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ABSTRACT Coverage Path Planning (CPP) is an essential capability for autonomous robots operating in
various critical applications such as fire fighting, and inspection. Performing autonomous coverage using a
single robot system consumes time and energy. In particular, 3D large structures might contain some complex
and occluded areas that shall be scanned rapidly in certain application domains. In this paper, a new Hybrid
Coverage Path Planning (HCPP) approach is proposed to explore and cover unknown 3D large structures
using a decentralized multi-robot system. The HCPP approach combines a guided Next Best View (NBV)
approach with a developed Long Short Term Memory (LSTM) waypoint prediction approach to decrease the
CPP exploration time at each iteration and simultaneously achieve high coverage. The hybrid approach is the
new ML paradigm which fosters intelligence by balancing between data efficiency and generality allowing
the exchange of some CPP parts with a learned model. The HCPP uses a stateful LSTM network architecture
which is trained based on collected paths that cover different 3D structures to predict the next viewpoint.
This architecture captures the dynamic dependencies of adjacent viewpoints in the long term sequences like
the coverage paths. The HCPP switches between these methods triggered by either the number of iterations
or an entropy threshold. In the decentralized multi-robot system, the proposed HCPP is embedded in each
robot where each one of them shares its global 3D map ensuring robustness. The results performed in a
realistic Gazebo robotic simulator confirmed the advantage of the proposed HCPP approach by achieving
high coverage on different 3D unknown structures in a shorter time compared to conventional NBV.

INDEX TERMS Autonomous exploration, multi-robot, coverage planning, LSTM, path prediction, 3D

reconstruction.

I. INTRODUCTION

There has been an increase in the utilization of autonomous
robots in various data gathering applications in the past
decade. Most of these applications focus on obtaining a com-
plete 2D or 3D coverage maps of areas, terrains or structures
utilizing the well known process of Coverage Path Plan-
ning (CPP) [1]. These applications include area surveillance,
industrial inspection, cultural heritage sites digitization, and
forest fire monitoring [2]. CPP is the process of generating
an optimized path that provides complete coverage of the
structure or environment of interest, in order to gather highly
accurate information. Different CPP approaches have been
proposed in literature addressing various challenges depend-
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ing on the environment dimensionality, and the structure
complexity [2]. Most of these approaches utilizes single robot
or multi-robot systems for wide 2D areas coverage utilizing
classical approaches [3]. However, in many cases, generating
efficient coverage paths for different large unknown 3D envi-
ronments using a team of robots remains an open research
challenge.

Large and complex 3D structures consist of many shapes,
occluded regions and areas that are harder to cover using
an autonomous system. Moreover, many of these structures
don’t have prior 3D models that could be used as a baseline
for CPP, or these models are incomplete or inaccurate due
to various factors that include natural decay (as that found
in historical statues) or damage (similar to the damage found
in industrial structures). Conventional non-model based CPP
performs coverage of unknown structures by applying an
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iterative process of generating viewpoints, evaluating them
based on heuristics, then travelling to the selected one for
data gathering. This process is repeated until a termination
condition is met. Many conventional algorithms fail to cover
such structures, and provide poor performance in real time
(an essential requirement for practical deployments). Besides,
some of these approaches rely heavily on the geometric 3D
model information and algorithm design which lead to high
cost and increasing the required CPP steps. Therefore, gen-
erating energy efficient coverage path is essential for appli-
cations that require rapid response like fire fighting, since
many robotic systems have onboard energy limitations. Neu-
ral Networks (NN) and Recurrent Neural Network (RNN)
have been successfully adapted in many fields such as path
planning algorithms [4], [S] and various sequence processing
tasks like video captioning [6]. This success motivated the
utilization of similar Machine Learning (ML) and Atrtificial
Intelligence (AI) approaches to simplify and streamline the
CPP process [7], [8].

Most proposed approaches in the literature perform CPP
using multi-robot systems to cover 2D large unknown envi-
ronmental areas [3], [9] or perform model based CPP which
requires a reference model to plan the path offline [10]-[12].
Some of the proposed approaches utilize ML, such as Rein-
forcement learning (RL) [7]. RL is good at decision making
and performs well in robot control, exploration and CPP in
2D environments. However, it is still in preliminary stages in
CPP performed in 3D environments and it is mainly used to
perform local navigation or obstacle avoidance [13]. Other
work in the literature uses an approach for path prediction
using Long Short Term Memory (LSTM). It has been used
for various applications such as prediction of pedestrians’
trajectory [14], motion planning [15], and occupancy 2D map
prediction [16]. Most of the work utilizing LSTM predict
trajectories in 2D space because of the increased complexity
when extra dimensional data is considered [4], [16]. The
ML in different fields is shifting toward the new paradigm
of hybrid approaches which balances between conventional
and ML approaches [17], [18]. This allows trading off their
strengths and weaknesses by exploiting robotic specific infor-
mation encoded in conventional approaches and utilizing the
ML to learn the required task specifics. Hybridization has
several forms of combining the approaches as illustrated in
this example [19], [20] where autonomous mobile robots path
planning is handled by combining membrane computing, the
pseudo-bacterial genetic algorithm, and the artificial potential
field method.

In this paper, a new multi-robot Hybrid Coverage Path
Planning (HCPP) approach is proposed to explore large
unknown structures without a priori model. The proposed
hybrid approach uses both a Guided NBV with a devel-
oped LSTM network to predict next viewpoint. The hybrid
approach balances between data efficiency and generality by
allowing the exchange of some CPP parts with a learned
model that can be computed faster. This allows using the pre-
viously generated paths information by implicitly combining
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it with the ML to learn the model behavior and reduce the
analysis effort performed at each viewpoint. Therefore, the
main aim of the proposed work is to cover large unknown 3D
structures in short time and achieve high coverage. The pro-
posed HCPP develops the conventional Guided NBV in [21]
to use multi-robot systems sharing the global map, and com-
bines an LSTM prediction component. The HCPP switches
between the conventional viewpoint generation methods and
the LSTM prediction component based on a criteria that
involves a specific number of alternating iterations and an
entropy threshold. The path is generated using the Informa-
tion Gain (IG) of the Guided NBV and the LSTM prediction
method. Due to the lack of standard public datasets and the
effort required to generate a dataset of many 3D models’
paths, a dataset of coverage paths of four 3D structures is
generated using different conventional CPP approaches. This
dataset can be expandable by adding additional paths of other
3D structures to be generic for any structure shape. The
HCPP uses an Octomap volumetric map representation for
Information Gain quantification [22]. The main contributions
of this paper are:

o We introduced a non-classical LSTM based architecture
to predict next viewpoint in 3D environments using
sequenced generated paths by conventional approaches.

« We developed a novel hybrid methodology that switches
between the conventional Guided NBV and the LSTM
prediction network to decrease the exploration time and
simultaneously achieve high coverage of unknown 3D
structures.

« We presented a decentralized multi-robot system
approach to cover large unknown structures in order to
save time and divide the coverage load.

o We performed a set of simulation experiments in a real-
istic robust simulator engine using structures of different
sizes and shapes to illustrate the proposed approach
applicability and effectiveness.

An overview of the related work is presented in section II.
A description of our proposed multi-robot HCPP methodol-
ogy is presented in section III, followed by a detailed descrip-
tion of it’s main components including: the LSTM Network
in section IV, and Hybrid approach in section V. Section VI
describes the simulation setup and the experiments used to
validate the proposed methodology and the obtained results.
Finally, conclusions are drawn along with proposing potential
future enhancements in section VII.

Il. RELATED WORK

There has been a growing interest in developing multi-robot
systems to collaboratively achieve common objectives such
as surveillance, modeling, or monitoring. Multi-robot sys-
tems provide the advantage of distributed sensing and actua-
tion and increasing tolerance to platforms faults. Multi-robot
CPP is the process of computing a set of feasible paths
encapsulating a set of viewpoints through which the team
of robots must visit, each with its assigned path, in order to
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completely scan, explore or survey the structure or environ-
ment of interest. CPP is usually performed to autonomously
map and reconstruct models of the area/structure being cov-
ered. Depending on the application and the sensor suite, the
generated maps or models can hold various levels of informa-
tion relevant to the application, such as semantics [23], heat
maps, occupancy, or signals strength [1], [2].

The performance of a multi-robot CPP could be affected
by several main factors including: task allocation, view-
points generation, path generation, information sharing
(whether it is centralized, decentralized, or distributed),
model reconstruction or mapping approach, and reacting to
dynamic changes (collision avoidance). Majority of existing
approaches in literature attempt to: avoid collision inter-
nally between team of robots and externally with the struc-
ture or environment [24], reduce time needed to compute
and execute the CPP mission [25], and gather informa-
tion with sufficient resolution and fidelity for mapping and
reconstruction [26].

Some applications require achieving complete coverage
using the various CPP techniques such as agricultural sur-
veying, structure painting, lawn mowing, surveillance, geo-
spatial mapping, object reconstruction, and floor cleaning.
Generally in CPP, either the model is reconstructed in real
time utilizing the robot’s sensing capabilities (non-model
based) [23], [27], or a reference model is provided in advance
for the structure or the environment of interest (model-
based) [10], [28]. Extensive reviews of the various CPP
approaches in literature are presented in [2], [29] describing
their functionalities and applications.

For large areas and structures, utilizing multi-robot CPP
strategies could have great advantages in achieving full cov-
erage rapidly. It also provides enhancements in terms of time,
path length, robot energy, and quality and quantity of infor-
mation [29]. Multi-robot CPP approaches follow the same
approaches of single robot coverage but additional factors
and requirements have to be considered. These factors are:
autonomy level, cooperation type, robustness to failure, task
allocation, information sharing, and robot endurance.

Most of the presented CPP approaches in literature imple-
ment model-based viewpoints generation algorithms such
as [30], [31]. The majority of these papers are generating
grid maps consisting of 2D cells which are applied on 2D
environments. However, grid based representations have lim-
itations in handling partially occluded cells, or covering areas
close to the boundaries in continuous spaces. Authors of [30]
proposed a heuristic based approach that divides the coverage
load on a heterogeneous type of UAVs considering scan
time and UAV order. The regions coverage path is generated
using an exact formulation based on mixed integer linear
programming. Additionally, the work in [9] proposed an
algorithm that builds various cell sizes based on a hierarchical
quadtree structure creating a topological relations between
cells. The work presented in [10] proposed a multi-robot
coverage path planning approach which divides a 3D complex
structure using horizontal planes. Their approach identifies
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the branches of the model based on the architectural charac-
teristics of the structure, which are used in generating spiral
paths for each UAV.

Exploration and mapping of unknown environments using
multi-robot system is performed using non-model based CPP
methods. Similar to the model-based approach, the most com-
mon applications targeted in multi-robot based CPP focuses
on 2D environments. The work in [32] performed decen-
tralized exploration using UGV and UAV platforms where
each one of them updates their map and navigation on their
own then shares it with the other vehicle. It proposed a
two layered exploration approach including coarse explo-
ration layer performed by a UGV, and fine mapping layer
performed by UAVs in GPS denied environment. The work
in [33] presented a decentralized multi-robot system for the
purpose of full coverage of unknown convex/concave areas.
The robots coordinate to cover the unknown areas with the
neighboring robots within their communication range. The
work in [3] proposed a map decomposition method and spi-
ral CPP method using multi-cleaning robots to cover large
unknown 2D environments. Additionally, unknown 2D envi-
ronments are covered in [34], where the authors proposed
an information correlated Levy walk exploration algorithm.
This algorithm directs the robots to regions that maximize
the information gain and distributes swarm robots utilizing
an occupancy grid map. Another approach presented in [27]
to cover unknown 3D structures utilizing the surface informa-
tion and centralized multi-robot systems.

In addition to these conventional approaches, few CPP
methods have been recently proposed that utilize ML algo-
rithms such as Deep Reinforcement Learning (DRL). Some
of these DRL approaches are used in multi-robot systems’
navigation for obstacle avoidance [35], and generating poli-
cies to achieve common goals such as fire control [36],
tasks classification [37], building of a structure [38], and 2D
coverage control [39]. Other approaches utilize different DL
algorithms such as Convolution Neural Network (CNN) using
single robot systems to approximate shapes for environment
explorations [8].

Some of the work presented in literature relies on path
prediction by utilizing Long Short Term Memory (LSTM).
LSTM is a specific type of Recurrent Neural Network (RNN)
that consists of critical key component called memory cell,
leading the LSTM to solve many time-series data related
problems. This approach has been used recently for different
purposes such as paths prediction [40], motion planning [15],
and planning paths under changing environments [41]. The
work presented in [42] proposed LSTM-based agent strategy
that generates paths to allow each agent to patrol efficiently
without communication. The LSTM network is trained in
simulation with traces of a coordinated strategy in 2D simple
environment, then the trained network is embedded on each
agent. Another work in [16] predicts dynamic environment
presented as 2D occupancy grid map. This proposed work
used ConvLSTM to capture the spatio-temporal features in
grid maps in order to predict the next occupancy map status
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and the velocity. Similarly, the work in [4] uses CNN with
LSTM to extract the 2D environment features from the sensor
data to predict the proper velocity command.

Our survey of the literature revealed that there are some
open research problems that are still yet to be addressed.
These open problems involve: handling the complexity and
dimensionality of large structures, using multi-robot system
to perform CPP in 3D space, and using ML approaches in
CPP. Most of the literature discussed are performed in the
context of 2D area coverage using multi-robot systems or
used a model-based approach for 3D structures as illustrated
previously. In addition to this, CPP approaches utilizing ML
algorithms are still in preliminary stages in 3D environments
and most of them are using DRL approach with a focus on
obstacle avoidance and local navigation. Most of the survey
work utilizing LSTM is performed in 2D simple environ-
ments for map predictions or 2D path planning. In addition
to this, a new paradigm of approaches is used in ML field
which is hybrid approach that allows balancing the trade off
between the strengths and weaknesses of conventional and
ML approaches based on the given tasks [17], [18]. Therefore,
the main aim of our proposed work is to develop a non-model
based decentralized multi-robot Hybrid CPP (HCPP) that
combines both the conventional Guided NBV with a devel-
oped LSTM path prediction approach. This will facilitate the
coverage of large 3D unknown structures by decreasing the
computation time and achieving high coverage simultane-
ously. The hybrid approach fosters intelligence by exploiting
both the conventional and the LSTM approaches to cover
unknown 3D structures. It allows adaptive exchange of the
time consuming parts in CPP with a trained model. Further-
more, the decentralized multi-robot system allows sharing the
information globally and maintain a robust system in case of
any robot failure.

ill. METHODOLOGY

A decentralized multi-robot system is developed by apply-
ing the proposed HCPP approach to explore unknown 3D
structures using multiple robots in order to achieve maximum
coverage in short time. Each of the robots in the system
runs the same cycle of the proposed HCPP which combines
the guided NBV with a trained LSTM network in order to
transition between viewpoint. The HCPP follows the steps
of the Guided NBV but with an integrated LSTM based
next waypoint prediction component. The approach starts
by generating a rough model using the profiling process
described in [21] by following the structures bounding box.
Then an iterative step is applied where each robot performs
viewpoint sampling, evaluation and selection, followed by
viewpoint execution and mapping. This is repeated until the
termination condition is satisfied (number of iterations is our
case). Other termination conditions described in [21] can
be used but the focus here is on the maximum number of
iterations to compare the HCPP with the conventional CPP
work. The hybrid CPP switches between the conventional
way of viewpoint generation and selection, and the LSTM
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viewpoint prediction network based on a specific switching
condition. The switching condition is based on the sequence
length, the number of selected viewpoints and the Entropy
difference. Figure 1 shows the overall proposed methodology
with the shared information among the team of robots.

The proposed HCPP approach supports multi-robot sys-
tems by carefully addressing issues related to shared informa-
tion, discovery of other robots, obstacle avoidance, and map
update. The main information shared among our robots in the
proposed multi-robot system is the global 3D map encapsu-
lated in a volumetric map and represented by an octree [22].
Sharing the global 3D map and octree is essential since the
associated entropy and Information Gain (IG) calculation
related to viewpoint generation and selection is performed
based on the updated map and octree. It is also essential for
each robot in the team to avoid covering already visited areas
by other robots.

Another multi-robot aspect addressed by our proposed
approach is the discovery of other robots. In most devel-
oped systems in literature, centralized master mechanism
is adapted among the team of robots, making the system
susceptible to a single point of failure. Therefore, a distributed
system was adapted in our approach, where each robot acts as
a master of itself. A publisher/subscriber distributed system
paradigm provides an abstraction for the details of multicast-
ing and message sharing [43]. Additionally, it allows sharing
of information and data through messages of different types
published on topics. Each robot makes the other robot’s mas-
ters aware of its presence in the system by sending periodi-
cally multicast messages to the common network and inform-
ing other masters in this network of local network changes.
Each robot includes a set of registered remote services and
topics which are synchronized with the local network infor-
mation. In multi-robot systems, the published messages could
be tagged with a specific name to avoid conflicting messages
of different robots. The unique name of each robot is utilized
to detect other robots through the message stream in the
network. This process allows the deployment of an arbitrary
number of robots that can dynamically detect each other using
the name tags in the shared message streams.

In order to coordinate the HCPP exploration by multiple
robots, collisions have to be avoided and robots have to
be aware when their Field of View (FOV) is blocked by
their peers. Collision avoidance between the robots is per-
formed by sharing their planned path to the next viewpoint,
and checking the collision between this path and the other
planned paths of the other robots to their next viewpoints.
To avoid colliding with the other robot, the position and
point cloud data are utilized to circumnavigate around the
other robot [44]. Furthermore, when the FOV of the robot
is blocked by another robot, the robot has to update the
3D map properly applying occlusion checks. The occlusion
check prunes the pointcloud to be integrated in the octree and
the final global map if another robot exists in the FOV. This
is achieved by checking the positions of the other robots in
the team. The position information is shared also using topics
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FIGURE 1. The left part shows the team of robots and the type of information shared between the robots in the proposed decentralized system. The flow
chart on the right illustrates the hybrid approach embedded in the iterative CPP cycle.

similar to the global map and the planned path as illustrated
in Figure 1.

IV. LSTM NETWORK

Recurrent Neural Network (RNN) is a special type of Neural
Network (NN) that is designed for problems which consists of
sequenced data. RNN allows the network to learn the ordered
nature of observations of input sequences by adding a state
or memory within the recurrent connections. A sequences is
used as a new dimension to the function being approximated.
This allows the network to learn a mapping function for
the inputs over time to an output. Classical NN approaches
can deal with sequenced data but it is constrained with
certain limitations. It requires dividing the input sequence
into smaller overlapping subsequences, and the time steps
need to be considered as part of the input features to the
network. The classical approaches are considered stateless,
and unaware of the temporal order between observations.
RNN facilitates learning how relevant the observations are
to each other between previously seen sequences, harnessing
temporal dependence between observations [45].

There are different types of RNN customized according to
the intended application. In CPP, the generated coverage path
consists of a set of consecutive waypoints that the robot must
follow in order to achieve a certain coverage. Based on the
used structure of interest, the length of the paths varies and
consists of many timestamped waypoints. Therefore, LSTM
can be utilized to create a network that predicts the next
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waypoint based on a sequence of the previous consecutive
waypoints. LSTM is a special type of RNN that is able
to model accurately long complex multivariate timestamped
sequences. LSTM consists of recurrent gates, called forget
gates, which allows memory cells to keep data at specific
rate performing the functionality of reset. Figure 2 shows
a memory cell example that consists of a sigmoid and a
tanh activation functions and elements operations. Using for-
get gates and the input gates, LSTM prevents back propa-
gated errors from vanishing, thus facilitates learning tasks
that require memories for events that happened long time in
the past [45]. It also consists of recurrent connections with
unique formulations that allows using the state of the previous
cell’s activations from the previous time step in formulating
the output. A stateful LSTM approach is used in order to
generate the LSTM waypoint prediction network. Stateful
LSTM exploits the sequenced data in batches and allows the
transitioning of state to the next batch in order to learn the
interdependencies between data as illustrated in Figure 2.
This is different from the stateless LSTM which resets the
state after each batch. Stateless LSTM could represent the
stateful feature by choosing a large batch size to incorporate
the entire input patterns ordered sequentially.

In the proposed hybrid method, the decision-making pro-
cess is performed by means of an LSTM network which
outputs the next waypoint from a sequence of previously
visited waypoints and provided as input to the network. This
method could be considered as a reactive strategy that guides
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cell input include the input data x, the hidden cell output h, and the
internal cell state c. Stateful LSTM process is shown in the buttom
transitioning the hidden output and cell states to the next batches
instead of resetting them after each batch.

the robot through the areas to cover by taking implicitly into
account the robot’s positions and relative distance. In the
proposed method, the temporal series (sequence) represents
the successively visited waypoints by a robot. For a given sce-
nario, the LSTM network temporally learns the next waypoint
to visit w41 from a model strategy according to the previous
waypoints wy, wy_1, ..., ws—, organized in a sequence of
length n where w; is the waypoint position and orientation at
time ¢, and w; € (X, Y, Z, Yaw). Each path is divided into
a set of sequences of specific length n, and the output for
each sequence is defined based on the next waypoint for each
sequence in the path following sliding window approach.
The decision procedure of the model is defined as f in
equation (1), where n is the sequence length, T is the total
time. This equation pertains to the formal definition of an
LSTM network where each output depends upon the previous
outputs.

VieT, Wi—n) 6]

The output layer of the LSTM network is a dense layer
with fanh activation function. A tanh activation function is
used since it provides a stronger gradients than sigmoid func-
tion and the path prediction problem is of regression type.
Therefore, the LSTM network based CPP aims at learning a
probability distribution over paths by minimizing the Mean
Square Error (MSE) of a model given a set of N training
sequences (samples) of length n. A general overview of the
proposed network is shown in Figure 3 illustrating the flow
of information through the layers. This Stacked LSTM archi-
tecture is used since it showed the best performance among
several architectures with different number of layers that were
tested.

y=wi1 =fw, wiog ...

A. DATA PREPROCESSING

The data used in generating the network model requires
preparations before fitting the final model. Part of these
preparations include dividing the data into training data and
testing data in order to perform model evaluations. A set of
processes were considered as part of the preparations and
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FIGURE 3. Overview of the LSTM network. w; is the waypoint at time ¢
and yy is the output of the network at iteration k.

were applied on all the data including: normalization, data
reshaping, padding and sequence truncation. These type of
processes were also to be applied on new data prior to making
predictions [45].

Normalizing the data values is important to facilitate calcu-
lating the weights while training the model. For normalizing,
the data was updated to be between [0, 1], a method is used
which subtracts the minimum value in the feature and then
divides it by the difference between the original maximum
and original minimum of the feature. This method is known

s “Min Max Scaler” and it is used since it preserves the
shape of the original distribution. The Min and Max val-
ues must be saved in order to use them during predictions.
Before reshaping the data, the paths data is represented in a
vectorized form. Since the paths data have different lengths,
apadding is used to divide the paths into sequences of specific
length properly (window size). This facilitates dividing the
data and performing matrix calculation efficiently in patches
while training the network.

Some of the generated paths include waypoints that are
separated by long gaps of a big distance segments. These
gaps affect the learning step of the LSTM network and
hence the final path prediction. Therefore, a sampling step
is performed to discretize the path based on a specific finer
resolution (timestep) in order to add more uniform path data
sequences.

The training and testing data were divided and organized
since the LSTM model function requires three input argu-
ments including /(0), ¢(0), and the input data where # is the
hidden cell output and c is the internal cell state as illustrated
in 2. The training and testing data samples are constructed
of input and output pairs from the given paths’ waypoints.
This is performed using an overlapping sliding window of
width n representing the sequence length, in order to gener-
ate N windows (sequences) or samples. Another important
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[ Wes, Wea , Wes [Wigl, [ Wea, Wes, Weg [Wi7]
[Wes, Wee , Wiz [wig] )

¥

Groups of Sequences = sequence lengthn=3
(maintaining chronological order)

= [ Wer, Wep, Wes [Wial, [ Wea, Wes, Weg [Wi7]
= [ Wi, Wes, Weg [Wis], [ Wes, Wee , Wer |Wis]
= [ We3, Weg , Wes |”"f:/=]

FIGURE 4. Training data preparation example performed on one path
with 8 waypoints.

requirement in the preparation is reshaping the data into the
3D format of the samples, time steps, and features as required
by LSTM layers. An additional step performed while training
is organizing the training data samples into groups where each
group maintains the chronological order of the waypoints
in each path. An example of the training data preparation
process is shown in Figure 4. Each of these groups are going
to be used in the LSTM network training as separate training
set as explained in the next subsection IV-B.

B. LSTM NETWORK TRAINING

The process of the stateful LSTM training exploits the net-
work memory by feeding the output states, hidden cell out-
puts and the cell internal states from one pair of [input|output]
as the next input state. During training, the states are set to
zeros at the start of each group. However, the states of the
internal ordered elements of each group fed to the training
process are not set to zero. As illustrated in Figure 4, the
elements of each group are ordered such that inputs follow
the time series ordering. Therefore, the training of each group
is independent from the other groups, this allows shuffling
of the groups. Since the groups have different cardinalities,
a batch size of 1 is used to train the data. The example
in Figure 4 include three groups, the first two consist of
2 sequences, and the third consists of 1 sequence. the network
states are reset manually after the training of the first group
instead of the default reset after each batch. The selected loss
function for the LSTM training is Mean Squared Error (MSE)
while the selected optimizer is with an Adaptive moment
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estimation (ADAM) optimizer. The proposed LSTM Net-
work model architecture shown in Figure 3 is used in the
training consisting of the input layer that takes a sequence of
20 consecutive waypoints, then 4 hidden layers with 100 units
including 3 LSTM layers and 1 Dense layer, and finally the
output Dense layer with 1 waypoint (next waypoint) and tanh
activation function. This LSTM network architecture is used
after an exhaustive search through different network archi-
tectures of different numbers and types of layers, activation
functions and memory cells. The LSTM network is trained
using a set of training data where a percentage of this data
of 20% is used for validation during the training process.
Another separate set of testing data consisting unseen cover-
age paths is prepared for testing the generality of the trained
network. Algorithm 1 shows the main steps of the stateful
LSTM training performed using the sequences of the paths’
waypoints.

Algorithm 1 Stateful LSTM Network Training for Next
Waypoint Prediction

Input : paths P, sequence length n, model M, number
of epochs E

Output: Trained LSTM network M

1 Load the paths data P of different structures

2 Normalized paths Py < using MinMaxScaler

3 Training set A and Testing set T <— Generate
Sequences(n, D)

4 while epoch < E do

5 foreach p in Py do
6 Groups G < generate groups of path p
sequences

7 foreach g in G do

8 Train M using group g data

9 Store loss /
10 reset states of M

11 end

12 end

13 end

—

4 Evaluate and Test M using test set T

C. INDEX OF PERFORMANCE

The final trained LSTM network is evaluated using the testing
data. The evaluation is performed by quantifying the MSE.
Another type of evaluation is the percent Mean Relative
Error (MRE) which aims at showing the effect of the mean
error relative to the total distance for each feature. It is com-
puted by calculating the Mean Error (ME) of each feature as
in equation (2) Then, the percent mean relative error of each
feature is computed as in equation (3), where the mean error
and the total distance are computed for the selected feature.

N 9
N is the number of samples,

ME = 2)
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p(i) is prediction of sample i,

r(i) is the real sample i

Mean Error
MRE% = ——— x 100 3)
Total Distance

V. THE HYBRID APPROACH

The HCPP makes use of two approaches, the conventional
NBV and the LSTM waypoints prediction approach. The
HCPP switches between both approaches during the iterative
step of exploration. The HCPP combines the performances
of these approaches and picks the best approach based on
a switching paradigm. Therefore, HCPP makes use of the
viewpoints scene information, density and distance in the
conventional approach and simultaneously use the previous
viewpoints selections to predict the next one. This simplifies
the viewpoints generation and selection steps at some itera-
tions which improves the computational time and simultane-
ously achieving a high coverage.

The HCPP utilizes a 3D occupancy grid map divided
into voxels that stores continuous values to determine voxel
likelihoods. This grid facilitates the viewpoints generation
and evaluation process using the conventional approaches
including the Frontier based viewpoints generation approach
or adaptive nearest neighbor approach described in [21]. The
IG is quantified based on the evaluation of entropy which
represents the amount of remaining information in the scene.
Entropy E; of Voxel i is computed using equation (4) where
P; is the occupancy probability.

E; = (Pp)log(Pi) + (1 — Py)log(l — Py “

IG computation is essential for both the conventional view-
points evaluation and the switching mechanism to the hybrid
approach. The entropy computation is performed iteratively
after getting the scans at the selected or predicted viewpoints
utilizing the volumetric 3D map.

The hybrid mechanism alternately performs switching
based on a fixed iterations number selected to be equal to
the LSTM sequence length (window size). The additional
combined condition includes entropy difference threshold.
This allows switching to the other approach if the entropy is
not decreasing enough (potential local minima).

When large fixed alternate switching number, bigger than
the sequence length, is selected, then the generated path is no
longer optimal. This is due to the accumulated predictions’
errors introduced in the LSTM incremental prediction pro-
cess. Therefore, the suitable fixed alternate switching num-
ber is selected to be the same as the sequence length. For
example, if the LSTM network sequence length is 10, then
every 10 iterations a switch between the two approaches is
evaluated. During the 10 iterations of the selected approach,
the entropy difference condition is checked and if it falls
below the specified threshold, then a switch to the other
approach also is applied.

Having short computation time, and good scaling proper-
ties is crucial since the HCPP planner should run onboard
each robot in the multi-robot system. several aspects affects
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the computational complexity in the case of the HCPP, includ-
ing the scenario dependent parameters such as the octree
map resolution, the volumetric map, and the selected sen-
sors range. Also, the complexity is affected by the number
of next viewpoints predictions, and using the conventional
viewpoints generation and evaluation approach.

VI. EXPERIMENTS AND RESULTS

In order to validate the proposed multi-robot HCPP, several
experiments were conducted to test each part of the sys-
tem. These tests include the LSTM training network, offline
LSTM network testing, and the multi-robot hybrid approach
online testing. Figure 5 shows the stages of building a dataset,
training the LSTM network, testing it, and finally embedding
the network in the HCPP approach for online simulation tests.
The LSTM network testing is going to be performed offline
using the testing data, and online by deploying the trained
LSTM network model in the multi-robot HCPP approach.

For the multi-robot HCPP simulation tests, two structures
were selected to validate our approach and compare between
conventional and HCPP approaches. These structures are an
aircraft structure and a large statue structure. The simulation
experiments were Software In The Loop (SITL) [46] exper-
iments performed in Gazebo, a realistic simulation engine,
using UAV robotic system with a set of sensors. The sensors
suit includes two RGBD sensors and one laser scanner. The
RGBD sensors provide a range of 0.3m — 8m with a FOV
of [60H , 45V ], where each one is mounted at 20° and —20°
around y axis respectively. The laser scanner is mounted at
10°, with a range of 0.1m — 30m providing a FOV of
180°. In the multi-robot system, a set of homogeneous type
of robots is used with the same architecture. The approach
is salable and allows using different number of robots. The
robots are released at the same time, each robot starting from
a different location. The simulation experiments were also
designed to allow the usage of any robotic system with the
same sensors suite. The coverage quantification is performed
similar to the approach described in [21] where two 3D
occupancy grid maps of specific resolution were constructed
and compared. These two maps corresponds to the real 3D
mesh and the final covered point cloud constructed by the
proposed approach.

The experiments were repeated several times with the
same setup to tune and select the suitable entropy thresholds
and parameters based on the workspace size. The proposed
approach was compared to other conventional NBV view-
points evaluation approaches described in [21], [47], [48]
where [21] includes weighted utility evaluating (IG, distance,
density and symmetries), [47] includes a weighted IG utility
evaluating distance, and [48] includes the classical IG utility.
The comparisons were performed in terms of the coverage
percentage using different map resolutions, the overall explo-
ration time and time reduction percentage. The overall explo-
ration mission time is the duration over all the exploration
iterations, while the exploration time reduction percentage
is the ratio of the time difference between the HCPP and
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FIGURE 5. Overview of the multi-robot HCPP experimentation steps
which consists of four stages including: collecting the paths generated
using conventional approaches, training the LSTM network, testing the
trained LSTM model using the testing data, and performing online
simulation experimentation using UAV platform and the HCPP with the
trained network.

FIGURE 6. Coverage path example generated using conventional
approaches on four models. These paths were part of the dataset used in
training the LSTM network. The path is shown in green, waypoints in
green circles and their corresponding sensor viewpoints in red arrows.

the conventional NBV process over the time consumed by
conventional NBV as shown in equation (5).

TGui - T
Time Reduction% = GuidedNBV Hcrp x 100 (5)

TGuidedNBY

A. DATASET DESCRIPTION

The LSTM network is trained and tested using a dataset that
had to be generated due to the lack of standard public datasets.
Four 3D structures were selected in order to build a dataset
of paths including an aircraft, a power plant, a statue, and
a bridge structure. The paths for these four structures were
generated using other conventional approaches that utilizes
two RGBD sensors. Some of these paths are shown in Fig-
ure 6. The paths were also further sampled using a discretiza-
tion resolution of 0.5m. The collected dataset is divided into
sequences of specific length of n = 20 following the data
preparation process. The set of data sequences was split into a
training data and testing data specifying a percentage of 30%.
The training and testing data were described as sequences
in the following format (samples (training + validation =
343931), timesteps (sequence length = 20), features = 4).
As described, 20% of the training data is allocated as valida-
tion data which is used during the network training.
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TABLE 1. Percent mean relative error evaluations for (x, y, z) features.

Percentage Mean

feature Mean Error Total distance (m) Relative Error%
T 0.075 569.30 0.013
y 0.170 2177.5 0.008
z 0.057 1162.4 0.005

+ Predicted value
—— Real value

Data Tuple

(a)

+ Predicted value
—— Real value

Data Tuple

(d)

i + Predicted value
—— Real value

100 200 300 400 500
Data Tuple

(©)

Data Tuple

()]

FIGURE 7. The prediction results of the testing data (shown in blue)
compared to the real testing data (shown in green) for each feature
plotted in separate plots including: x in (a), y in (b), z in (c), and yaw
in (d).

The structures that were used in the simulation online test-
ing are similar to the ones used in the dataset but with different
sizes. The aircraft structure size in the simulation is reduced
and the size of the statue structure is increased. This is done
in order to test the generalization of the multi-robot HCPP
approach in terms of size. It also shows the applicability of
the approach in applications like inspection of structures that
belong to the same shape categories but with different struc-
ture sizes. Furthermore, this approach could generalize to
cultural heritage inspection where there are statues of similar
shapes with different sizes. This dataset can be extended to
include additional paths of other 3D structures to be generic
of other sizes.

2045



IEEE Access

R. Almadhoun et al.: Multi-Robot Hybrid Coverage Path Planning for 3D Reconstruction of Large Structures

(a) Single robot NBV [21]

(d) Single robot HCPP

(e) Two robots HCPP

(c) Three robots Guided NBV [21]

(f) Three robots HCPP

FIGURE 8. The path followed by the UAVs in simulation around the statue model using conventional NBV (a),(b),
and (c), and HCPP (d),(e), and (f) with different number of robots. Single UAV results are shown in (a) (d), two
UAVs in (b) (e), and three UAVs in (c) (f). Each UAV's path is colored differently: UAV 1 (blue), UAV 2 (green), UAV 3

(pink). The coverage is illustrated in red.

B. LSTM TRAINING AND EVALUATION

In order to train the LSTM network, the previously shown
architecture in Figure 3 was implemented using deep learn-
ing library called keras [49] with a tensorflow backend and
using the hyperparamters described in section IV-B. Using
the dataset that was collected, split into training and testing
data and preprocessed, the network training was performed
applying 1000 epochs. A Mean Squared Error (MSE) was
used as the loss measure with an Adaptive moment estima-
tion (ADAM) optimizer.

The path prediction ability of the trained network was
investigated by predicting the path of unseen data which is
the testing data. The main aim of the path prediction offline
testing is to evaluate the performance of the LSTM network
training as compared to the real outputs of each sequence
with the predictions. The predicted data was smoothed using
Savitzky—Golay filter [50] in order to increase its precision
without distorting it. This filter performs fitting for subsets of
adjacent data using low degree polynomial by the method of
linear least squares. All the results achieved of the entire test-
ing data were plotted for each feature (x, y, z, yaw) and com-
pared with the real data as shown in the plots in Figure 7. The
final trained LSTM network was evaluated using the training
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and testing data. Further evaluation was performed by quan-
tifying the MSE which is found to be 0.0025 for the training
data and 0.0080 for the testing data. The computed MRE of
each feature of the testing data is also shown in Table 1. The
mean error in yaw is computed to be 0.00524°, 0.0001rad
per full rotation. This is computed using R:)ﬁfg;i@ﬂ where
MEy,,, is the mean error of all the orientation predictions, and
Rotations is the number of rotations that exists in the paths’
data computed by summing the angular displacement of all
the paths’ viewpoints divided by 2.

C. SIMULATION RESULTS EVALUATION

1) STATUE STRUCTURE

The HCPP was tested in realistic simulation environment
where a 3D reconstructed model of a statue structure (10m x
Tm x 25m) was generated. The bounding box of the 3D
structure was explored using the multi-robot HCPP approach
resulting in a dense point cloud 3D map generated using the
collected data at the selected viewpoints in simulation. The
dense 3D map could be enhanced further by utilizing the col-
lected data to generate textured 3D map using the approaches
described in [27]. The experiments were repeated several
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TABLE 2. The statue structure simulation results using different number of robots. The coverage of different voxel map resolutions illustrates the overall

shape coverage and the fine details coverage with the exploration time reduction percent.

3D Structure Number of NBYV Viewpoints Coverage % | Coverage % | Coverage % | Overall Time | Exploration Time
Robots Evaluation Approach (res = 0.05) (res=0.1) (res=0.5) (s) Reduction %
[21] 98.3% 99.3% 99.9% 39065 35.4%
1 [47] 97.3% 98.9% 99.1% 4180s 39.7%
[48] 96.9% 98.7% 99.0% 3822s 34.0%
Proposed HCPP 98.0% 99.2% 99.8% 2522s
Statue [21] 98.7% 99.5% 99.8% 2188s 44.5%
size: 10m X Tm x 25m 2 [47] 98.2% 99.2% 99.6% 2305s 47.4%
mesh faces: 126446 [48] 97.5% 98.5% 99.1% 2102s 42.3%
mesh vertices: 63225 Proposed HCPP 98.3% 99.5% 99.8% 1213s
[21] 98.7% 99.5% 99.9% 15965 50.9%
3 [47] 98.7% 99.3% 99.7% 1522s 48.6%
[48] 98.6% 99.5% 99.7% 1545s 49.3%
Proposed HCPP 98.6% 99.6% 99.9% 783s

TABLE 3. The aircraft structure simulation results using different number of robots. The coverage of different voxel map resolutions illustrates the overall
shape coverage and the fine details coverage with the time reduction percent.

3D Structure Number of NBYV Viewpoints Coverage % | Coverage % | Coverage % | Overall Time | Exploration Time
Robots Evaluation Approach (res = 0.05) (res=0.1) (res = 0.5) (s) Reduction %
[21] 96.6% 98.1% 99.7% 9153s 47.2%
1 [47] 95.7% 97.8% 99.3% 9549s 49.4%
[48] 93.1% 97.0% 99.0% 9201s 47.5%
Proposed HCPP 95.9% 98.0% 99.6% 4832s
Aircraft [21] 95.9% 97.9% 99.5% 6192s 40.6%
size: 25m X 20m x 10m 2 [47] 95.2% 97.5% 99.1% 63065 41.6%
mesh faces: 17899 [48] 94.4% 97.2% 98.9% 62365 40.9%
mesh vertices: 31952 Proposed HCPP 95.5% 98.3% 99.8% 3681s
[21] 96.9% 98.5% 99.8% 5089s 43.3%
3 [47] 96.5% 98.2% 99.7% 5176s 44.2%
[48] 95.9% 98.4% 99.3% 5153s 44.0%
Proposed HCPP 96.6% 98.7% 99.9% 2885s

20 40 60 80 100 120 140 160

20 40 60 80 100 120 140 160
Iterations

FIGURE 9. The plot showing the time consumed per iteration and the
Entropy drop. The iteration time includes the computation and execution
time of the viewpoint. The highlighted iterations shows the hybrid
approach switching to the LSTM network next waypoint prediction.

times using single and homogeneous multi-robot system of
two and three UAVs.

Therefore, for the different approaches, the number of iter-
ations was selected to be 300 for the single robot tests, 150 for
the two robots tests, and 100 for the three robots tests. Figure 8
presents the achieved coverage and the path generated to
cover the statue structure using single, two and three UAV
robotic systems. Table 2 illustrates the results obtained by
our proposed approach compared to the other conventional
approaches in terms of coverage, overall exploration time
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and time reduction percentage. The coverage percentage is
presented in the table using different voxel sizes (resolutions),
where each size either describes the overall shape coverage
(resolutions = 0.5m) or the details coverage (resolutions =
0.05m or 0.1m).

As shown in the Figure 8, the HCPP managed to achieve
high coverage of all the main parts of the statue from all
the sides in a shorter overall time than the conventional
approach in [21]. Table 2 shows the improvement achieved
by the proposed HCPP in terms of time in all the experi-
ments performed using the different number of robots and
approaches while maintaining high coverage percentage cap-
turing the details and the overall shape coverage with an
average exploration reduction time (of all the experiments) of
43.6% for the statue structure. In the worst case scenario, the
average achieved coverage percentages with a single robot
using the conventional approach in [21] and the proposed
approach are 99.1% and 99.0% respectively, which shows
the slight difference between them compared to the high
time reduction. The time reduction improvement reflects the
advantage of the switching mechanism in the HCPP where it
simplified the coverage exploration steps at some iterations as
shown in Figure 9. The plot highlights the iterations where the
LSTM predictions were used and it shows the drop in time per
iteration (computation and execution time) and the entropy
reduction at these iterations. Additionally, it demonstrates
that the LSTM network learned the non-linearities and the
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(a) Single robot NBV [21]

(b) Two robots Guided NBV [21]

(c) Three robots Guided NBV [21]

(d) Single robot HCPP

(e) Two robots HCPP

(f) Three robots HCPP

FIGURE 10. The path followed by the UAVs in simulation around the aircraft model using conventional NBV (a),(b), and (c), and HCPP (d),(e), and
(f) with different number of robots. Single UAV results are shown in (a) (d), two UAVs in (b) (e), and three UAVs in (c) (f). Each UAV's path is colored
differently: UAV 1 (blue), UAV 2 (green), UAV 3 (pink). The coverage is illustrated in red.

correlations between the waypoints of the dataset paths to
cope with the increased size of the statue structure in the
online simulation experiment.

2) AIRCRAFT STRUCTURE

Similarly, the HCPP was also tested using an aircraft structure
which has a different size (25m x 20m x 10m) than the one in
the training dataset. A dense 3D point cloud is generated by
exploring the bounding box of the aircraft structure in the sim-
ulation using multi-robot HCPP. The same set of experiments
were performed using single, two robots and three robots,
and repeated using the conventional approach using same
number of iterations. The number of iterations was selected
to be 600 for the single robot tests, 300 for the two robots
tests, and 200 for the three robots tests. Figure 10 presents the
achieved coverage and the path generated to cover the aircraft
model using single, two and three robotic systems for dif-
ferent conventional approaches and HCPP approach. Table 3
illustrates the results obtained by our proposed method and
the conventional approaches in terms of coverage, and overall
exploration time. The coverage evaluation was performed
similarly using different resolutions.

The proposed multi-robot HCPP managed to achieve high
coverage of all the main parts of the aircraft in a shorter
overall time than the conventional approaches as illustrated
in Figure 10 for the approach in [21]. Table 3 shows the
improvement achieved in terms of time in all the experiments
performed using the different number of robots while main-
taining high coverage percentage using the different voxel
resolutions. The multi-robot HCPP approach facilitated cov-
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ering the main parts of the aircraft which consists of dif-
ferent complex shapes in shorter time with an average time
reduction of 44.3%. This is achieved using the proposed
multi-robot HCPP. Similarly, the average achieved coverage
percentages with a single robot using for example the conven-
tional approach in [21] and the proposed approach are 98.1%
and 97.9% respectively, which shows the slight difference
between them compared to the achieved high time reduction
compared to the different conventional approaches.

VIl. CONCLUSION

In this paper, a multi-robot hybrid CPP approach is proposed
which makes use of two approaches, Guided NBV and LSTM
network for unknown structures coverage. The main aim
of the proposed work is to achieve high coverage of large
unknown 3D structures by generating energy efficient cov-
erage paths. Due to the onboard energy limitation of robotic
systems, generating energy efficient coverage path is signif-
icant for applications that require rapid response like fire
fighting and search and rescue. The HCPP involves a switch-
ing paradigm that switches between the approaches based
on an entropy threshold and a fixed alternating number of
iterations selected to be equal to the sequence length in order
to avoid incremental predictions errors. The LSTM network
was trained using a built dataset of previously generated paths
that cover different 3D structures which can be expanded
with additional paths to be generic for any structure shape.
The proposed multi-robot system is decentralized where the
HCPP is embedded in each robot and sharing the global 3d
map to avoid single point of failure issue. This approach
allows generating coverage paths faster than conventional
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approaches and generalizes to different structures of similar
shapes.

Simulation experimental results using Software In The
Loop (SITL) Gazebo robotic simulator engine demonstrated
that our approach outperforms the conventional approach
improving the overall exploration time and the time per
iteration. The average achieved coverage percentages of the
proposed and the conventional approaches are comparable
with a very slight difference compared to the high achieved
time reduction by HCPP. These improvements are shown in
the coverage of large structures of different sizes and shapes
including aircraft and statue structures. The hybrid approach
fostered the intelligence and versatility of combining the
conventional approach with the ML approach utilizing the
advantages of both.

As a future work, the LSTM network could be enhanced
by integrating CNN to add more features to the learning
process and hence improving the predictions. Also, a com-
pletely LSTM based CPP could be developed to predict the
entire path with additional features. Furthermore, handling
online multi-robot planning for unknown structures is chal-
lenging and could be enhanced by using spatial temporal
ML approach that considers the number of robots, and their
distribution and energy. Also, task allocation could be imple-
mented to distribute the robots robustly and intelligently to
cover the environment. This is essential for industrial appli-
cations that include large structures or areas.
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