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The problem of determining a collision free path within a region is an important area
of research in robotics. One significant aspect of this problem is coverage path planning,
which is a process to find a path that passes through each reachable position in the de-
sired area. This task is fundamental to many robotic applications such as cleaning, paint-
ing, underwater operations, mine sweeping, lawn mowing, agriculture, monitoring,
searching, and rescue operations. The total coverage time is significantly influenced by
total number of turns, optimization of backtracking sequence, and smoothness in the
complete coverage path. There is no comprehensive literature review on backtracking
optimization and path smoothing techniques used in complete coverage path planning.
Although the problem of coverage path planning has been addressed by many researchers.
However, existing state of the art needs to be significantly improve, particularly in terms
of accuracy, efficiency, robustness, and optimization. This paper aims to present the lat-
est developments, challenges regarding backtracking sequence optimization, smoothness
techniques, limitations of existing approaches, and future research directions.

Keywords: complete coverage path, non-holonomic, mobile robots, backtracking optimi-
zation, path smoothness

1. INTRODUCTION

Complete Coverage Path Planning (CCPP) is the problem of finding a path that
passes through all the points in the workspace from a starting point to a final point while
avoiding obstacles. CCPP is a fundamental problem in robotics with numerous applica-
tions such as demining [1] , agriculture and farming [2], cleaning [3, 4], inspection of
complex structures [5], seabed mining [6], and underwater operations to name a few.
Coverage efficiency of a CCPP algorithm is determined by total coverage ratio, total
time required for complete coverage, total path length and energy consumption required
to cover the path [3, 7]. Generally, the coverage algorithms are categorized as offline and
online algorithms [8]. Offline coverage algorithms use fixed information and environ-
ment is known in advance. Complete coverage planned by genetic algorithms, neural
networks, cellular decomposition, spanning trees, spiral filling paths and ant colony
method falls in this category [4]. Whereas, online coverage algorithms use real time
measurements and decisions to sweep the entire target area. In online approaches com-
plete environment map can only be generated by the robot’s exploration such as execut-
ing an action and observing the consequences of these actions. Sensor based approaches
are popular candidate for this category.
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square spiral motions; and (2) the boustrophedon (back-and-forth) motion (see Fig. 1).
The advantage of these basic motions is that they can cover region of any shape and can
be used as a base for more complex movements particularly in an environment full of
obstacles. A CCPP algorithm is complete if the robot sweeps the workplace such that
union of all the sub-trajectories completely covers the workplace in finite time. A CCPP
algorithm is robust if it is complete and at least one active robot performs the coverage
task. A CCPP algorithm is non-overlapping if the robot does not cover the already cov-
ered area [9].

@
Fig. 1. Spiral motion (left); Boustrophedon motion (right) [10].

In literature, while performing CCPP three criterion are given importance; (1) the en-
vironment decomposition technique; (2) the sweep direction (for reducing total number of
turns); and (3) the optimal backtracking mechanism. An environment decomposition tech-
nique determines the strategy to divide the environment into smaller regions (cells) for ef-
fective coverage. Sweep direction influences the optimality of the generated paths for each
sub-region [11]. Within generated trajectory, straight lines take less time than turns because
the robot must slow down to make turn [12]. Hence, it is desirable to determine the optimal
sweeping direction for each cell separately as decomposition create regions of different
shapes and sizes. The motion planning of robot from one small region (cell) to other is
achieved using suitable backtracking mechanism. The optimization of coverage sequence
reduces completion time consequently increasing efficiency of CCPP.

CCPP can be achieved by using single robot or multirobot coverage according to
the size of the environments. Single robot coverage is suitable for the coverage task in
small environment such as homes, workplaces and restaurants because of the simplicity
of its design. The multirobot coverage is appropriate for large environment because the
coverage task is performed by dividing the large environment into small sub-regions and
covering those sub-regions simultaneously. If one of the robots fails during coverage
task, other robots can easily cover the remaining environment.

A CCPP algorithm returns a coverage path that represents a detailed sequence of
motion commands for robot in order to perform coverage [12]. Usually, CCPP algo-
rithms generate a linear, piecewise path that composed of only straight lines and sharp
turns. These path are not feasible to follow for non-holonomic robots such as autono-
mous underwater vehicles (AUVs), Unmanned Air Vehicles (UAVs) and Unmanned
Ground Vehicles (UGVs). In order to make these paths applicable for real time applica-
tions in such robots, smoothness must be incorporated in robotic path. Smoothness of the
path within the planned coverage can be achieved by first reducing the total number of turns
and then smoothing sharp corners while keeping the length of path shortest possible [3].
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1.1 Motivation

Galceran et al. [7] presented a survey on coverage path planning methods with main
focus on environment decomposition techniques. However, optimized backtracking and
smoothness techniques in context of coverage path planning were not discussed in [7].
At present, to the best of our knowledge, no comprehensive literature review exists on
these two important aspects of CCPP, i.e., backtracking sequence optimization and
smoothness techniques. The evolutionary algorithms have shown tremendous success in
solving complex combinatorial problems such as Hamiltonian cycles, TSP and many
more. However, evolutionary algorithms are not explored in previous notable surveys [7,
8]. Therefore, there is a need to investigate advantages, limitations and potential of these
algorithms to achieve optimization in real world CCPP problem. Path smoothing tech-
niques constitute an important research area in planning feasible paths for non-holonomic
mobile robots and have proven their effectiveness by reducing execution time. There is a
need to explore the possibility of integration, restrictions and advantages of these smoo-
thing techniques in CCPP problems. This paper is an effort to fill in this gap for single
robot coverage and it provides a discussion on significant smoothness and backtracking
techniques used in the last five years.

The structure of this paper is organized as follows. The next section includes a brief
discussion about major environment decomposition approaches. Section 3 summarizes
the most frequently used backtracking sequence optimization techniques. Some common
trajectory smoothing methodologies are discussed in section 4. Section 5 summarizes the
current state of the art techniques along with the research contributions and limitations.
The challenges are highlighted in section 6. Finally, concluding remarks and future re-
search directions are given in section 7.

2. ENVIRONMENT DECOMPOSITION APPROACHES

A configuration environment constitutes obstacles, free space and the robot itself.
Therefore, the first step towards CCPP is to divide the environment into obstacles and
free space configurations. This section summarizes the environment decomposition ad-
vancement in recent years to investigate the limitations and advantageous aspects in the
current state of the art.

2.1 Random Coverage Path Planning

The random coverage path planning (random CPP) methodology is used by several
cleaning robots. In random CPP, the robot in an arbitrary direction in a straight line until
it collides with an obstacle. After, collision the robot turns at a random angle and repeats
the straight line motion. The coverage performance of several mobile cleaning robots in
reduced cleaning environment with limited sensors and memory requirements is dis-
cussed in [13]. Liu ef al. [14] presented an online novel approach based on random path
planning algorithm. Their proposed algorithm is efficient, robust, and flexible for a small
unknown environment. However, random coverage path planning is not feasible for
coverage in larger environments. A sample random coverage path during cleaning is
shown in Fig. 2. Here, ‘S’ represents starting point of robot, ‘C’ denotes current point,
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red circles indicate the collision with obstacle boundaries and ‘O’ stands for ‘obstacles’
within environment. The gray lines are the covered area whereas, the white space is un-
covered area.
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Fig. 2. (a) Trapezoidal decomposition; (b) Boustrophedon
Fig. 3. Random CPP [14]. decomposition.

2.2 Cell Based Decomposition Techniques

The cell based decomposition techniques are one of the earliest approaches used for
CCPP. They decompose free space within the environment into non overlapping regions
called ‘cells’ to perform the coverage. The decomposed environment is represented as an
adjacency graph where, cells represent nodes and edges represent a link between two
adjacent cells. The nodes of an adjacency graph represent regions to cover. An exhaus-
tive walk through the built adjacency graph can be performed to ensure complete cover-
age of the desired environment. The coverage of the regions is a local task performed by
determining the sweep direction and type of motion for the region. Such type of decom-
position is suitable for an offline CCPP.

One of the most classical methods for cell based decomposition is exact cell based
decomposition approach. A complete CCPP algorithm of mobile robots using exact cell
based decomposition is proposed in [15] which combine local coverage with a global
planning approach using boustrophedon motion. However, exact cell based decomposi-
tion results in unnecessary small sub-regions. The exact cell based decomposition can be
further extended to trapezoidal and boustrophedon decomposition approaches. The trap-
ezoidal decomposition is an offline technique and handles only planar and polygonal
spaces [16]. A trapezoidal decomposition based CCPP algorithm for mining robots is
discussed in [17]. A major limitation to this approach is the creation of numerous small
regions as shown in Fig. 3 (a). The boustrophedon cell decomposition [18] is an exten-
sion to the trapezoidal decomposition. It reduces total number of regions formed by the
trapezoidal decomposition method by merging all the intermediate cells between two
critical points into one cell. The cell formed as a result of merging could be covered by
one single continuous motion. The advantage of this approach is to achieve coverage in
the presence of the curved and circular shaped obstacles as well (see Fig. 3 (b)).

The Morse decomposition [19] technique generalized the boustrophedon method by
using Morse functions to determine the critical points for region decomposition. Morse
decomposition can be applied to n-dimensional space. The Morse decomposition tech-
nique can cover both polygonal and non-polygonal obstacles. The Morse decomposition
technique is suitable for coverage with detectors that are the same size of the robot [20].
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2.3 Grid Based Methods

The grid based methods represent the environment in the form of uniform grid cells.
Such methods support easy representation of the environment in memory, resulting in
easy robot localization and mapping during coverage task. Voronoi diagrams, distance
maps, configuration space maps, and neural network based environment representation
are its few extensions [7]. Shivashanker et al. [13] proposed a real time coverage path
planning algorithm in unknown environment for static obstacles. Lau et al. [21] present-
ed an efficient grid based workspace decomposition for mobile robot navigation in dy-
namic environments. The limitation of grid based coverage algorithms include exponen-
tial growth in memory requirement with the increase in map size and imprecise repre-
sentation of irregular shaped obstacles.

2.4 Online CCPP Techniques

It is not always possible to have a prior knowledge of the region for coverage. Ro-
bots can perform decomposition of the unknown environment by using incoming sensor
data to perform CCPP. This type of coverage is called online or sensor based coverage.
A dynamic path planning approach for multirobot coverage considering energy con-
straints is proposed in [22]. The algorithm constructs the sensor-based coverage paths
using Generalized Voronoi Diagram (GVD), that account for robot energy capacities
both in known and unknown environment [22]. Another sensor based approach using
exact cell decomposition for online coverage path planning is discussed in [23]. The
proposed algorithm follows an incremental approach for the decomposition of environ-
ment into cells. Once, whole environment is decomposed, the coverage is achieved by
following template based path planning.

2.5 Sampling Based Coverage

Deterministic complete path planning algorithms work effectively in an environ-
ment where obstacles are already known. However, for dynamic obstacles in an un-
known environment the computational time for deterministic and complete algorithms
grows exponentially [24]. As an alternative of complete path planning algorithms, sam-
pling based algorithms have gained much attention. Sampling based algorithms enable
the development of planning algorithms that are insensitive to the particular dimensions
[25]. They can be classified as a single query or multiple query planning algorithms.
Rapidly-RRT [26] and its different variations are extensively used in path planning algo-
rithms for finding an optimal path between source and destination. Conventional RRT
satisfies the differential constraints of the system by choosing the allowable input and
then applying forward simulation [27]. The RRT quickly expands in a direction of unex-
plored region. This property of the RRT algorithm can be used in efficiently finding the
uncovered area within the coverage terrain. Englot ef al. [5] presented a sensor driven,
sampling based iterative coverage approach for complex structures using RRT* [28] to
shorten the feasible path over complex structure in terms of time and path length.

2.6 Spanning Tree Coverage (STC)

Gabriely et al. [29] first proposed spiral-STC algorithm with a very basic idea of
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dividing the environment into grid cells of size twice as that of the robot. Hsu et al. [30]
proposed another solution for the optimal complete coverage path planning using an im-
proved spiral motion algorithm with backtracking in order to achieve the goals of mini-
mum execution time and human safety. A DFS based spanning tree coverage algorithm
is proposed in [31] that covers the unknown environment. Senthilkumar et al. [32] pre-
sented another approach for decentralized multirobot based online CCPP using multiple
extended spanning trees. The proposed algorithm mimics ant like robots for completing
the coverage task. However, coverage of partially occupied cells and terrain with narrow
openings remain an open issue.

3. SEQUENCE OPTIMIZATION TECHNIQUES

A common approach used to solve CCPP problem is to mimic the classic “Travel-
ling Salesman Problem (TSP)” [11] to cover the sub-regions within a decomposed envi-
ronment. Therefore, after decomposition of the environment into small blocks for cov-
erage (see Fig. 4 (a)), formation of adjacency graph is the most integral step (see Fig. 4
(b)). The most frequently used sequence optimization techniques in literature are dis-
cussed briefly in this section.
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Fig. 4. (a) Boustrophedon decomposition; (b) Adjacency graph of the environment.
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3.1 Greedy Algorithms

A greedy algorithm builds up a solution to the problem gradually by always choos-
ing the next choice that offers the most obvious and immediate benefit [33]. Greedy al-
gorithms are generally fast. However, they could fail to find the global optimal solution
because they do not operate exhaustively on all the data.

(A) Depth First Search (DFS)

DFS is an extensively used search technique in graphs. A DFS based optimization
of coverage sequence for agriculture robot is presented by Zuo ef al. in [34]. DFS based
spanning tree for continuous coverage is proposed in [35]. The proposed algorithm uses
an improved STC based algorithm to optimize the total number of U-turns and enabling
shifting of the mowing direction within each sub-region. Jin et al. [2] presented an opti-
mal solution for coverage in obstacle free agriculture field using DFS. However, the
proposed model did not consider the cost of turning between two edges. Paratama et al.
[36] proposed a DFS based efficient coverage algorithm for underwater mining robots.
The proposed strategy effectively reduced overlapping paths and the total number of turns.
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(B) Dijkstra’s Algorithm

The Dijkstra’s algorithm [37] is a graph based greedy algorithm that is widely used
in solving single source shortest path problems. An efficient CCPP algorithm for clean-
ing robots is presented in [10] that uses an extension of boustrophedon cellular decom-
position technique combined with simple Dijkstra’s algorithm for sequence optimization.
The Dijkstra’s algorithm only handles static obstacles within an environment. Moreover,
it is inefficient with respect to memory storage requirements.

(C) A* Algorithm

The A* algorithm [38] is an extension to the Dijkstra’s algorithm. A computation-
ally low cost and efficient approach for online CCPP in an unknown environment for
cleaning robots based on boustrophedon motions and A* algorithm is presented in [4].
The robot performs an online boustrophedon motion for coverage until it reaches a criti-
cal point. The A* algorithm is used to decide the best backtracking point for coverage.
The proposed algorithm works effectively in unknown environments with arbitrary
shaped obstacles. Furthermore, the proposed algorithm was efficient with respect to the
coverage time, the coverage path length, the total number of boustrophedon motions and
small changes in heading angle [4]. An algorithm to accelerate the processing time for
CCPP by combining two basic algorithms A* and Time Varying Environment (TVE) [39]
for the seabed gliders is proposed in [40]. The algorithm was memory efficient, but it did
not include energy constraints of the non-holonomic robot. The A* algorithm is memory
efficient; however, it cannot handle the dynamic environment constraints.

(D) D* Algorithm

A. Stenz [41] proposed an optimal and efficient path planning algorithm for han-
dling dynamic unknown environment called D*. Dakulovic ef al. presented an extension
of the D* search algorithm in [42] called Complete Coverage D* algorithm (CCD*). The
main contribution of this coverage algorithm was taking into consideration the dimension
of the robot for the floor cleaning problem. Dakulovic ef al. further extended the CCD*
algorithm in [1] to find the coverage path for demining robot in an unknown environ-
ment. Their proposed algorithm considered the static as well as the dynamic obstacles.
However, the limitation of the approach was that few regions remain unvisited due to
non-perfect path following and frequent changes in the path direction (see Fig. 5). Three
snapshots of the simulation of proposed approach for replanning steps are shown in Fig.
5. The green area indicates covered area. The red dotted line shows the path of the robot
and the blue solid lines show the path of the tool. The bold curves show the driven tra-
jectory [1].
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Fig. 5. (a) Initial planning phase of coverage using CCD¥*; (b) Replanning phase along with partial
covered area; (c) Final coverage using CCD* [1].
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(E) Theta* Algorithm

All the backtracking path planning algorithms discussed so far generate a path that
is constrained to grid edges. However, the theta* [43] search algorithm has flexibility to
propagate information along grid edges without constraining their paths to grid edges.
Theta* is simple, fast, and generates short and more realistic looking paths [43]. Viet et
al. [44] presented an online CCP approach for a team of mobile robots in unknown en-
vironment. The author used variation of theta* for performing backtracking for multiple
robots combined with boustrophedon motion. However, dynamic environment con-
straints for mobile robot were not considered.

3.2 Dynamic Programming

Dynamic Programming (DP) is the process of breaking a complex problem into a
collection of simple sub problems that exhibit the properties of overlapping sub problems
and optimal sub structure. It solves the repeated calculation of sub-problems by storing
solutions of similar sub problems. A dynamic programming formulation can be used to
find the optimal sequence of visiting nodes in an adjacency graph of a decomposed en-
vironment [12]. A CCPP algorithm that combines local space coverage with global plan-
ning using DP is proposed in [15]. However, the proposed algorithm only considered
static obstacles within the environment. Moreover, the algorithm used for sub-regions
formation resulted in unnecessary small area sub-regions. Another approach presented in
[6] used dynamic programming and TSP reduction to generate a coverage path for a
known seabed environment. However, the proposed strategy failed to address an un-
known environment with dynamic obstacles.

3.3 Evolutionary Algorithms

The Evolutionary Algorithms (EA) are based on principle of natural evolution, such
as biological inheritance and natural selection. An EA randomly selects a candidate set
of solutions and apply the quality function as an abstract fitness measure [45]. The evo-
lutionary algorithms tend to find optimal solution by converging from the initial state to
the global optimal with the help of a fitness function. A variety of evolutionary algo-
rithms are reported in literature. Some of the most common techniques used in CCPP are
discussed briefly here.

(A) Genetic Algorithm

A Genetic Algorithm (GA) is a heuristic based stochastic algorithm inspired by the
idea of natural selection and mutation for solving optimization and search problems [46].
The GA is extensively used to solve the coverage sequence optimization problem in
CCPP [31, 32, 47-49]. Jimenez et al. [47] presented a novel genetic path planner for se-
quence optimization based on two basic templates. The approach works well for the stat-
ic single robot environment. An online algorithm for coverage sequence optimization in
CCPP using GA for complex fields is proposed in [49]. The algorithm combines the
general practices used to perform coverage with the intelligent support for obstacle
avoidance to perform effective coverage with minimum execution time. Another pattern
based genetic algorithm approach for optimization of backtracking sequence is presented
in [50]. The proposed algorithm enables multiple robots to perform the cleaning task in
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an unknown environment with unknown obstacles. However, the dynamic environment
constraints such as moving obstacles and finding the optimum starting position of robots
still remain an open issue. Kapanoglu et al. [S1] presented another pattern based GA for
multirobot CCPP such that no overlapping occurs, thus resulting in minimum execution
time. Hameed et al. [52] discussed an energy efficient CCPP approach for 3-D terrains
using GA. The proposed algorithm optimized the driving angle followed by the track
sequence optimization resulting in minimum execution time.

(B) Ant Colony Optimization (ACO)

An Ant Colony Optimization (ACO) [53] is a probabilistic technique for solving
computational problems. An ACO is inspired by the behavior of real ant colonies and
was initially applied for solving travelling salesman problem. Zhou et al. [54] presented
an extended ACO algorithm to perform an optimized coverage sequence for field opera-
tions with multiple obstacles. The algorithm is efficient and feasible for real world ap-
plication deployment. Chaari et al. [46] presented a hybrid approach using ACO and GA
for solving global optimization path planning problem. The proposed hybrid algorithm
tries to find the optimal path by using improved ACO and genetic algorithms for a static
environment. The use of genetic algorithm ensures minimization of the risk of falling in
local minimum by exploring different search spaces. Chibin et al. [55] presented an ACO
based algorithm for efficient and optimal sequence coverage based on a distance matrix.
The presented algorithm not only covers the entire area but also ensures the minimum
planning path.

(C) Particle Swarm Optimization (PSO)

The Particle Swarm Optimization (PSO) [56] is a population based stochastic algo-
rithm inspired from the social behavior patterns of organisms living in large groups. A
PSO based online CCPP algorithm is presented in [3] that is based on the high resolution
grid and successfully finds a smooth path with minimal cost for coverage. Pessin et al.
[57] compared PSO and ACO for garbage collection and recycling problem in a multi-
robot scenario. Another PSO based partial search algorithm is proposed in [58], exhibit-
ing better results in terms of time efficiency than classic PSO and GA in solving TSP.
PSO is also used with other EAs for faster convergence. Two PSO variants, Fuzzy Ant
Supervised by PSO (Fuzzy-AS-PSO) and Simplified Ant Supervised by PSO (S-AS-
PSO) are proposed in [59] to solve ACO parameter adjustment problem. The proposed
algorithms showed good performance on solving the TSP problem than existing methods.
Backtracking sequence optimization techniques frequently used in literature are summa-
rized in Table 1.

Table 1. Overview of backtracking techniques (2010-2015).
Backtracking Online/
Techniques Offline

Advantages Limitations

Requires less memory than ~ Not suitable for online applications.
DFS [2,34,35] Offline trees. It may search from  There is no possibility of the minimal
multiple sources. solution if multiple solutions exist.

Dijkstra’s Offli Easy to understand and im- Large memory requirements. Not suit-
Algorithm [10] ne plement. able for dynamic environments.
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Table 1. (Cont’d) Overview of backtracking techniques (2010-2015).
Backtracking Online/

Techniques Offline Advantages Limitations
. Reduces search space re- A* cannot handle dynamic environ-
. . Offline/ . .. . .

A* and its varia- Partiall quired as compared to Dijks- ment, however, some of its variations

tions [4, 9, 40] knowny tra’s algorithm. like greedy A* [9] can handle dynamic
environments.
D* CCD* CCD* considers robot’s con- They can still generate unnecessary
[i 42] Online figuration for planning in longer paths for robots to follow.

dynamic environment.

It is fast, and generates short Cannot handle dynamic environment.
Theta* [44] Offline and more feasible paths for
robot navigation.

Guarantees optimal solution.  Expensive in terms of memory re-

Dynamic Pro- . Stores previously calculated quirements.
. Offline . .
gramming [6,15] values to avoid multiple cal-
culations.
The concept is easy to under- It requires problem dependent mathe-
Genetic Algorithms Online stand and supports multi- matical model. Complexity of the
[32, 47, 49-52] objective optimization. ~ model increases with the rise in popu-
lation size of the samples.
Finds the optimal solution ~ Speed of convergence to the optimal
ACO [46,54,55] Online  even when graph changes solution is unknown.
dynamically. Performance is problem specific.
Easy to implement. Achieves Particles may converge prematurely
PSO [3,57-59] Online global optimal solutions with and cause stagnation.
high probability

4. PATH SMOOTHING

A mobile robot comes with the constraints such as bound on its curvature, velocity and
acceleration. These constraints restrict the movement of the mobile robot at sharp turns
while following the linear piecewise trajectory generated by a CCPP algorithm. While fol-
lowing a trajectory, sharp turns in the generated path cause jerks resulting in discontinuity
along the trajectory. Thus, the trajectory cannot be driven at a constant speed. A smooth
path enables the robot to follow the trajectory without stopping, slowing down and reori-
enting on sharper turns. According to Farin [60], smooth path must be free from unwanted
singularities (loops and cusps), inflection points, and curvature extrema (if speed of the
robot is required to be fast). Most of the present CCPP algorithms generate a path with
sharp turns resulting in inefficient movement of the non-holonomic mobile robots, extra
fuel consumption, extra working time, and premature damage of robot parts.

The coverage efficiency is the highest concern in CCPP algorithms. The coverage
efficiency decreases with an increase in the total operational time [2]. The performance
of a CCPP algorithm can be significantly improved by reducing the overlapping paths
and smoothness [3]. Maintaining smoothness throughout the cove rage path helps to de-
crease the total operational time of the CCPP algorithm. There are two classes of smooth
CCPP in coverage literature; the graphical methods and the function based methods.
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4.1 Graphical Methods

In graphical method simple shapes like circles, arcs and lines are used to generate a
smooth path. Shape based path formation approaches are discussed in [2, 11, 61, 62] for
the agriculture operations. Keeping in view the differential constraints of agriculture ro-
bot Jin et al. [2] classified the headland turning types into five different categories
namely flat turn, ‘U’ turn, bulb turn, hook turn, and minimum headland width turning.
The generated trajectory is compatible with the constraints of the robot; however, it re-
quires complex calculations to create the required shape for turning.

Another graphical approach used for generating smooth CCPP path of a UAV is
discussed in [61]. In order to avoid deviation from the planned trajectory, a circular orbit
(curlicue) is formed at each turning point of the UAV (see Fig. 6). However, such a solu-
tion results in increased execution time, extra fuel consumption and additional distance
travelled. Another shape based approach for agriculture vehicle is discussed in [62]. The
author identified three types of turns depending upon the kinematic restrictions of the
machine and the available space on the headland area. The classified geometric types are
z-turn (also referred as U-Turn), Q-turn and T-turn (also called as fishtail turn). Bochtis
et al. [63] and Spekken ef al. [64] used two basic geometric shapes U-turn and Q-turn
for smoothing headland turns. The three most common occurring graphical shapes are
shown in Fig. 7.
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Fig. 6. Generation of circular trajectory in [61].  Fig. 7. (a) [[-turn; (b) Q —turn; (c) T-turn [62].

Dubin’s curve [65] is a traditional approach used in the smooth trajectory genera-
tion using segments of line and arc. However, the presence of discontinuities at the join-
ing point of the lines and arcs make it unfeasible for real world applications. Backman et
al. [66] presented an extended curvature continuous method using Dubin’s curve for
agriculture vehicles. The algorithm iteratively generates path segments using Dubin’s
method and integrates spiral segments to avoid discontinuity at the joining point. Thus,
making trajectory easy to follow by real-world robots. Moreover, the algorithm is time
efficient as well. Yu ef al. proposed Dubin’s vehicle based efficient coverage algorithm
for agriculture field in [67]. The authors presented a strategy for reducing total coverage
time by wisely dividing the environment and then planning coverage path considering
non-holonomic constraints of the Dubin’s vehicle.

Although graphical methods serve the purpose of smooth trajectory generation for
real-world robots. However, they are incompatible with today’s CAD/CAM software
applications. Moreover, intensive calculations for required shape generation makes them
unfeasible for real-world application deployment.
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4.2 Function Based Methods

In function based methods path trajectory is represented by function equations such
as spirals, clothoids, spline based functions, and Bézier functions. Clothoid is one of the
simplest and powerful method for smoothing the sharp corners. In order to ensure cur-
vature continuity in trajectory Cariou et al. [68] used elementary primitives (line and a
circular arc) connected together with clothoid segments. However, trigonometric and
inverse trigonometric functions are used to determine the headland turning type making
it computationally expensive. Sabelhaus et al. [69] presented a Curvature Continuous
(CC) path approach by using clothoid segments to generate a trajectory for an autono-
mous steering vehicle (see Fig. 8). However, complex computations and non-polynomial
approximation functions involved in generating clothoid segments for trajectory make it
unfeasible for practical deployment.

Bézier curve is one of the most fundamental modeling tools used in CAD/CAM
systems today. A smooth path trajectory for CCPP is presented in [70], where maximum
curvature constraint of a non-holonomic mobile robot was considered to generate the
coverage path. However, the coverage path overlapping and missing collision avoidance
strategy makes it inappropriate for real world applications.

@ O ©
Fig. 8. Smooth trajectory generation using CC-path (a) Q-turn; (b) U-turn; (c) Fishtail turn [69].

A Dbetter online complete path coverage and smoothing algorithm was proposed in
[3] where, the Bézier curve approximation was used for smoothing the square spiral
coverage path. The smoothness introduced by Bézier curve approximation lead to fast
coverage and less energy consumption. The simulated results as in [3] are shown in Fig. 9.

(d)

Fig. 9. (a) Path trajectory generated by basic STC; (b) Area coverage performed by following STC
trajectory; (c) Path trajectory generated by using approach in [3]; (d) Area coverage per-
formed by following proposed trajectory.
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5. STATE OF THE ART (2010-2015)
The most relevant papers reviewed in this article, along with the research contribu-

tions and limitations are summarized below. Table 2 comprises both CCPP approaches
and path smoothing approaches.

Table 2. Summary of state of the art (2010-2015).

Author, year Methodology Used Application = Research Contributions Limitations
. Tra.p.ezoidal decom- . Optimal CPP for agriculture Computationally com-
J.Jinand L. position, boustrophe- Agriculture fields. plex
Tang, 2010 don motion, shape Field Cover- Considered dynamic con- D " ’ i
[2] based headland turn- age straints of the farming vehi- 0es no eI.ltsure conti-
ing type. cles. nuty-
LA. Hameed D-Patterns, boustro- Agriculture Optimization of track se- Continuity is not en-
phedon motion, shape _. quence and driving angles. .
etal 2011 . Field Cover- - f sured. Computationally
[62] based headline turn- age Considers dynamic con- complex
ing, and GA. straints. ’
Spiral path followin First attempt for path Computationally expen-
T. K. Lee et puintiIc) Bézier curvg’ General  smoothing in CCPP. Smooth sive.
al., 2011 [3] 4 S Approach CCPP resulted in an efficient Localization issues were
approximation. .
coverage. not considered.
M. Waanders, Ve’matlon of Dijks-  Cleaning  An online CCPP algorlthrp Cannot handle unknown
tra’s, boustrophedon Task Cover- for known environment with .
2011 [10] . . environment.
motion. age dynamic obstacles.
Cleanin, i i -
Dakolovic ez Path Transform & Handles dynamic obstacles Klpodynamlc con
Coverage o . straints of robot were
al., 2011 [42] Methodology, D* within an environment. .
Task not considered.

A cost distance matrix along ~ Works with known

P.Zhou et al., Boustrophedon de- General with DP was used to find the environment with static

2012 [15] composition, DP. Approach

optimal coverage sequence. obstacles.
In multirobot scenario iobjecti
Kapanoglu et Online Sensor based  General 4 d L ezhfr(illﬁ:g? ezg::) "
al,2012[51]  coverage, GA.  Approach O/ Was used to optimize vironment w
sequence. considered.
M. Dakulovic: Complete Coverage Humanitarian CCD* algorithm handles Few regions remain
etal,2012  D* (CCD¥*) algo- . . . ..
. Demining static and dynamic obstacles. unvisited.
[1] rithm.
I.A. Hameed Cell decomposition Agriculture Cell decomposition and GA  Approach lacks in han-
etal., 2013 P > Field Cov- was used to generate an opti- dling dynamic obsta-

[49] GA. erage mal coverage sequence. cles.

Graphical shapes are used to Computationally com-

Coverage sequence Agriculture

Spekken et Lo . : incorporate smoothness in the plex shape optimization
optimization using  Field Cov- . . .
al., 2013 [64] trajectory of an agricultural method. Obstacle avoid-
Q-turn and U-turn. erage .
vehicle. ance was not addressed.
M. Morin et Cell based decompo-  Seabed An efficient offline seabed ~ Only for obstacle free
al., 2013 [6]  sition, DP, TSP. Coverage. coverage approach. environment.
Sabelhaus ez Curvature continuous Agriculture ~ Curvature continuous clothoids for Complex calculations. For
al., 2013 [69] clothoids for CCPP. Field Coverage agricultural vehicles. static obstacles only.

Exact cell decomposi- Cleaning Static environment with pre-
tion, Templates, Flow Task Cov-  defined obstacle shapes as
Network. erage templates.

Dynamic obstacles were
not addressed.

A. Janchiv et
al., 2013 [71]
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Table 2. (Cont’d) Summary of state of the art (2010-2015).

Author, year Methodology Used Application  Research Contributions Limitations
H. H. Viet et Boustrophedon Mo- T(; 1;?22%_ CCP algorithm for unknown Dynamic obstacles were
al.,2013 [44]  tion and theta*. erage environment. not considered.
. Incremental Boustro- Cleaning  Online CCPP of an autono- A* was in-efficient with
H. H. Viet et . . .
phedon motion and Task Cov- mous cleaning robot for un-  respect to time com-
al., 2013 [4] . . .
A* algorithm. erage known environment. plexity.
Agriculture An efficient area coverage The approach works

K. Zhou et  Cell decomposition, Field Cov- plan using a block formation only for static environ-
al., 2014 [54] ACO. such that there were no obsta- y
erage s ment.
cles within a block.
Multi-robot based architecture
General  designed for partially known Computationally com-

Approach  environment. Energy con- plex architecture.

GVD, Capacitated

A. Yazici et Arc Routing Problem

al., 2014 [22]

(CARP). straints were considered.
. . Optimal CCPP with minimum Generated path is not
Spiral motion for L .
Hsuet al., o General working time and energy suitable for
CCPP with improved . : . .
2014 [30] . Approach  consumption for dynamic  non-holonomic mobile
backtracking.
obstacles. robots.
D. H. Kim et Trapezoidal decom- Mining Ap- CCPP for a mining robot was Failed to handle dy-

proposed for already known
environment.

position, Special
spanning trees.

namic obstacles.

al., 2014 [17] plication.

Arial coverage path smooth-
ing using circular orbits at the
turning points.

CCPP is efficient in terms of

Complex computations
for shaping ‘Curlicue’.

Xuetal, Boustrophedon de- Arial Cov-
2014 [61] composition, Curlicue  erage

H. H. Viet et Boustroph@on de General coverage rate, path length, Camnot handl§ dynamlc
composition, obstacles within an
al., 2014 [9]. s Approach and balance of the workload .
Greedy A*. environment.
between robots.
B-Patterns, Agriculture Offline approgch' forbefﬁcwnt ' .
Yuetal., . : sequence optimization. Re-  Obstacle avoidance is
Non-holonomic con- Field Cov- . .
2015 [67] . . duce overlapping between not discussed.
straints of vehicle erage.

different swaths.
Paratama et Morse decomposition, Underwater An efficient offline seabed Cannot handle dynamic
al., 2015 [36] DEFS. Mining. coverage approach. obstacles.

Extended Dubin’s ~ Agriculture . High computational
. . ) A curvature continuous path
curve with spiral ~ Field Cov- . . cost. Can only handle
for agriculture vehicles. . .
segments. erage static environment.

Backman et
al., 2015 [66].

6. CHALLENGES

The existing state of the art needs to be significantly improved, particularly in terms
of accuracy, efficiency, robustness, and optimization. Achieving optimization is one of
the interesting combinatorial problems. A variety of evolutionary algorithms are used to
solve very complex combinatorial problems. However, very few addresses the problem
of sequence optimization within CCPP, such as genetic algorithm and its variations.
There is a need of comparative analysis between different evolutionary algorithms that
have already shown their efficiency in solving complex combinatorial problems to solve
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coverage sequence optimization problem.

Online CCPP approaches provide system with much more flexibility and robustness.
However, such approaches use the sensor based information for the environment map
generation, thus requiring powerful CPU and auxiliary memory [72]. Moreover, locali-
zation errors result in accumulated drift causing uncertainty of the robot’s pose. Afore-
mentioned requirements have a direct influence on power consumption of the robot,
which is a critical constraint in some applications of CCPP such as aerial coverage. The
current state of the art online CCPP algorithms are computationally expensive and may
require the use of auxiliary memory and cache or both, when applied to the low power
computational environment. Therefore, online CCPP algorithms need to be significantly
improved in terms of memory requirement and energy consumption during coverage task.
Moreover, incorporating uncertainty in forthcoming location estimations can considera-
bly increase coverage performance.

In recent years, probabilistic sampling based algorithms are extensively used in path
planning algorithms. Low computational cost, suitability to address higher dimensional
problems and better pragmatic success rate are major benefits of sampling based algo-
rithms. However, very little work like Englot et al. [5] is reported in literature for using
sampling based algorithms in CCPP. Therefore, exploiting sampling based techniques in
CCPP for unprecedented complexity remains an open research area.

Coverage path planning in a dynamic environment is considerably more difficult
than static environment, since simultaneous replanning of coverage path is required
when a moving obstacle is encountered. The situation becomes more complex with as-
similation of non-holonomic constraints. Therefore, current state of the art coverage al-
gorithms need enhancement for an efficient dynamic environment coverage.

An interesting research problem is incorporating smoothness in the linear path gen-
erated by CCPP algorithm. Recent state of the art CCPP smoothing algorithms have ei-
ther used primitive graphical shapes or complex mathematical functions to generate fea-
sible trajectory for non-holonomic mobile robot. Spline based interpolation functions
have proven their efficiency and feasibility for real world applications in path planning
algorithms. There still remains an open research issue for incorporating the spline based
functions in CCPP algorithms and testing their feasibility for coverage problem. Thus,
research challenges in CCPP strive for better potential solutions.

7. CONCLUSION AND FUTURE DIRECTIONS

Complete coverage path planning is an active area of research due to numerous ap-
plications. This paper presents an overview of the most recent sequence optimization and
path smoothing techniques used in CCPP with a brief summary of challenges in this do-
main. A considerable research has been conducted to improve efficiency of complete
coverage path planning algorithms. Optimization of backtracking sequence and smooth-
ness integration in coverage can notably improve efficiency of CCPP algorithms. Sam-
pling based strategies have proven to be highly successful in path planning. There is a
need to explore these strategies for efficient CCPP. Moreover, integrating uncertainty
while performing coverage in dynamic environment remains an open issue to be ad-
dressed. Smoothness techniques for path planning of non-holonomic robot are under
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discussion for many years. Recently, citations are reported on smoothness in CCPP.
However, the current state of the art CCPP smoothness techniques are either graphical
methods or computationally complex functional methods. Incorporating spline based
interpolation functions for an efficient coverage path planning algorithm remains an
open research problem.
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