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a b s t r a c t

During nuclear facility decommissioning, workers are continuously exposed to high-level radiation.
Hence, adequate path planning is critical to protect workers from unnecessary radiation exposure. This
work discusses recent development in radioactive path planning and the algorithms recommended for
the task. Specifically, we review the conventional methods for nuclear decommissioning path planning,
analyze the techniques utilized in developing algorithms, and enumerate the decision factors that should
be considered to optimize path planning algorithms. As a major contribution, we present the quantitative
performance comparison of different algorithms utilized in solving path planning problems in nuclear
decommissioning and highlight their merits and drawbacks. Also, we discuss techniques and critical
consideration necessary for efficient application of robots and robotic path planning algorithms in nu-
clear facility decommissioning. Moreover, we analyze the influence of obstacles and the environmental/
radioactive source dynamics on algorithms' efficiency. Finally, we recommend future research focus and
highlight critical improvements required for the existing approaches towards a safer and cost-effective
nuclear-decommissioning project.
© 2021 Korean Nuclear Society, Published by Elsevier Korea LLC. This is an open access article under the

CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

Nuclear decommissioning is a high-risk, labor-intensive activity,
as there is a potential for a wide range of radiological and industrial
accidents during the various stages of the task [1]. Decom-
missioning involves different activities such as cutting and re-sizing
of components and equipment, solid and liquid waste removal,
large structure demolition as well as handling of contaminated
items [2]. All these activities are capable of producing hazards.
Hence, it is pertinent that careful planning is put in place so that
radiation exposure can be kept as low as reasonably achievable.
This is also to ensure that the workers, the environment, and the
public are protected from the harmful effects of radiation all
through the decommissioning process. Path planning is a process
used to determine an optimal path that a worker could take during
decommissioning to reduce the radiation exposure. This is achieved
by Elsevier Korea LLC. This is an
by finding the path of minimum dose the worker should follow
based on the calculated cumulative dose received by moving from
one point to another along a radioactive path.

Some algorithms have been developed for this purpose. How-
ever, to the best of the authors’ knowledge, there is no recent
systematic review and discussion on the application of path plan-
ning algorithms in nuclear decommissioning. Moreover, in the
literature reviewed, we observed gaps in the development and
application of the algorithms from other industries for path plan-
ning purposes. For instance, some robotic algorithms are being
introduced to nuclear decommissioning path planning. However,
there are critical considerations for the efficient application of these
algorithms into decommissioning.

This paper systematically reviews and categorizes current path
planning algorithms. This work exhaustively discusses recent
development in radioactive path planning and the proposed algo-
rithms recommended for the task. Specifically, we review the
conventional methods that are already in use for nuclear decom-
missioning, analyze the metrics and special techniques utilized in
open access article under the CC BY-NC-ND license (http://creativecommons.org/
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the development of path planning algorithms, and enumerate the
decision factors that should be considered to optimize path plan-
ning algorithms. As a major contribution, we present the quanti-
tative performance comparison of different algorithms utilized to
solve path planning problems in nuclear decommissioning and
highlight their merits and drawbacks. Also, we discuss techniques
and critical steps necessary for efficient application of path plan-
ning algorithms used in other fields, such as robotics, into nuclear
facility decommissioning. Finally, we discuss the algorithm evalu-
ation metrics and recommend future research focus towards
improved and safe nuclear facility decommissioning.

This paper is organized as follows: section 2 is a brief back-
ground on the concept of path planning. The section also presents
the basic algorithms available in path planning and the current
theoretical approach in decommissioning projects. Section 3 pre-
sents themetrics considered in developing these algorithms. Multi-
path planning that involves generating paths for more than one
worker at the same time is also discussed. Section 3 also presents
the performance comparisons of different algorithms and the in-
fluence of obstacles and configuration space on the algorithms’
efficiency in different environments. Section 4 explains the various
factors to be considered when adopting path planning algorithms
in robotics for a decommissioning project. The section also high-
lights the similarities and differences between path planning al-
gorithms applied in nuclear decommissioning and robotics. It also
discusses the merits and challenges in adopting robots for per-
forming the decommissioning tasks. Finally, Section 5 summarizes
and concludes the review.

2. A brief background on nuclear decommissioning path
planning

Path planning involves finding the obstacle-free and optimal
path for workers to navigate radioactive structures, components,
and equipment to minimize radiation exposure dose. For a worker
to move from point A to point B in a nuclear facility under
decommissioning, the path planning problem is a search for the
optimal path to followwith the lowest possible radiation exposure.
This is accomplished by calculating the cumulative dose the worker
receives inmoving from one point to another along a path using the
dose rate distribution map generated for the environment. This
calculation is used to create an optimal path with the lowest ra-
diation dose for the worker. Conventionally, the cumulative dose is
calculated using the expression [3]:

D¼
ðB

A

Rði; jÞ
n

ds (1)

Where D is the cumulative dose along a given path, R(i, j) is the
dose rate at point (i, j) and v represent the average walking speed.
This expression is applicable for a continuous radiation field where
the radiation dose rate at any point can be measured directly. For a
discrete radiation field, the situation is different as the radiation
field is shown in a grid, and the dose rate at any point within the
grid is estimated by interpolating between nodes. Further discus-
sion on the path planning problem in nuclear decommissioning can
be found in Ref. [3].

Path planning has grown in importance as decommissioning
activities have become more prevalent and complex [4]. This is
because the decommissioning task is continuously reviewed, with
the changing environment. Hence, there is a need for a dynamic
path planning technique to fit the changing environment. An effi-
cient path planning algorithm for workers in a nuclear decom-
missioning project can be achieved by:
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� Optimized sampling techniques [5e7].
� Effective node adding technique [6].
� Improved heuristics [4,6].
2.1. Metrics and considerations in developing path planning
algorithms

The path planning technique chosen for a particular problem
depends on the environment (static/dynamic, 2D/3D), the dose
assessment method, the sampling technique, the collision detec-
tion technique, and the algorithm(s) selected. In a static environ-
ment, the obstacles do not change their positions with time, while
in a dynamic environment, the obstacles change their positions
with time. Major attributes of an effective path-planning algorithm
are computation time, memory requirement, cost, simplicity,
robustness, consistency, admissibility, completeness, optimality,
effective path length, and dose rate calculation (for a high radiation
field). An algorithm that generates an optimal path in the shortest
possible time could influence the worker's performance.

Moreover, path planning in nuclear decommissioning involves
calculating the radiation field using a dose assessment technique,
generating a map based on the radiation field, performing collision
detection after sampling, and using the algorithms to generate a
safe path. The dose assessment techniques in use fall under two
main categories: Monte Carlo (MC) techniques and the Point Kernel
techniques. These are standard gamma dose rates calculation and
radiation shield effectiveness methods for defined and arbitrary
complex geometries. The Monte Carlo technique is based on the
probability theory used in solving complex problems.

The Monte Carlo-based codes are the Monte Carlo Neutron
Particle (MCNP) Transport code [8], FLUKA [9], GEANT [10] etc.
MCNP has been proven to have the most reliable data on the
characteristics of external radiation from radiating sources with
complex geometry [11]. On the other hand, the point kernel (PK)
technique is based on analytical calculations. It requires less time
and can also produce accurate results with little variation
compared with theMCNP. The codes that make use of PK technique
include Mercure [12], MicroShield [13], QAD [14], etc. [15e17].
However, there are uncertainties in determining the build-up fac-
tor, further reducing the efficiency of the PK technique since the
exact method is rather complex. Rudychev et al. [11] proposed a
better way of calculating the build-up factor to calculate the dose
rate correctly. The work recommends optimization schemes that
include preliminary calculations using the point-kernel method
with consequent Monte-Carlo simulation [11,18]. That is, applying
the merits of the two approaches to get the best results.

The probability and non-probability sampling differ by whether
or not the sampling selection involves randomization [19]. The
non-probability approach is also referred to as deterministic or the
exact approach. It involves following a set of defined steps to
sample nodes used in generating a path for workers. While the
deterministic model demonstrates better consistency and
completeness, it requires a large memory. The probability category
is also referred to as the stochastic or approximate approach. It is
widely used since it randomly samples nodes used in generating
paths for workers, but it does not necessarily yield the best solu-
tion. This approach is easier to implement than the deterministic
technique, hence its widespread use. However, considering the
merits and demerits of these approaches, the best technique is to
adopt the deterministic model with little randomness [20].

Collision detection is a major part of path planning algorithm
that determines the algorithm's efficiency. However, it is compu-
tationally expensive. Some techniques exist for collision detection
and some of the effective collision detection procedures for
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sampling-based algorithms have been described [21,22]. Fig. 1
shows a flowchart for a typical path planning task during the
decommissioning of a nuclear facility.

2.1.1. Common algorithms utilized for path planning and their
applications in nuclear decommissioning

Standard path planning algorithms developed for decom-
missioning includes sampling-based algorithms such as rapidly
exploring random tree (RRT) [23], probabilistic roadmap and their
variants (PRM) [24,25], graph-based algorithms such as Dijkstra's
algorithm [26,27], A* algorithm [28] and its variants, bio-inspired
and other artificial intelligence-based models such as neural net-
works (NN) [29], genetic algorithm (GA) [30], particle swarm
optimization (PSO) [31]and ant colony optimization (ACO) [32] or
their combination [33]. There is also the hybrid approach, which
combines two or more methods to obtain a better result.

The sampling-based algorithm is sub-divided into the active and
the passive group. The active group, e.g. RRT, can independently
generate a safe (minimum dose) path without retaining the
memory of the roadmap by simultaneously growing a tree until the
goal position is found. This is accomplished without relying on pre-
designed road networks. It is also called a single-shot technique
because it does not construct a retainable roadmap. The PRM falls
under the passive group since it cannot independently find the best
path. It is developed in two phases called the learning and query
phases. It only generates a retainable roadmap from the start to the
goal, and after that, utilize search algorithms such as Dijkstra to
develop a feasible path [34]. It is also called the multi-query tech-
nique since the built roadmap can be used multiple times [33].

Graph-based algorithms generate a graph and subsequently find
an optimal path based on the generated graph. The A* technique
[28], an extension of the Dijkstra's algorithm [27], also uses the
Manhattan or Euclidean Distance as the heuristic functions. These
heuristic functions are used for cost estimation defined as:
Fig. 1. A flow chart of a typical nuclear fac
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(n) ¼ (n) þ h(n) (2)

where f(n) is the cost between the start node and goal node, g (n) is
the actual cost of optimal path between start node and node (n) and
h (n) is the estimated cost between a node (n) and the goal node.
The lowest calculated f-value signifies a safe path with the lowest
radiation dose.

New bio-inspired algorithms that originate from mimicking
biological behavior are being used to find a near-optimal solution
path based on stochastic approaches without constructing complex
environment models [33]. For instance, particle swarm optimiza-
tion (PSO) [35,36] utilizes an objective function obtained at each
particle location to determine the best (lowest) function value and
the best location. These particles iteratively update their velocities
and positions as shown in equations (3) and (4), respectively, using
the objective function. The optimal path is obtained after iteratively
updating the search for feasible paths that terminate when a
stopping criterion is reached.

vkþ1 ¼wvk þ c1r1ðPbestk � xkÞ þ c2r2ðgbestk � xkÞ (3)

xkþ1 ¼ xk þ vkþ1 (4)

Where vk is the current velocity of the particles; xk is the current
position of particles, a representative solution to the optimization
problem. Pbestk is the personal best position of the particles, i.e., the
best solution encountered by particle thus far. gbestk is the global
best particle; the best solution found by the population. w is the
inertia weight, c1 and c2 are the acceleration constants and r1 and r2
are random numbers uniformly distributed within [0,1]. vkþ1 is the
vector sum of vk, (Pbestk � xk) and (gbestk � xk). While (Pbestk � xk)
is the difference between the current position and the best position
the particle has seen so far, (gbestk-xk) is the difference between the
current position and the best position of the particles’ neighbors.
ility decommissioning path planning.
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The multiapproach technique is sub-divided into two unique parts:
real-time, simultaneous multi-approach and ordered multi-
approach techniques. While the former combines several algo-
rithms simultaneously to achieve the best results, the latter use an
ordered principle in which each algorithm works in a stepwise,
separate level [33]. For decommissioning, the simultaneous multi-
approach model is commonly applied.

The different path planning algorithms discussed above have
been theoretically applied through simulation experiments to solve
path optimization problems in nuclear decommissioning field. Liu
et al. [37] utilized the A* algorithm with a grid model to design a
path in a nuclear facility. The solution depends on the resolution of
the grids obtained. This modified A* technique performed better
when integrated with the grid model than the conventional graph-
based A* algorithm.

Besides, Liu et al. [38] also planned a path for workers applicable
in multiple radiation areas to find a minimum dose path by
adopting the A*, grid model, segmented path planning, and mul-
tiple area modeling. This technique, termed Static Minimum Dose
Path (SMDP) method, proved effective, solves the local optimal
problem, and finds an optimal solution in multiple radiation areas.
However, it may be ineffective in a dynamic environment as seen
during nuclear decommissioning.

Liu et al. [31] developed an Improved Particle Swarm Optimi-
zation algorithm (IPSO) by combining the merits of PSO and GA
algorithms with the multi-objective decision-making approach to
generate a path in a nuclear facility. The method can solve both
single and multi-objective path planning problems in both discrete
and continuous static fields. Wang and Cai [36] developed the
Chaotic PSO, (CPSO) with a new mathematical dose model. The
error in the cumulative dose is reduced compared with the IPSO
developed by Liu et al. The best path obtained also depends on the
number of iterations. Wang and Cai [34] proposed PRM*, a tech-
nique established by combining PRM and A* algorithms to generate
a feasible and safe path for workers. This method produces a path in
which the cumulative dose is close to theminimum dose, especially
useful in accident situations compared to the A* algorithm.

The inherent weakness of the techniques described above is that
they are applied to the static environment without considering the
dynamics observed during nuclear decommissioning. To evaluate a
dynamic environment, Li et al. [39] utilized the SMDP [38], with a
different search strategy for dynamic environment. This technique,
called Dynamic Minimum Dose Path (DMDP), is continuously
updated as the radiation source changes or obstacles change loca-
tion. The DMDP depends on the SMDP to search for an optimal path
in a changing environment. This implies that a less efficient result
in the SMDP will affect the results obtained in DMDP. Furthermore,
Chao et al. [3] utilized the RRT* algorithm to plan a path in both
discrete and continuous radiation fields to generate an optimal
path with minimum dosewithout relying on the pre-designed road
network. Compared with Dijkstra's algorithm, this method proved
to be reliable in obtaining smoother and shorter paths in a dynamic
environment.

Chao et al. [6] established the BT-RRT* technique by integrating
node cost updating, biased path areas sampling and branch-and-
bound strategies into T-RRT* to obtain faster and more accurate
results in generating a path with a minimum dose. This algorithm
converges faster than T-RRT* because of its added advantage of
biased path areas sampling that focuses on sampling more on the
current optimal path. This reduces the search time for finding an
optimal path. Also, Chao et al. [7] developed GB-RRT*, a technique
that combined the merits of RRT* with that of the grid search
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strategy. This method proved to be more reliable, faster, and
effective in complex sparse, cluttered, and narrow areas compared
to RRT*. However, the walking speed was not considered as it was
assumed constant, which changes especially for a dynamic envi-
ronment for which the algorithm was developed.

Finally, on path planning methods developed for a dynamic
environment, Chao et al. [5] established the DL-RRT* technique that
combines the merits of D* Lite (a re-planning algorithm) with that
of RRT* to generate a minimum dose path for workers. The attri-
bute possessed by DL-RRT* is possible because of asymptotic
optimality and probabilistic completeness it inherited from RRT*
and the expansion grid search strength and re-planning for the
high-quality path it inherited from D* Lite. The algorithm can re-
plan quickly as the environment changes by using the previous
information gathered, resulting in improved path planning and
sampling efficiency. However, the selection of grid resolution af-
fects the performance of DL-RRT*. Table 1 shows the different path
planning algorithms with advantages and disadvantages for nu-
clear decommissioning facilities.
2.2. Multi-path planning

Multi-path planning entails creating different paths wheremore
than one worker is required to perform a specific task. Multi-path
planning can further be categorized based on their function,
namely;

I. Cooperative
� Individual-based
� Group-based

II. Antagonistic or competitive

The individual-based cooperative multi-path planning gener-
ates different paths for each worker, knowing the start and goal
positions of the other workers. This is to avoid collision between
workers and between workers and obstacles. This requires large
memory space and is computationally expensive, as it requires
recomputing all paths as the environment changes. These problems
can be solved by employing A* and D* Lite algorithms, respectively.
Another approach, the group-based cooperative path planning,
involves grouping the workers based on a similar start and end
positions and then generating a path for a worker in each group
since workers in a group have a similar destination. Less memory is
required, but the individual information about the workers is
neglected. This could result in confusion betweenworkers as to the
right of passage. If followed strictly, a worker with no knowledge
about each other's destination might collide while avoiding colli-
sion with obstacles along the generated path [40,41].

From the literature, no algorithm has been developed for multi-
path planning for workers in the decommissioning field. However,
many approaches have been proposed in robotics, with three al-
gorithms already implemented [41]. The cooperative category can
be applied in a decommissioning facility, since some measure of
cooperation may be exhibited by workers while carrying out their
tasks, to minimize workers’ radiation exposure. The antagonistic
approach would be counter-productive in the decommissioning
environment. This is because the generated paths are adversarial,
with assumed competition between workers. The multi-path
planning may be sub-optimal in decommissioning since coopera-
tion among workers is needed. Fig. 2 shows a representation of the
various path planning algorithms developed for decommissioning
facilities.



Table 1
Path planning algorithms in nuclear decommissioning.

Path-planning techniques References Advantages Disadvantages

Graph search Dijkstra [26,27] Capability to obtain a resolution-optimal
solution

Gets trapped in local optimal solution;
computationally expensive

A* [28] Efficient in narrow areas and environments
cluttered with obstacles

High grid resolution guarantees optimality;
consumes time in complex and large
environments Efficiency might be poor in some
cases, limiting the search area and setting
allowable deviations improve efficiency

Modified A* [37] Improved convergence speed, faster compared
to A*

SMDP [38] Solves the problem of the local optimal solution,
applied in multiple radiation areas

Becomes inefficient as the environment
becomes complex and dynamic

DMDP [39] Efficient as it continuously updates to generate
a safe path as environment changes

Inaccurate sometimes due to lack of real-time
dose simulation calculation

RRT* [3] Capability for a high-quality optimal path that
increases with time

Slow convergence, not totally consistent.

PRM [24] Probabilistic completeness, less complex
computation in continuous space

Consumes a lot of time especially in a complex
environment selected

Multi approach PRM* [34] Faster, cumulative dose close to minimum dose
compared to A*

Longer distance for workers to walk for the
minimum dose (safe) path generated compared
to the safe path obtained

IPSO [31] Improved convergence speed, no local optimal
solution

Best results depend on the number of iterations
and particles

CPSO [36] Less error even with a large number of nodes,
relatively simple and reduced cumulative dose
obtained

The early convergence rate is slower compared
to PSO

GB-RRT* [7] Converges faster, effective in continuous space
with complex obstacles

Walking speed is assumed constant which is not
so in reality

BT-RRT* [6] Obtains high-quality minimum dose path in a
dense complex environment

Over-optimizes inferior paths, feasible path
obtained depends on a large number of samples

DL-RRT* [5] Converges faster, avoids global re-planning Convergence speed and optimal path generated
depends on grid size
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3. Algorithm performance evaluation

3.1. The influence of obstacles and configuration space on the
efficiency of algorithms

The influence of obstacles and the configuration of a workspace
may affect how an algorithm performs. For instance, in Ref. [7], the
GB-RRT* algorithm was evaluated in a Cluttered (C) area, Narrow
(N) area, and Sparse (S) environments, as shown in Fig. 3.
Comparing the performance of the GBRRT* algorithm in the three
different environments, the result indicates that the algorithm
performed best in an environment with sparse obstacles. In such an
environment, the algorithm can make great choices in search of an
optimal path. This is possible as it has a good measure of configu-
ration space to plan a route. With sparse obstacles scattered in such
an environment, it can sufficiently avoid obstacles while finding a
safe path based on the radiation field. The environment cluttered
with obstacles also affects the way an algorithm performs. This
situation limits the algorithm, as it tries to avoid numerous obsta-
cles while planning an optimal path. The required outcome is to
design a route that is also optimal and efficient. However, the dose
received by workers in such path will be more than in environ-
ments with sparse obstacles.

For a narrow area scenario, the algorithm may be unable to
produce an optimum path due to the small configuration space.
This results in a sub-optimal algorithm, and paths generated by
such an algorithm may not be safe for workers. The GB-RRT*
compared with the RRT* shows that the RRT* performs best in an
environment with sparse obstacles but performs least in narrow
areas. Notwithstanding, the result in Chao et al. [7], affirms that the
GB-RRT* algorithm performed better than the RRT* algorithm in
the three cases in terms of reliability, convergence, and speed. The
gap between the amount of dose received by workers in a narrow
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area and those obtained by workers in a cluttered and sparse
obstacle environment, as revealed in Figs. 3 and 4, reflects how the
environment and configuration space can influence algorithm ef-
ficiency. By calculating the percentage difference between these
algorithms, as shown in Table 2, GB-RRT* S proved to be 15.094%
more efficient than GB-RRT* N and 11.321% more efficient than GB-
RRT* C. This indicates that workers could receive over 10% more
dose if found in a narrow area as opposed towhat they could obtain
in an environment with sparse obstacles. The RRT* S proved to be
11.921%more efficient than RRT* N and 14.194% more efficient than
its RRT* C counterpart. While GB-RRT* C proved to be 4.255% more
efficient than GB-RRT*N, RRT* C proved to be 2.581%more efficient
than RRT*N. This denotes that algorithms developed for a high-risk
environment should be able to performwell regardless of obstacles
or size of the area.

3.2. Comparative analysis of common path planning algorithms

The various algorithms proposed for the decommissioning
environment shown in Table 1 are either applicable to a static or
dynamic environment. This section compares the algorithms based
on their performance described in literatures. Although there are
variations in experiments used to evaluate their performances, it is
worth noting that the analysis in this section is done by considering
the assumptions that limit the scope of the evaluations.

The IPSO algorithm developed by Liu et al. [31] utilized dose and
distance as its deciding factors to obtain optimal path. Different
dose and distance attribute weights result in different optimal
paths obtained while successfully avoiding obstacles, as reflected in
Fig. 5. The plot reveals that using dose as the main deciding factor;
the paths produced are safer as opposed to using the distance as the
main deciding factor in obtaining an optimal path. The perfor-
mance of the algorithm in these two scenarios is compared as



Fig. 3. The influence of obstacles on the performance of the GB-RRT* algorithm in Sparse, Cluttered, and Narrow environments.

Fig. 4. The influence of obstacles on the performance of the RRT* algorithm in Sparse, Cluttered, and Narrow environments.

Fig. 2. Multi-approach techniques for developing the path planning algorithm in nuclear decommissioning.
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Table 3
Performance comparison of dose and distance decision factors for IPSO algorithm.

R2 Value Dose factor Distance factor Modified A*

0.722 0.782 0.997

% difference Dose factor Modified A* Modified A*
Vs Vs Vs
Distance factor Dose factor Distance factor

7.673 27.583 21.565

Table 2
Performance of GB-RRT* and RRT* in the three environments.

GB-RRT* S GB-RRT* C GB-RRT* N RRT* S RRT* C RRT* N

R2 Value 0.371 0.329 0.315 0.399 0.465 0.453

% difference GB-RRT*S GB-RRT* S GB-RRT* C RRT*S RRT* S RRT* C
VS VS VS VS VS VS
GB-RRT* C GB-RRT* N GB-RRT* N RRT* C RRT* N RRT* N

11.321 15.094 4.255 14.194 11.921 2.581
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shown in Table 3. The result shows that when dose is the main
deciding factor, the path provided is 7.673%more efficient than that
obtained using distance as the main deciding factor. Hence, the
IPSO is more efficient when the dose is the main deciding factor in
generating an optimal path.

The performance comparison of the modified A* algorithmwith
IPSO is also shown in Fig. 6 and Table 3. It is observed that for the
modified A* algorithm, the dose factor path is more efficient than
the distance factor. This further proves the efficiency of paths using
dose as the primary decision factor in IPSO over those generated
using distance as the main deciding factor.

Moreover, the performance of the CPSO algorithm developed by
Wang and Cai [36] was compared with the IPSO. As the number of
particles and iterations increases, CPSO can find a better optimal
path. Although, the IPSO exhibit early convergence than CPSO, both
algorithms essentially get to the optimal value at almost the same
number of iterations as shown in Fig. 7. The percentage difference
of these algorithms for case 3, with 80 particles, 1200 iterations,
with 51 nodes, repeating both algorithms 20 times as shown in
Table 4, reveals that the CPSO is 23.551% more efficient than the
IPSO. Also, the CPSO converges faster than the IPSO, indicating the
better performance of the CPSO over IPSO. The first phase is very
significant, as shown in Fig. 7 and the R2 values obtained for both
IPSO and CPSO. The gap in the first phase between IPSO and CPSO is
pronounced, thus, it affected the results obtained. Hence, the first
phase is considered. This implies that the results obtained largely
depend on the number of iterations, which directly indicates the
importance of a carefully selected number of iterations. Conse-
quently, the average dose rate value for a discrete field between two
nodes may deviate significantly, especially when the distance is
considerable. Hence, the whole path was divided into sections and
the effective dose of all the sections are calculated and summed.

Moreover, Liu et al. [37], modified the A* algorithm and
compared it with the conventional A* algorithm, and the simula-
tion results show that the modified A* is more efficient than the
conventional A*. Similarly, Wang and Cai [35] performance
Fig. 5. The influence of the decision factor
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comparison shows that the PRM* can find an optimal path with
minimum dose but with a longer distance as compared to the A*.
The dose rate results frommodified A* and PRM* are compared for
better analysis, as shown in Fig. 8. The result reveals their perfor-
mances in finding an optimal path in a static environment. The
absorbed dose was used instead of the cumulative dose in Fig. 8, for
computational convenience. The relationship between the dose
rate and distance has been discussed [37]. [35]. Also, the algorithms
are considered in a static environment with the assumption of a
constant worker's velocity. Fig. 8 shows the fluctuation in the cu-
mulative dose with distance. The lower dose rate recorded with
longer distance is because the dose intensity will reduce at a
considerable distance away from the source, reducing the cumu-
lative dose. This is not the case with a short distance, as the dose
rate will still be very effective over a short distance, thereby
increasing the cumulative dose. Nevertheless, there are scenarios
where the cumulative dose could be high even over a long distance,
as seen in a continuous radiation field.

The trend in Fig. 8 also shows that the dose rate of the PRM* is
significantly lower initially as compared to the modified A*. This
results in an optimized path with time as reflected in the low dose
rate obtained in the plot for PRM*. There is a rise in the dose rate
after a certain distance, although both algorithms converged to
almost the same value for a distance greater than 12 m. The per-
centage difference in the result between the two algorithms is as
shown in Table 5. It is also observed that the modified A* algorithm
is affected by the heuristic chosen and grid resolution. The heu-
ristic, in this case, was set to zero, further reducing the efficiency of
the proposed method especially as the number of points increases.
The dose rate obtained by using the PRM* is significantly lower
than that obtained using the modified A*. This also agrees with the
conclusions of Wang and Cai. In the final analysis, the cumulative
dose of the PRM* is significantly lower than that obtained using the
conventional A*.
chosen on the optimal path produced.



Fig. 6. Performance comparison of Dose factor, Distance factor and Modified A* algorithms.

Fig. 7. Path obtained by IPSO and CPSO.

Table 4
Performance comparison of IPSO and CPSO in case 2.

Metric IPSO CPSO % difference

R2 Value 0.422 0.552 23.551

Fig. 8. Dose rate Vs distance plot of the Modified A* and PRM*.

Table 5
Performance comparison of the Modified A* and PRM*.

Metric Modified A* PRM* % difference

R2 Value 0.003 0.484 99.380
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Table 6
Performance comparison of the cumulative doses of RRT*, Dijkstra and BT-RRT*.

Metric RRT* Dijkstra BT-RRT*

R2 Value 0.982 0.986 0.984
% difference RRT* vs Dijkstra RRT* vs BT-RRT* Dijkstra vs BT-RRT*

0.4060 0.2033 0.2028
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In planning a static environment using SMDP, Liu et al. [38]
show that time is also an important deciding factor to be consid-
ered. However, this consideration makes it difficult to analyze the
algorithm's performance in a dynamic environment. Algorithms
such as IPSO, CPSO, Modified A*, and PRM* used distance and dose
as the decision factors, and time was not considered a deciding
factor.

The RRT* and Dijkstra's algorithm have also been compared by
Chao et al. [3] for nuclear decommissioning. The results show that
the paths obtained by both algorithms are similar. Besides, the path
obtained by RRT* was found to be smoother in an environment
with a randomly distributed radioactive source. The results also
revealed that the cumulative dose from Dijkstra was higher
compared to the value obtained from the RRT*. This shows better
efficiency and reliability of the RRT* over the Dijkstra. Moreover,
the simulation of the BT-RRT* algorithm proposed by Chao et al. [6]
was performed to test the efficiency of BT-RRT* over T-RRT*. The
plot of the cost of the best path against time reveals that BT-RRT*
converges faster than T-RRT* but in some cases, the cost of the best
paths of BT-RRT* was found to be higher than that of T-RRT*.The
performances of RRT*, Dijkstra, and BT-RRT* compared in terms of
their cumulative doses are shown in Fig. 9. This evaluation shows a
clear gap in the efficiency of dose value between the BT-RRT* and
those of RRT* and Dijkstra. This is due to the capability of BT-RRT*
to focus on sampling in the current optimal path after inheriting the
attribute of T-RRT*. BT-RRT* uses biased area sampling, which
helps speed up the time used to search for an optimal path since it
focuses on sampling in the current optimal path. There are situa-
tions where the search could take place in an area far from the
optimal path. This may increase the cumulative dose. Similarly, the
Dijkstra algorithm is graph-based, and its solution depends on the
position of the nodes. As long as there is a uniform distribution of
the nodes, the optimal path will be found. When the search for an
optimal path is not close to the actual optimal path, the search time
is prolonged, resulting in the spike in the cumulative dose seen at
250s.

The attributes combined in BT-RRT* makes the tree near the
current optimal path to have higher node density, and as such, BT-
RRT* can find the optimal path quickly. This is also a helpful attri-
bute when optimizing the low-dose area, giving the algorithm the
ability to plan paths with minimum radiation level as reflected in
Fig. 9. Cumulative Dose plots of
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the cumulative dose obtained using the BT-RRT*. Table 6 shows
further analysis of the performance of these three algorithms in a
dynamic environment.

While BT-RRT* is 0.2028% more efficient than the Dijkstra al-
gorithm in terms of the cumulative dose obtained, it is 0.2033%
more efficient than the RRT*. The RRT*on the other hand is 0.4060%
more efficient than the Dijkstra algorithm further revealing the
superiority of the RRT* over the Dijkstra. The RRT* and BT-RRT* can
plan paths without relying on the pre-designed road network
which is not the case with the Dijkstra. This makes the Dijkstra
algorithm less efficient as the environment becomes dynamic.
Hence, for a dynamic environment, it is safer to plan a path using
the BT-RRT*. In summary, the BT-RRT* is more efficient for a dy-
namic environment, followed by the RRT* and lastly, the Dijkstra
algorithm.

Another critical factor to be considered is the grid size used in
the path planning experiments. The simulation results in testing
the performance of GB-RRT* in comparison with the RRT* pre-
sented in Chao et al. [7] shows that the GB-RRT* converges faster in
different environments compared to RRT*, for a particular grid size.
Besides, the GB-RRT* also performs better than the RRT* in narrow
and complex environments as RRT* spends much time in per-
forming collision detection for each iteration. Moreover, simulation
experiments in Ref. [5]evaluated the performance of DL-RRT* in
comparison with RRT* in an environment with moving obstacles
and strong shielding material. Results showed that the DL-RRT*
produced paths that significantly converge faster than RRT* under
the 25 � 25 grid case. Here, a careful selection of the grid size de-
termines the results obtained using the DL-RRT*. The same trend is
observed with the DL-RRT* compared to the RRT* in the case of a
radioactive environment with changing radiation sources. Fig. 10
shows the dose plot of common algorithms. The analysis of
DMDP [39] was constrained because there are no statistics similar
RRT*, Dijkstra and BT-RRT*.



Fig. 10. Dose plots of RRT*, BT-RRT*, GB-RRT* and DL-RRT*.
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to the one provided by other dynamic algorithms to aid its
comparison.

As shown in Fig. 10, it is evident that the DL-RRT* performs
significantly better than the other algorithms for the scenario
considered. This clear margin attests to the superiority of the DL-
RRT* in specific tasks. The trend of RRT* and GB-RRT* algorithms
show a closely related performance. The performance percentage
differences presented in Table 7 helps in evaluating their perfor-
mances against others. The comparison of the performance of the
dynamic algorithms reveals that the DL-RRT* is 19.348% more
efficient than the RRT*. It is also 11.031% more efficient than BT-
RRT*. Also, it is 2.880% more efficient than GB-RRT*. The degree of
deviations of DL-RRT* in comparison with the other three algo-
rithms show that it is very efficient as compared to RRT* than it is as
compared to BT-RRT*. Its performance comes close to GB-RRT*, as
revealed by the percentage deviation between the two algorithms.

We can conclude that DL-RRT* is an effective path-planning
algorithm in a dynamic and complex environment. DL-RRT* is
also suitable for path re-planning where obstacle and radiation
dynamics are considered. The only drawback is that great care is
needed to select the grid resolution to get the best results from the
DL-RRT*. After the DL-RRT*, the next most efficient algorithm is the
BT-RRT* which is 17.556% more efficient than the GB-RRT* and
11.333% more efficient than the RRT*. BT-RRT* focuses on bias path
areas sampling, and if the current best path is far from the actual
optimal path region, it takes more time in the non-optimal path,
thereby increasing cost. However, the next algorithm in terms of
performance is the GB-RRT*, which is 7.018% more efficient than
RRT* and lastly, the RRT*.

It is worthy of note that the R2 value is a goodness of fit measure
used for comparative linear regression model estimation. Hence,
the larger the R2 values, the better the regression model. However,
Table 7
Performance comparison of RRT*, BT-RRT*, GB-RRT* and DL-RRT*.

Metric RRT* BT-RRT* GB-RRT* DL-RRT*

R2 Value 0.399 0.450 0.371 0.291
% difference DL-RRT* DL-RRT* DL-RRT* GB-RRT* BT-RRT* BT-RRT*

Vs Vs Vs Vs Vs Vs
RRT* BT-RRT* GB-RRT* RRT* GB-RRT* RRT*
27.068 35.333 21.563 7.018 17.556 11.333
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there are cases where a high R2 value is not necessarily good, and a
low R2 value may not mean the model is weak. Within the scope of
this review, the R2 values are used to measure the variation in the
accuracy of different algorithms. This is important to enable the
robust algorithm comparison presented in this work. Further R2

influencing factors and the effect of various assumptions should be
considered to effectively apply the algorithms in different
scenarios.
4. Motion planning applications in nuclear decommissioning

4.1. Critical considerations for effective motion planning algorithm
application in nuclear facility decommissioning

From the literature reviewed, we observed that advanced path
planning research has been conducted in the area of robotics [42]
compared with similar research in nuclear decommissioning.
Nevertheless, there are similarities in the two fields that could be
exploited. That is, with some modifications and additional con-
siderations, advanced algorithms used in robotics can also be
applied in nuclear decommissioning. Robots aremachines designed
to execute one or more tasks repeatedly, with speed and precision.
Although human reliability and composition cannot be compared
with that of a robot, the similarities inherent and lessons learned in
path generation for robots can apply to humans. For instance, Al-
Bluwi et al. [43] modified robotic algorithms to suit applications
in molecular simulations. Moreover, common techniques such as
sampling technique, collision detection against obstacles, and the
use of heuristics are being applied in both fields for path planning.

A critical and unique attribute of a nuclear decommissioning
environment is the presence of radiation. Consequently, some
modifications are required to apply robotic algorithms appropri-
ately. Other constraints worth considerations are the dynamics and
kinematic constraints applied to robots for the static and dynamic
environment that need to be modified to suit the decommissioning
environment for humans, and how to incorporate the trajectory in
robotics (a path with the explicit parameterization of time with
specifications on velocity, acceleration, jerk, etc) as opposed to a
path created for decommissioning. Moreover, for robotics, the
turning angle and degree of freedom for the robots, holonomic and
non-holonomic drive, and the robotic visual motion planning also
need to be modified in the decommissioning environment.
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Furthermore, the specification of a given robot will determine
the modifications that need to be put in place for its application in
decommissioning [44]. The simultaneous localization and mapping
(SLAM) algorithm or localization algorithm for a pre-generated
map will need to be modified to suit the decommissioning envi-
ronment [45]. This is because radiation maps are already estab-
lished for a decommissioning environment and paths are planned
based on the generated radiation map. The correct modifications of
the algorithm could reduce the time and computational burden
present in robotic algorithms since some constraints have been
eliminated. This will make the robotic algorithmsmuch easier to be
applied to a decommissioning environment.

4.2. Robots for nuclear decommissioning

Currently, advanced research is ongoing to develop robots for
nuclear facility decommissioning purposes [46], to reduce clean-up
time and cost of disposing of nuclear wastes. These research efforts
aim to develop several vast, highly specialized, and advanced al-
gorithms and provide continuous improvement. There is a feasible
prospect of integrating the robotic solution into the decom-
missioning program in the nuclear industry from a cost and safety
perspective. The use of robots in a highly radioactive area is not a
new concept [44]. There are also situations where themulti-robotic
approachwas developed for exploration in a highly radioactive area
of a storage facility using swarm robots. Exploration is one of the
most important bio-inspired behaviors for swarm robotics with
many real-world applications, especially in highly radioactive en-
vironments. As such, swarm robotics proved to be a more efficient
approach to performing tasks when compared to a single robot. The
algorithm developed for this task, called the exploration algorithm,
was verified in a real environment. These swarm robotic systems
also proved to be scalable, as the number of robots deployed could
be changed with little or no effect on their overall performances.
The system's functions could also be easily modified by selecting an
appropriate number of robots, although the real-world application
of these techniques could be complex and their developments
more tasking [47].

The deployment of robots to undertake tasks in dangerous and
high radiation environments is not limited to the ground surface
but also applicable in a wet environment such as in the spent fuel
pool for inspection and monitoring of wet nuclear storage facilities
[48]. For instance, the unique aquatic autonomous surface vehicle
(ASV) exhibited localization and tracking accuracy necessary for
operation in a wet nuclear storage facility, a task difficult for
humans. Also, an autonomous ground-based radiological moni-
toring robot, called the continuous Autonomous Radiation-
Monitoring Assistance (CARMA), was deployed for the first time
in an active area at the UK's Sellafield nuclear site, to detect and
locate a fixed a source. Robots have also been deployed in
Fukushima Daiichi facilities to conduct g surveys [45]. Worker's
safety is paramount during nuclear decommissioning, hence
adopting robots to performing some of these tasks [49] will largely
shield workers from the harmful effects of radiation. This in effect
will reduce full-body dose received by workers. Also, robots will be
able to access facilities where human access is restricted due to
building configuration. This would improve productivity and
reduce human risk. In decommissioning, robots would also be
helpful to characterize facilities, including mapping dose rates,
identifying materials, and generating topographical maps. The ro-
bots would also inspect vessels and infrastructure, move, manip-
ulate, cut, sort, and segregate waste and assist operations staff [50].

Moreover, path planning methods in robotics would utilize
fewer iterations to find optimal paths [51]. This would result in a
reduction in computation time and increased efficiency.
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Conventional robots are equipped with velocity profiles and sen-
sors for real-time detection of obstacles, resulting in more flexi-
bility, reduced complexity, and cost. Further, they are not affected
by radiation the way humans are, and can perform tasks unsuper-
vised if adequately programmed. With the deployment of robots,
there will be less need for work monitoring technologies such as
on-site mobile survey system. Also, robots can perform routine
tasks nonstop without experiencing fatigue, and robots are not
affected by the posture that can influence walking speed. This
would eliminate the need for expensive ergonomics: the science of
designing a workplace with consideration for the workers' capa-
bilities and limitations.

This prospect of using robots for nuclear decommissioning is
attractive. However, the post-decommissioning cleanup cost for the
robots, special robot depository for storing the robots, potential
radiation transfer from site to robot depository, and robot mal-
functions are some factors and events to be considered and
managed for effective deployment of robots for nuclear-
decommissioning purposes. In case of a sudden loss of control or
malfunction, the robots become ineffective. Furthermore, the
development of robots capable of implementing decommissioning
tasks in a complex nuclear facility would be time-consuming and
capital intensive. These issues notwithstanding, the merits
outweigh the demerits. If applied in decommissioning, the multi-
path planning techniques could ensure more effective decom-
missioning work, thereby improving productivity. Also, if the
multi-path planning techniques are carefully adopted, there will be
a considerable increase in decommissioning efficiency and reduced
exposure time for workers.

5. Conclusion

In this paper, the various path planning algorithms developed
for nuclear decommissioning applications have been reviewed and
categorized, with an exhaustive analysis of their advantages and
weaknesses. The implementation techniques, decision factors
considered and optimization methods are also discussed. The
evaluation metrics utilized to measure the performance of the al-
gorithms are also presented. The standard algorithms used for
static and dynamic environments are graphically compared,
considering the peculiar parameters used in their implementation.
As no single technique can be used to solve path planning problems
in a highly dynamic environment, recommendations for using
hybrid approaches in choosing the dose assessment methods, the
sampling techniques, and the algorithms are presented. As a part of
future research focus, the various constraints and issues to be
considered in adopting motion planning algorithms, and deploy-
ment of robots in decommissioning are also discussed.

The effect of obstacles and configuration space on the perfor-
mance of path-planning algorithms is analyzed, considering spe-
cific environments such as sparse, cluttered, and narrow areas. The
uniqueness of the DL-RRT* algorithm over others in the radioactive
path planning task is discussed and analyzed. Finally, we recom-
mend improved research and development of novel nuclear-
decommissioning algorithms that target optimal performance in
dynamic environments. This can be achieved by developing algo-
rithms that focus on optimizing the sampling techniques, node
adding techniques, and improving heuristics.

Exploring the track of path planning algorithms and research
opportunities discussed in this work would accelerate future
research efforts toward improved nuclear decommissioning. The
algorithm evaluation presented here would also support the
research and development of advanced path planning tools and
models. The performance comparison of the state-of-the-art algo-
rithms would also aid researchers and decision-makers involved in
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nuclear-decommissioning projects. This would also support
developmental efforts to build better, more reliable, and safer paths
in radioactive environments.
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