nodes, whether collision-free
or not, onto the medial axis of the free-space. The authors
demonstrated that the resulting roadmaps contained a sig-
nificant amount of nodes in narrow passages and corridors.
Compared to random sampling strategies, uniformly dis-
tributed node generators have shown to produce roadmaps
with better coverages of the free-space in certain difficult
situations. Roadmaps obtained using Hammersley-Halton
sets could solve the narrow passage problem with less nodes
compared to roadmaps obtained using a purely random
sampling strategy[11]. Probabilistic roadmaps have also
been applied to solve single-query path planning problems
with no a-priory knowledge of the working environment
and no pre-preprocessed roadmap. The single-shot PRM
method solves motion planning problems one at a time
by building a distinct roadmap for each two input config-
urations. Single-shot methods are particularly suited for
dynamic environments or in situations with just a few in-
put queries such as in applications like spot welding of low
production components where the cost of pre-computing a
roadmap is too high due to both the high dimensionality of
the configuration space and the geometric complexity of the
obstacles and the robot[12]. Single-shot PRM planners were
developed by a number of researchers[13, 14]. The weighting
scheme described in [9] was applied to the sampling strat-
egy of single-shot PRM planners in [15]. New nodes are
added to the roadmap by repeatedly sampling the neigh-
bourhood of nodes known to be connected to either the
initial or the goal nodes. This is achieved by selecting a
parent node from the roadmap and randomly selecting a
child node from the set of configurations located in an area
surrounding the parent node. An even diffusion of nodes in
the configuration space of the roadmap is ensured by select-
ing the nodes of the roadmap with the lowest density of sur-
rounding nodes. Each node in the roadmap is attributed a
weight function w(n) corresponding to the density of nodes
surrounding that node. Parent nodes are selected from the
roadmap with a probability of 1

w(n)
.

2 Small tree PRM planner

The small tree (ST) algorithm is a PRM planner that cre-
ates small alternating roadmaps of limited size at the two
input queries until a solution is found[16]. The algorithm
begins by building a small uni-directional roadmap, rooted
at the initial query configuration, and attempts to find a
path connecting it to the final query configuration. If the
planner is incapable of finding a solution when the graph
reaches its maximum size, the best collision-free portion of
the unsuccessful attempts at connecting the roadmap to
the final query configuration is inserted in the final solu-
tion path. A new roadmap is then constructed from the
opposite query towards the tip of the new path found by
the previous roadmap. The planner alternates between the
two input queries and saves the best collision-free portion
of each attempt until a connection fuses the disconnected
paths and completes the solution. The ST algorithm is con-
trolled by three parameters: N — the maximum tree size,
δ — the distance threshold for connecting the roadmap to

the target node, and S — the number of state mutations of
the node generator. The input queries to the planner are
the initial configuration qi and the final configuration qf of
the manipulator, and the output is an ordered set of nodes
n corresponding to the collision-free configurations of the
solution path. In the initialization stage, the initial input
configuration qi is arbitrarily transfered to the root node
nr of the first roadmap tree, and the final configuration qf

is transfered to the target node nt for that roadmap. The
flowchart is composed of three main components: the inner,
outer and roadmap loops.

To generate a new node in the roadmap, a parent node
is selected at random from the nodes of the roadmap. A
collision-free child node nc is then created by searching the
configuration space around in the neighborhood of np. This
is achieved by randomly mutating S states of the parent
node np. The manipulator used in the present simulations
uses discretely actuated revolute joints such that each state
mutation is equivalent to displacing one module from one
discrete position to the adjacent position. The algorithm
executes η attempts to form a collision-free child node. If
the initial η attempts fail, the search area is reduced by
decreasing the number of state mutations. If a child node
cannot be produced after the ηS attempts, it is assumed
that the parent node is trapped by the surrounding obsta-
cles and a child cannot be formed from this node. The
planner then simply selects a new parent node and resumes
the search.

The forward kinematics of the manipulator are computed
for each new node and the module positions are discretized
and superimposed with simulated obstacle maps to deter-
mine if the manipulator configuration is located in the free-
space. If nc is collision-free, the node is inserted in the
roadmap and linked to np. The ST planner incorporates
the lazy collision checking method to accelerate the con-
vergence of the solution[17]. The edge connecting nc to np

is not checked in the roadmap construction phase. The
local planner only checks the edges contained in the path
of the branch considered close to the target configuration.
The child node is considered close to the target node if the
length of the edge connecting nc and nt is less than a fixed
threshold δ. For every new child node, the distance between
nc and the nt is computed using the following metric:

d(nc, nt) =
M∑

i=1

|(si)c − (si)t| (1)

where d is a distance metric in configuration space, si is
the state of the i-th module, and M is the total number of
modules in the manipulator. The three steps of the inner
loop are illustrated in Fig. 1 (a). If d(nc, nt) < δ, the child
node is considered close to the target node and the edges
of the path containing nc are checked sequentially from nr

to nt using the local planner. This path is illustrated by
the dotted line in Fig. 1 (b). In Fig. 1 (c), a collision is de-
tected at the 6th edge of the path. The set of nodes in the
collision-free portion of the path connected to nr is saved
in the partial solution path (PSP) υ1, and all subsequent
nodes of the branch are deleted from the roadmap. The
distance d1(nυ1 , nt) between the last node nυ1 of υ1 and
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the target node is also saved. When the roadmap reaches
the maximum tree size N , the i-th partial solution path υi

with the smallest di is inserted in the final solution path. In
the example of Fig. 1 (d), the partial solution path υ2 is se-
lected (assuming the linear distance to nt is representative
of the distance in configuration space). Other criteria could
be used to select the best PSP, but the distance metric pro-
vided the highest number of successful paths based on the
current simulations. Once a PSP is selected, it is added to
the final solution, and the current roadmap and all of its
nodes are removed from the system. The locations of the
new nr and nt of the new roadmap are given as follow:

1) The root node of the new roadmap is the target node

of the previous graph (nr ← nt).
2) The target node of the new roadmap is the last node

the best PSP (nt ← nυbest ).
This is illustrated in Fig. 1 (e). The new nr is set to the

target node nt of the previous graph, and the new nt is
set to the nυ2 of υ2. The planner then generates a new
roadmap to connect the two new nodes. The planner alter-
nates between the two input queries, repeating the process
described above, until a connection fusing both branches is
found. Fig. 1 (f) illustrates the final stage of the planner,
where υ2 is able to connect both branches of the final solu-
tion path. Once a solution is found, the path is optimized
using a simple algorithm that eliminates a large portion of

Fig. 1 ST roadmap. (a) Illustrates the generation of the first roadmap; (b) Illustrates a child node in proximity to the target node

along with the potential solution path; (c) Illustrates the search direction of the local planner and the elimination of the branch in

collision; (d) Illustrates the saved partial solution paths when the roadmap reaches its maximum size; (e) Illustrates the generation

of the second roadmap; (f) Illustrates the generation of the third and final roadmap with the collision-free path; (g) Illustrates the

solution path with the query configurations; (h) Illustrates the optimized solution path
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the configurations in the solution path. The method con-
nects two nodes at random from the solution path and
checks the resulting edge using the local planner. If no col-
lisions occur, all the nodes between the two configurations
are removed from the solution. The optimization process
stops when no further nodes can be eliminated. This is
illustrated in Fig. 1 (h).

3 Motion trends in hyper-redundant
manipulators

The goal of any single-shot PRM planner is to find a se-
quence of collision-free configurations that align the dimen-
sions of two known query configurations. In an obstacle-
free workspace, the sequence of configurations could simply
contain the set of configurations corresponding to the linear
transition between the states of the initial and goal config-
urations. The introduction of obstacles in the workspace
forces the robot to choose a different path. The contraction
and expansion of the robot structure leads to erratic transi-
tions in the states of the robot actuators. Several observa-
tions can be made as to the nature of the transition of states
of the hyper-redundant manipulator. Whereas most mod-
ules exhibit a highly nonlinear transition between states,
a selected number of modules exhibit a smooth transition
when moving from the initial to the goal configuration.

Consider the planar manipulator shown in Fig. 2. It is
composed of M = 17 discretely-actuated modules, where
each module has a single revolute joint capable of attaining
the five equally-spaced positions shown in Fig. 3. In this ex-
ample, the goal is to move the end-effector across the circu-
lar obstacle in the downward direction. The solution to this
problem was solved using the small tree (ST) PRM plan-
ner. Fig. 4 illustrates a typical transition of states between
the initial configuration and the goal configuration for three
modules of the manipulator, where module 1 is connected
to the fixed reference frame and module 17 is connected to
the end-effector. It was found that, in general, the base
module (module 1) had a smooth transition between its
initial and goal states whereas the effector module (module
17) exhibited an erratic transition. This is physically sound
since the distal modules of the manipulator must contract to
allow the effector to circumvent the obstacle while conform-
ing to the configuration changes of the proximal modules.
A large portion of the solution paths generated by the ST
and other planners exhibited a trend similar to Fig. 4 when
confronted with an obstacle. The proximal modules moved
from the initial to the final state with little or no devia-
tions whereas the distal modules displayed erratic motions.
This trend was also observed in the limbs of octopodes and
other biological creatures. The image sequence shown in
Fig. 5 illustrates an octopus stretching one of its limbs to
bring food to its mouth. Although there are no obstacles in
the immediate vicinity, the proximal joint region (denoted
by the arrow closest to the body) demonstrates a fairly lin-
ear motion pattern whereas the distal joint bend performs
a complex maneuver to grab and position the food in the
mouth[18]. The node generator described in the following
section attempts to capitalize on the motion patterns by

imposing the motion trends in the state mutations of the
node generator.

Fig. 2 End-effector motion of a planar hyper-redundant manip-

ulator

Fig. 3 Discrete actuator states

Fig. 4 State sequence for three select modules

Fig. 5 Octopus food fetching sequence[18]

4 Base-first quasi-deterministic node
generator

Two basic strategies can be defined for moving across the
circular obstacle of the previous section. Fig. 2 illustrates
the strategy of moving the effector past the obstacle first,
then following through with the body, and Fig. 6 illustrates
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the strategy of moving the trunk past the obstacle, then fol-
lowing through with the effector. In the former, the path of
the effector is the effective solution to the motion planning
problem and the body of the manipulator adjusts itself to
accommodate the effector. This strategy is typically used in
resolved-motion rate methods or potential field methods as
they typically solve the path planning problem in the oper-
ational space, then convert the solution to the configuration
space through the inverse kinematics of the manipulator. In
the latter, the trunk is the driving component and the effec-
tor is the follower. The trunk section attempts to reach the
goal configuration while the effector is tasked with avoid-
ing the obstacles in its path. This strategy is inherently
suited for PRMs as it is solely dependent on the differ-
ences between the states in configuration space, and does
not rely on the effector path in operational space or the use
of the inverse kinematics. The base-first quasi-deterministic
(BFQD) node generator mimics the strategy of Fig. 6 by di-
rectly specifying the joint motion of the base modules when
generating nodes. The random node generator of the orig-
inal small tree algorithm creates a child node by mutating
S states of the parent node. In the BFQD, the total num-
ber of state mutations S is split into two components: SD,
the number of deterministic state mutations, and SR, the
number of random state mutations. The deterministic com-
ponent aligns the states of the parent node with the states
of the target node, and the random component ensures an
even diffusion of nodes in the roadmap. In other words,
the deterministic component focuses the search area of the
planner and the random component maintains the essence
of the PRM. Two normal distribution functions, centered
at the base module and at the effector module, control the
probability of selecting modules for deterministic and ran-
dom state mutations, respectively. The following two equa-
tions select the modules md and mr slated for deterministic
and random state mutations.

md = ceil

(
|randn| ×

(
M

3

))
(2a)

mr = |ceil
(
|randn| × ceil

(
M

3

))
− (M + 1)| (2b)

where the “ceil” command rounds towards positive infin-
ity, the “randn” command generates a normally distributed
random number, and M is the number of modules in the
manipulator (note: (2) occasionally selects modules out of
the range of M , a while loop is executed until both md

and mr produce modules within the limits of M). The sta-
tistical probability of selecting a module for deterministic
or random mutation is illustrated in Fig. 7 by applying 104

iterations of (2) on a manipulator with 17 modules.

Fig. 6 Base motion of a planar hyper-redundant manipulator

Fig. 7 Probability of selecting a module for mutation

5 Simulation results

The quasi-deterministic ST path planner was imple-
mented in MATLABTM and tested on a 2.5 GHz AMD
Athlon 64 X2 processor with 2GB of internal memory. Over
103 tests were performed for each simulation and individ-
ual tests were terminated if the total number of generated
nodes exceeded 5×104. For comparison purposes, two other
quasi-deterministic node generators and a purely random
node generator were tested on the circle obstacle scenario
shown in Fig. 6 to determine the effectiveness of the pro-
posed method. The circle obstacle has a diameter of 4 units
and its centre is at a horizontal distance of 15 units from the
base of the manipulator (with respect to the unit length of
one link). The two alternate methods include the uniformly
deterministic and effector-first deterministic node genera-
tors. The uniformly deterministic method selects random
nodes for both deterministic and random state changes,
whereas the effector-first method uses a probability func-
tion opposite to that of Fig. 7. The effector nodes are
favoured for deterministic state changes and the base nodes
are favoured for random state changes. The parameters
controlling ST and the node generators were standardized
as follows: N = 125, δ = 8, S = 4 for the random node gen-
erator, and SD = SR = 2 for the three quasi-deterministic
node generators such that a total of S = SD +SR = 4 states
are modified. The results are shown in Fig. 8.

Fig. 8 Results of various node generators

The BFQD generator obtained the highest success rate
of all the methods. It could solve 93.3% of the simulations,
compared to 5% for the ST planner with the random node



158 International Journal of Automation and Computing 11(2), April 2014

generator. The ratio between the random and the deter-
ministic components of the BFQD method was also inves-
tigated to determine the effects of both components on the
performance of the planner. To illustrate the effects of the
deterministic component, the ST planner with various com-
binations of SR and SD was subjected to the circle obstacle
scenario of Fig. 6. In all tests, the total number of state
mutations was held constant at S = SR + SD = 4. The
results of the ST planner with N = 125 and δ = 8 are
shown in Fig. 9. For this set of parameters, both the fully
random and fully deterministic node generators were in-
capable of solving 100% of the path planning simulations.
The generator with equal random and deterministic com-
ponents SR = SD was chosen for all subsequent simulations
as it demonstrated the best combination of minimum run-
ning time and average generated nodes, and could easily
be adapted to other values of S (S = 6, 8, 10, · · · ). The
three main parameters controlling the ST planner, N , S
and δ, were examined in a number of different simulations
to explore the behaviour of the method and to establish
its performance. The total number of state mutations S
in the original ST planner described in [19] is replaced by
SR and SD of the BFQD ST planner. The two components
of the node generator are equal in all simulations, and the
parameter S = SD +SR is again used to represent the total
number of state mutations. The first series of simulations
were performed on the circle obstacle scenario. Table 1 lists
the success rate, the average execution time and the average
number of nodes generated by the planner for roadmap sizes
between 25 and 300 nodes, with different combinations of
S and δ. The planner equipped with the BSQD generator
exhibited a 100% success rate when the threshold was set
at δ = 8, with a slight decrease in the execution time given
a higher mutation rate. The difference between high and
low values of N was also examined on the narrow passage
path planning problem shown in Fig. 10. The results for
fixed values of N = 25 and 125 are given in Tables 2 and 3,
respectively.

Fig. 9 Results of various degrees of randomness

Fig. 10 The narrow passage scenario

Table 1 Variation of N

(a) Success rate (%)

δ S
N

25 75 125 300

4 4 35.0 94.8 94.6 83.0

4 8 98.8 98.0 97.7 90.1

8 4 100 100 100 100

8 8 100 100 100 100

(b) Execution time (s)

δ S
N

25 75 125 300

4 4 28.7 20.5 18.4 28.8

4 8 20.8 18.5 19.9 24.5

8 4 9.1 13.0 14.2 18.2

8 8 6.5 9.2 9.9 11.5

(c) Average nodes (×103)

δ S
N

25 75 125 300

4 4 27.4 20.2 18.1 22.6

4 8 14.2 14.8 15.9 18.0

8 4 2.7 3.8 4.2 6.3

8 8 1.8 2.4 2.9 3.1

Table 2 Variation of S and δ with N = 125

(a) Success rate (%)

S
δ

6 8 10 12

4 80.4 93.3 95.0 96.1

8 96.4 99.5 99.8 99.9

12 99.1 99.6 99.7 100

(b) Execution time (s)

S
δ

6 8 10 12

4 41.2 36.8 47.1 64.9

8 38.1 33.8 44.0 62.1

12 34.4 32.0 44.0 65.0
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(c) Average nodes (×103)

S
δ

6 8 10 12

4 25.9 18.2 16.0 15.1

8 15.8 11.4 10.0 9.2

12 12.5 8.9 8.0 7.7

Table 3 Variation of S and δ with N = 25

(a) Success rate (%)

S
δ

6 8 10 12

4 37.9 99.9 99.8 99.9

8 99.8 99.8 100 100

12 99.5 100 100 100

(b) Execution time (s)

S
δ

6 8 10 12

4 50.8 21.2 22.8 28.2

8 29.3 13.7 15.9 21.8

12 32.8 13.6 15.5 22.0

(c) Average nodes (×103)

S
δ

6 8 10 12

4 29.0 10.0 8.0 7.9

8 11.0 4.6 4.0 4.2

12 10.7 4.1 3.4 3.6

The performance of the planner with the BFQD node
generator displayed a similar trend to the original results of
the ST planner with the random node generator. Planners
with smaller roadmaps were faster and more repeatable
than those with larger roadmaps. The ST planner with
N = 25 could solve the narrow passage problem with a
100% success rate in over half the amount of time compared
to the ST planner with N = 125 (for several different com-
binations of S and δ). The optimum performance, labelled
in bold in Table 3, was observed when S = 12 and δ = 8.
With these parameters, the planner could solve the problem
with an average time of 13.6 s, and a standard deviation of
10.5 s. These results are consistent with the observations
that smaller roadmaps produce better results.

A typical solution to the narrow passage path planning
problem is shown in Fig. 11. The image illustrates the opti-
mized solution path generated by the ST planner with the
BFQD node generator, along with the intermediate config-
urations generated by the local planner. The parameters of
the planner were set to N = 25, S = 4, and δ = 8. For this
particular solution, 5 068 nodes were generated in 21 s, and
the final solution path contained 852 nodes. The optimized
path illustrated in Fig. 11 contained 4 nodes in addition to
the initial and goal nodes (shown in black along with the
intermediate configurations in grey) and was obtained in
less than 2 s.

Fig. 11 Optimized solution path to the narrow passage scenario

The BFQD ST planner was also tested on a 45-DOF ma-
nipulator composed of the same discretely-actuated mod-
ules as described above. The motion planning problem
consists of moving the effector past a circular obstacle of
diameter 8 units centred at x = 35 is shown in Fig. 12. Ap-
proximately 102 tests were performed for each simulation
on a 2.0 GHz Intel Core 2 processor with 2GB of internal
memory. Individual tests were terminated if the total num-
ber of generated nodes exceeded 5×104. The roadmap size
N of the ST planner was examined in a number of different
simulations with various values of S. The two components
of the BFQD node generator are again equal in all simu-
lations, and the parameter S = SD + SR is again used to
represent the total number of state mutations. The success
rate, average running times, and average number of nodes
for δ = 20 are given in Table 4.

The BFQD equipped planner is capable of repeatedly
solving the high DOF problem using many different com-
binations of parameters. Although the number of tests
for each combination is small, the planner required larger
roadmaps to successfully solve this problem across all val-
ues of S. However, the optimal performance was obtained
when N = 30, as the average execution time, the average
number of nodes and the standard deviation of the number
of nodes was lower for that roadmap size.

Table 4 Variation of N and S on a 45-DOF manipulator

(a) Success rate (%)

S
N

10 30 50 100 200 300 500

14 0 51.2 95 100 100 100 100

20 0 99 100 100 100 100 100

26 100 100 100 100 100 100 100

32 100 100 100 100 100 100 100
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(b) Execution time (s)

S
N

10 30 50 100 200 300 500

14 NA 84.0 49.2 31.0 23.7 22.7 26.7

20 NA 40.2 16.9 14.4 16.6 18.6 19.2

26 10.3 8.8 10.1 9.9 8.9 10.2 9.2

32 9.6 10.2 9.0 10.7 14.1 14.5 18.1

(c) Average nodes (×103)

S
N

10 30 50 100 200 300 500

14 NA 25.4 13.5 6.9 4.9 4.7 5.4

20 NA 11.4 3.8 2.9 3.1 3.6 3.6

26 2.0 1.8 2.0 2.0 1.8 2.0 1.9

32 2.0 2.1 1.6 1.8 2.3 2.5 3.0

Fig. 12 Optimized solution path of a 45-DOF manipulator

6 Discussion

In all test cases, the BFQD node generator accelerated
the execution time, increased the repeatability of the plan-
ner, and reduced the variability of the results. The strategy
does have several limitations. Firstly, the node generation
cannot be fully deterministic. Of all the simulations, the
planner with the fully deterministic sampling strategy gen-
erated the poorest results. Secondly, the selection criteria
for random or deterministic state changes plays an impor-
tant role in the performance of the planner. Although it
was demonstrated that the base-first strategy with the given
probability functions generated the best results, other dis-
tribution functions might be capable of producing better
results.

The ST planner with the BFQD node generator oper-
ated at its peak performance when the roadmap size was
less than 100 nodes, and produced repeatable results when
S > 8 and δ > 8. The performance of the ST was found
to be dependent on the combination of S and δ as well as
on the complexity of each scenario. Higher values of S and
δ generated preferable results in simpler environments but
increased the running time by a considerable amount for
more difficult environments. The running time of the ST
planner was particularly sensitive to variation in δ in dif-
ficult path planning scenarios. Increasing δ from 8 to 12
approximately doubles the running time when applied to
the narrow passage scenario.

The application of the ST algorithm to the longer 45-
DOF manipulator demonstrates the limitations of the local
planner described in [19]. The intermediate configurations,
shown in grey in Fig. 12, do not consistently cover the op-
erational space. There are regions where too many or too
few intermediate configurations are generated. In the first
case, this unnecessarily increases the execution time of the
planner. In the second case, this could potentially cause
the local planner to miss small obstacles and generate false
collision-free paths.

7 Conclusions

In this article, we describe and evaluate a novel
quasi-deterministic node generator for the path planning
of serially-connected hyper-redundant manipulators using
PRM planners. The node generator increases the repeata-
bility of the planning process in complex environments com-
pared to strictly random generators, and accelerates the
planning process in all test cases. The concept of using
probability functions to obtain the deterministic and ran-
dom components of the generator could be further inves-
tigated by analyzing the motion of other hyper-redundant
limbs found in nature.
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