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Abstract

Autonomous mobile robots employed in industrial applications often operate
in complex and uncertain environments. In this paper we propose an approach
based on an extension of Partially Observable Monte Carlo Planning (POMCP)
for robot velocity regulation in industrial-like environments characterized by un-
certain motion difficulties. The velocity selected by POMCP is used by a standard
engine controller which deals with path planning. This two-layer approach allows
POMCP to exploit prior knowledge on the relationships between task similarities
to improve performance in terms of time spent to traverse a path with obstacles.
We also propose three measures to support human-understanding of the strategy
used by POMCP to improve the performance. The overall architecture is tested
on a Turtlebot3 in two environments, a rectangular path and a realistic production
line in a research lab. Tests performed on a C++4 simulator confirm the capability
of the proposed approach to profitably use prior knowledge, achieving a perfor-
mance improvement from 0.7% to 3.1% depending on the complexity of the path.
Experiments on a Unity simulator show that the proposed two-layer approach
outperforms also single-layer approaches based only on the engine controller (i.e.,
without the POMCP layer). In this case the performance improvement is up to
37% comparing to a state-of-the-art deep reinforcement learning engine controller,
and up to 51% comparing to the standard ROS engine controller. Finally, experi-
ments in a real-world testing arena confirm the possibility to run the approach on
real robots.

Keywords: Planning under uncertainty, POMDP, POMCP, Mobile robot
planning, Industry 4.0, Explainable planning
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1. Introduction

Planning under uncertainty is a key task for long-term robot auton-
omy. Despite recent advances of intelligent robotic systems in several con-
texts, such as, industrial robots, service robots, patrolling, search and res-
cue (Farinelli et all 2017; Parker et al., 2016; Bevacqua et al., |2015; |Orlan-
dini et al., 2013} Basilico et al., 2012)), the results of recent robot challenges
(Krotkov et al., 2017; (Correll et al., 2018]) show that improvements are still
needed to achieve a reliable management of uncertainty in unstructured en-
vironments. The risk introduced by uncertainty in these contexts can, in
fact, make traditional planning methods impractical (Lanighan and Grupen,
2019). Novel approaches are needed to overcome these issues enabling robots
to make effective decisions while managing risk (Wang et al., 2018; |[Laroche
et al., [2019; Simao and Spaan, |2019).

In several application domains robots are required to execute series of
tasks having similar properties. A typical example in Industry 4.0 concerns
mobile robots involved in warehouse pick-and-place operations (Caccavale
and Finzi, 2019)). They traverse aisles possibly populated by people, other
robots and obstacles with the goal of moving objects from one place of the
warehouse to another. Tasks are represented by movements across aisles
and a task property of interest is the traffic level in each aisle, that char-
acterizes the difficulty of the aisle and of the entire path traversed by the
robot, which affects the movement capability of the robot. Interestingly,
some aisles have similar physical properties that make their difficulties also
similar to each other. Another example is represented by flying drones in-
volved in autonomous package delivery (Grippa et al., 2019). Their goal is to
deliver as many packages as possible in the shortest possible time and using a
fixed amount of energy due to battery limitations (Chen et al., 2019). Tasks
in this context are movements through flight sections and a task property is
the energy requirement of each flight section, which could depend on wind
direction, presence of buildings and other features. Also in this case, simi-
larities between pairs of flight sections can be identified, which characterize
the similarities between the energy demand of these flight sections. Simi-
lar applications concern exploration and surveillance using unmanned aerial
vehicles (UAV), where control strategies based on model predictive control
(Altan and Hacolu, 2020), metaheuristic optimization (Altan and Hacolu,
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2020)) and other approaches (e.g., neural networks) have been integrated in
the flight control for path planning. We instead focus on the integration of a
probabilistic planner based on Markov decision processes. Another domain
concerns aquatic drones involved in water monitoring, that traverse path seg-
ments with properties depending on water flow and waves (Castellini et al.|
2020al).

The similarity structure of tasks involved in robot planning can provide
useful information for improving planning performance. However, in the
majority of cases this structure is only partially known in advance. In the
warehouse pick-and-place application domain, for instance, it is typical to
know in advance that two aisles have similar degree of difficulty (due to their
position in the warehouse and physical properties) but this information could
be available only for a subset of aisles or it could be uncertain, namely, only a
probability that two aisles have the same degree of difficulty could be known.

In this paper we investigate the impact of prior knowledge about task sim-
ilarity structure on planning performance of real mobile robotic platforms.
We focus, in particular, on a problem concerning velocity regulation of a
mobile robot following a pre-specified path in an environment with uncer-
tain obstacle densities. The robot has to reach the end of the path in the
shortest possible time and to avoid collisions with obstacles in the path to
guarantee safety. This problem is used to show that the proposed approach
can be applied to real robotic platforms. Similar problems were proposed in
the literature to test planning methods in mobile robots (Yang et al., 2014).
Real-world applications of this case study concern, for instance, safety man-
agement in Industry 4.0.

In our case study the path that has to be traveled is divided into seg-
ments and subsegments, and every segment is characterized by a difficulty
that depends on the density of obstacles in the segment. A time penalty is
imposed to the robot each time it collides. The real difficulty of segments
is unknown to the robot in advance, and the robot has to reach the end
of the path as quickly as possible, hence it should move slowly in difficult
segments to avoid collisions, and fast in simple segments to minimize the
traveling time. Since it is known in advance that some pairs of segments
can (probabilistically) have the same difficulty (e.g., because they have simi-
lar properties), the information about (unknown) segment difficulties can be
collected as the robot moves and then propagated to subsequent segments
to improve planning performance. The problem has therefore a sequential
structure, in which difficulties of previously traveled segments are used to
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infer the difficulty of subsequent segments known to have similar difficulty.

We use Partially Observable Markov Decision Processes (POMDP) (Rus-
sell and Norvig, 2003; |Kaelbling et al.. [1998) to formalize the problem. This
framework allows to model dynamical processes in uncertain environments
and to synthesize optimal policies in this context. To overcome scalability is-
sues (Papadimitriou and Tsitsiklis, [1987)), we use Partially Observable Monte
Carlo Planning (POMCP) (Silver and Veness|, 2010) as a solver. It is an ap-
proximate online algorithm (Ross et al., 2008) able to synthesize the planning
policy step-by-step and without representing the overall state space. Then,
we consider the POMCP extension proposed in (Castellini et al., 2019) to
introduce and exploit prior knowledge about relationships between segment
difficulties. In particular, we represent these relationships by probabilistic
state-variable constraints using Markov Random Fields (MRFs). This prior
knowledge yields a performance improvement in terms of expected return
that we show to be related to the improvement of two external measures,
namely, the distance between the real state and the belief, and the mu-
tual information between segment difficulty and action taken in the segment.
These two measures are defined and analyzed across the paper together with
other informative measures that support the interpretability of the approach
and the related results (Anjomshoae et al., [2019; Langley et al., [2017; Zhang
et al., [2017). The novel contribution we propose in this work is the integra-
tion of the POMCP-based planner presented in (Castellini et al., [2019)) into
a real robotic task. This is not trivial and requires a specific formalization
of the problem. We provide a two-layer control architecture in which the
upper layer uses an extension of Partially Observable Monte Carlo Planning
(POMCP) for regulating the velocity of a mobile robot, and the lower layer
uses a standard engine controller for dealing with path planning. The inte-
gration of the two layers, with POMCP set on top of the engine controller and
used to control high-level aspects of robot motion, is also not trivial. The
proposed architecture allows to i) devise a probabilistically optimal strat-
egy based on POMDPs for regulating the robot velocity, i) integrate prior
knowledge about the environment, 74i) improve the efficiency of standard en-
gine controllers for path planning, e.g., we present results using a Deep RL
controller in the lower level of the architecture but a standard ROS controller
can also be used. The interaction between the two controllers is explained in
the following and the overall software/hardware architecture described. The
results on simulated and a real Turtlebot are fully documented and compar-
isons with state-of-the-art control approaches are performed.

4
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The proposed methodology is evaluated in four ways. First, we compute
a statistical analysis of performance considering a large number of instances
of our problem having different configurations of segment difficulties. This
analysis is performed on two environments, namely, a rectangular path and
a path that reproduces a real industrial environment. Experiments are per-
formed using the standard C++ simulator provided by the POMCP soft-
ward] Such simulator does not consider the physical properties of the en-
vironment (e.g., frictions, etc.). Transition and observation models of the
POMDP are learned from tests performed on Unity (Juliani et al., [2018]), a
simulation tool increasingly used in recent robotics works (Marchesini and
Farinelli, 2020a; Yoon et al., [2018), since it represents a viable and faster
alternative to other simulation tools such as Gazebdl The native simula-
tion time speed-up introduced by Unity (up to x100 times) enables quick
data collection. Our experiments show that the planning approach based on
prior knowledge (Castellini et al., 2019) outperforms the standard POMCP
approach (Silver and Veness| [2010). The improvement is small (i.e., 0.7%) in
the simple rectangular path and larger (i.e., 3.1%) in the more complex ICE
path. Second, we perform tests on Unity simulators of the rectangular and in-
dustrial environments using a TurtleBotS’rﬂ as an agent. In these experiments
the simulator considers the physical properties of the environment. We use a
state-of-the-art engine controller (Marchesini and Farinelli, 2020b)) for path
planning and collision avoidance in single subsegments, a localization algo-
rithm for improving robot localization, inter-process communication between
planner and robot, and other tools explained in the next sections. These tests
show that our approach has good performance in physics-grounded simula-
tions (OpenAl et al [2018) of real-world environments. Third, we actually
deploy our method in a real-world testing arena reproducing the rectangular
path environment and using a real TurtleBot3 as an agent. As expected, tests
(displayed in an attached video) are faithful reproductions of the evaluations
performed on Unity simulators. They therefore confirm the results obtained
in simulations and the possibility to apply the two-layer planning approach
to real-world robotic platforms. As a fourth experimental test, we provide a
comparative analysis of performance between the proposed methodology (us-

Thttp://www0.cs.ucl.ac.uk /staff/D.Silver /web/Applications.html
2http://gazebosim.org/
3https://www.turtlebot.com/
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ing POMCP for velocity regulation and a deep reinforcement learning - DRL
- engine controller for path planning) and state-of-the-art engine controllers
(without the POMCP layer). This analysis confirms that the proposed ap-
proach achieves a performance improvement up to 37% comparing to the
DRL engine controller. The performance improvement reaches even 51% if
the standard ROSﬁ engine controller is used. In summary, analyzing advan-
tages and disadvantages of the proposed approach we observe that it has
an increased complexity than standard controllers, because it introduces a
new POMCP-based layer for velocity regulation, but it also achieves higher
planning performance exploiting prior knowledge about task relationships.

The main contributions of this paper to the state-of-the-art can be then
summarized in the following four points:

e we formalize a problem of mobile robot velocity regulation in industrial-
like environments, considering uncertain motion difficulties (e.g., due
to clutterness or presence of moving obstacles) and prior knowledge
about similarities in segment difficulties;

e we propose a two-layer approach in which an extended version of POMCP
regulates the robot velocity considering prior knowledge about segment
similarities, and a standard engine controller performs path planning
and operates the robot considering the velocity selected by POMCP;

e we deploy the methodology on a real Turtlebot and on a Unity sim-
ulator of the Turtlebot, showing that it outperforms state-of-the-art

controllers when prior knowledge about segment similarity is consid-
ered by POMCP;

e we introduce three measures that support the explainability of results
achieved by the extended POMCP, providing insight about the rela-
tionship between prior knowledge and performance improvement.

The rest of the paper is organized as follows. Section [2| presents related
work. In Section [3] we define our problem and in Section [ formalize it as a
POMDP. Section [fdescribes the three versions of POMCP used to synthesize
the policy and Section [6] defines three useful measures for explaining perfor-
mance differences among policies. In Section [7| we provide full details on the

4https://www.ros.org/
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experimental setup of simulated and real-world tests, and describe the main
elements of the proposed architecture. Then, in Section[§|the three evaluation
methods are described and results are analyzed providing in-depth interpre-
tation of the internal mechanisms that allow the performance improvement.
Finally, Section [9] draws conclusions and indicates future directions.

2. Related work

Planning under uncertainty dates back to the seventies (Feldman and

Sproull, |1977; Russell and Norvig, [2003) when aspects of mathematical deci-
sion theory started to be incorporated into the predominant symbolic problem-
solving techniques. The interest in this topic subsequently grew (Ratering
land Ginil, [1995; Kaelbling et al., |1998} Boutilier et al., [1999; Zhang et al.|
2015} |Godoy et al., 2016)), since planning under uncertainty is a critical task
for autonomous and intelligent agents based on currently available data-
driven technologies. The most recent developments mainly concern the use of
point-based value iteration (Spaan and Spaan, 2004; Spaan and Vlassis|, 2005}
Wang et al.,2019)), Monte Carlo Tree Search (MCTS) based solvers (Coulom,
2006}, [Kocsis and Szepesvari, [2006; Browne et all, [2012; Beretta et al., 2019)
and Deep Reinforcement Learning (DRL) methods (Silver et al. 2016 [2017;
Sutton and Barto| 2018} |Leonetti et al., [2016). The first two approaches aim
to deal with very large state spaces and the third to learn the policy only
from observations and without using a model of the environment dynamics.

Prior knowledge, in different forms, is used in the literature to improve
robot navigation (Luperto et al., [2019). However, we have found only a few
approximate (Hauskrecht], 2000) and online (Ross et al., [2008) planning ap-
proaches based on POMCP, such as (Amato and Oliehoek| 2015; [Lee et al.|
, in which prior knowledge about the domain is used to improve plan-
ning performance and scale to large problem instances. The main differences
between those approaches and our work are threefold. First, we use a differ-
ent method to introduce prior knowledge (Castellini et al., [2019). Namely,
in our method constraints on the state space are used to refine the belief
space and increase performance (in terms of shorter execution time), while
in (Amato and Olichoek, 2015) the multiagent structure of a problem is used
to decompose the value function into a set of overlapping factors that en-
able scalability and performance improvements in POMCP. In (Lee et al.|
cost-constraints are used to solve problems with multiple objectives.
Our method to define prior knowledge is also different to that of factored
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POMDPs (Boutilier and Poole, 1996), since we constrain states instead of
the transition model, hence the prior knowledge is expressed in a different
way. Second, we focus on an original problem related to obstacle avoidance
in industrial-like environments. Our problem has a strong sequential na-
ture in the way in which the robot explores the environment and transfers
the acquired knowledge to future exploration (see problem formalization in
Sections |3| and . In particular, our goal is only velocity regulation, a high-
level planning problem, and we delegate the low-level navigation (i.e., path
planning) to a state-of-the-art controller (Marchesini and Farinelli, 2020Db))
realized with a DRL approach (i.e., Rainbow (Hessel et al., 2018)) using
standard setup for navigation problems (Marchesini et al., 2021; Tai et al.
2017). This controller is independent to the POMCP planner used for ve-
locity regulation and it was selected for its simplicity to directly control and
modify the linear speed of the Turtlebot. The literature on obstacle avoid-
ance for general robotic applications is very wide (Steccanella et al., [2020;
Kumar and Kumar, |2018; |Correll et al, 2018) but, to the best of our knowl-
edge, it does not contain techniques as that proposed in this work. Third,
one of our main goals is to actually deploy the proposed approach on a real
robotic platform, therefore we provide in-depth technical details about how
the planner is integrated with the engine controller, the localization module
and all other modules to make the approach work in practice. A preliminary
work towards the integration of the methodology introduced in (Castellini
et al., 2019) into robotic platforms is (Castellini et al., 2020b) where the
POMCP extension based on MRF prior knowledge is applied to a real-world
implementation of the rocksample problem. Here we significantly extend
that preliminary work providing an improved methodology and a thorough
experimental setting with several tests performed also on an industrial-like
environment.

Robotics literature provides extensions of motion planning techniques for
velocity regulation (Huang, [2009; Zhong et al.; |2014; Gopalakrishnan et al.|
2017)), but these methods have completely different assumptions than our
method. In particular, these approaches use the position and velocity of
the robot in the 2D environment as an input, and aim to plan the overall
movement of the robot (e.g., direction, velocity and acceleration) considering
also positions and velocities of moving obstacles in the 2D environment. To
solve this problem they use potential field methods (Koren and Borenstein,
1991)), velocity obstacles (Fiorini and Shiller, |1998)) and other standard mo-
tion planning methods. We instead assume a hierarchical organization of

8
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the problem where the (low-level) motion planning is solved by a standard
controller and the (high-level) velocity regulation is solved by POMCP. The
baseline controllers for motion planning to which we compare are the DRL
controller presented in (Marchesini and Farinelli, 2020b) and the standard
ROS navigation stack’} Velocity regulation is, however, only an example of
possible high-level decisions that can be taken by our approach. Other exam-
ples include, for instance, alerting operators, blocking the robot movement,
and other high-level decisions that can affect motion planning. We also notice
that the hierarchical organization of the controller can be applied to other
problems to which POMCP has been recently applied, such as, active visual
search (Wang et al., |2020; [Wandzel et al 2019; Lauri and Ritala, 2016]).

Explainable planning (XAIP) (Miller, 2019; Fox et al., 2017; [Langley
et al., 2017) is a branch of eXplainable Artificial Intelligence (XAI) (Gun-
ning and Ahal 2019) which is related to our work. Three main challenges of
XAT are the development of methods for learning more explainable models,
the designation of effective explanation interfaces, and the understanding
of psychologic requirements for effective explanations (Gunning and Ahay,
2019). The aim of XAIP is to create artificial intelligence systems whose
models and decisions can be understood and trusted by end users. XAIP
has a strong impact on safety-critical applications, such as industrial robotic
ones (Anjomshoae et al., 2019; [Sridharan and Meadows, [2019; [Zhang et al.,
2017)), wherein people accountable to authorize the execution of a plan need
complete understanding of the plan itself. First approaches of XAIP (Smith,
2012)) focus on human-aware planning and model reconciliation and on data
visualization (Chakraborti et al. [2018). The two measures defined in Sec-
tion [6] and their analysis performed in Section [§] are the first steps towards
the interpretability of decisions taken by POMCP-based planners.

3. Problem definition

Assume to have a pre-defined path in an industrial environment which
must be traversed by a mobile robot. The path (a possible instance is dis-
played in Figure 1)) is made of segments s;,7 = 1,...,m, which are then split
into subsegments s;;. Each segment (and related subsegments) is character-
ized by a difficulty f; € F', related to the average density of obstacles, the type

Shttp://wiki.ros.org/navigation
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of terrain (e.g., stairs, slopes, etc.) or luminosity (which makes perception
more difficult). The robot has to reach the end of the path in the shortest
possible time, regulating the speed in each subsegment to avoid obstacles,
since the probability of collision depends on speed and segment difficulty, and
each collision generates a time penalty. The robot cannot directly observe
segment difficulties, which are hidden state variables, but it can only infer
their values in two ways, namely, by observing the occupancy of the segment
(detected by lasers on top of the robot), and sensing the angular velocity
kept in the segment. The generality of the concept of difficulty lends itself
to different contexts in which a mapping exists between some properties of
the environment and the difficulty the agent experiences when it executes its
tasks. Our method can work also if this mapping is only coarsely defined.
In this work we test our planning approach on two specific paths depicted
in Figure The first path has a rectangular shape with short sides of
three meters and long sides of five meters. An external and an internal wall
delimit the area accessible by the robot and some obstacles are arranged
along the way. The second path is developed in a real environment for
industrial research, namely, the Industrial Computer Engineering (ICE) labﬂ
of the Verona University (Italy), which is a laboratory for Industry 4.0 with
a modern production line, extended with equipment for augmented reality
and digital production. Technical details about the two paths are reported
in Section [/l These paths are only two possible instances of several possible
environments that can be dealt with by our approach. Also the problem
formulation can be extended to more complex scenarios considering larger
sets of actions and observations, or more realistic tasks but here we aim to
show the applicability of the proposed approach to real robotic platforms.

4. POMDP representation of the problem

A Partially Observable Markov Decision Process (POMDP) (Kaelbling
et al} [1998) is defined as a tuple (S, A,0,T,Z, R, ), where S is a finite set
of partially observable states, A is a finite set of actions, Z is a finite set of
observations, T: S x A — TI(S) is the state-transition model (where T1(S) is
the power set of S), O: Sx A — II(Z) is the observation model, R: Sx A — R
is the reward function and v € [0,1) is a discount factor. The goal of an

Chttp://www.di.univr.it/?ent=progetto&id=4935&lang=en
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Figure 1: Problem definition: path travelled by the agent. Nodes are subsegment starting
points.

agent operating a POMDP, is to maximize its expected total discounted
reward (also called discounted return) E[Y >~ R(q,a.)], by choosing the
best action a; in each state ¢; at time ¢; ~ is used to reduce the weight of
distant rewards and ensure the (infinite) sum’s convergence. As mentioned
above, the partial observability of the state is dealt with by considering at
each time-step a probability distribution over states, called belief. The belief
space is here represented by symbol B. POMDP solvers are algorithms that
compute, in an exact or approximate way, a policy for POMDPs, namely a
function m: B — A that provides an optimal action for each belief.

The problem described in the previous section can be formalized as a
POMDP. The state contains i) the true configuration of segment difficulties
(fi,--., fm), which is hidden, i) the position p = (i,j) of the robot in the
path, where 7 is the index of the segment and j the index of the subsegment
(notice that, saying that the agent is in position (i, j) we mean that it is at the
beginning of subsegment s, ;), 444) t is the time elapsed from the beginning of
the path. Actions correspond to the speed the robot keeps in a subsegment,
which may have three possible values, namely low (L), medium (M) or high
(H).

Observations are related to subsegment occupancy and integral of robot
angular velocity. The occupancy oc of a subsegment is computed from a
laser rotating on top of the robot. Laser values in front of the robot (with
a 30° angle) are averaged and thresholded obtaining a binary value where
0 means that the laser detects no obstacles in the next subsegment, and 1
that it detects some obstacle. The occupancy model provides the probability
of occupancy given segment difficulties, namely p(oc | f). The integral of

11
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robot angular velocity av is computed from the output signals (i.e., direction
angle) of the low-level engine controller. In particular, the controller has 5
outputs meaning to go straight or to turn right/left with angular velocity
of 45° or 90° deg/sec. In each subsegment the controller provides several
low-level actions to the robot. We count the actions corresponding to turn
right /left and threshold this count obtaining a binary signal av which is 0 if
the robot performs few curves in the subsegment and 1 if it performs several
curves. This method to gather information about segment difficulty based on
angular velocity works because the low-level engine controller that drives the
robot inside subsegments is completely independent from the POMCP-based
planner that regulates the speed. The angular velocity model provides the
probability of angular velocity given segment difficulties, namely p(av | f).
Notice that the discretization of occupancy and angular velocity used in our
tests is coarse-grained because this degree of precision is enough for our tests
but more precise discretizations can be used.

The final observation is a coding of both variables oc and av computed
as 0 =av + 2-oc. Namely o =0 if av =0 and oc =0, 0o = 1 if av = 1 and
oc=0,0=2ifav =0and oc =1, and o = 3 if av = 1 and oc = 1. The
observation model provides the probability of observations given segment
difficulties, namely p(o | f). The parameters of the occupancy and angular
velocity models for the rectangular and the ICE paths are displayed, respec-
tively, in Tables [I]a,b (rectangular path) and Tables 2la,b (ICE path). The
methodology used to derive such parameters from real-world environments
is described in Section [7.4]

The state transition model deals with the update of robot position and
current time at each step. Position update is performed in a deterministic
way since at each step the robot is assumed to reach the beginning of the next
subsegment in the path. The current time is instead updated depending on
both the action performed by the agent and (possibly) the collision penalty.
The time spent to traverse a subsegment depends on the action performed
by the robot, which is discretized as ¢t = ¢ (where £ is the subsegment length)
if action is H (namely the robot spends ¢ time units if the action is high
speed), t = 20 if action is M, and t = 3¢ if action is L. The time penalty
due to collision has been set to 40 time units in the rectangular path and
20 time units in the ICE path. The collision probability is governed by the
collision model p(c | f,a). Collision models of rectangular and ICE paths are
displayed, respectively, in Table [[lc and Table [2lc., where ¢ = 0 means no
collision and ¢ = 1 that a collision occurs. Notice, that the probability of not
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making a collision is one minus the probability of making a collision, since
the collision value is binary. The reward function here used is R = —(t; +t2),
where ¢, is the time depending on agent’s action and ¢5 is the penalty due to
collisions. Finally the discount factor we used is v = 1 because the paths have
limited length and this allowed us to consider it the same way the time spent
to move in different sections of the path. However, the proposed approach is
general to problems with infinite horizon, that can be tackled using v < 1.

Table 1: Probabilistic model for the rectangular path. (a) Occupancy model p(oc | f). (b)
Angular velocity model p(av | f). (c) Collision model p(c | f,a).

1
 pc=11]) f oo plem 1)
L 0.600 :
v 0,600 L M 0.033
- 0,010 L O 0.033
o ML 0.000
M M 0.033
f oplav=1]f) M o 0.067
1{& 8;718 H L 0.000
. - H M 0.067
: H H 0.100

(b)

—~~
g]
N

5. POMCP-based planners

Three planning strategies are used in our tests. The original implemen-
tation of POMCP, named STD in the following, is used as a baseline. An
extended version of POMCP allowing the definition of state-variable con-
straints by Markov Random Fields (Castellini et al., 2019), named MRF in
the following, is used to introduce prior knowledge about segment difficulty
relationships. For example, in an instance of our problem we could know that
the probability that segment sy and segment s; have same difficulty is 0.9.
Planner MRF can use this information to improve the policy it generates
and, consequently, the planning performance. Finally, we consider an oracle
planner, named ORC in the following, in which perfect knowledge of seg-
ment difficulties is used. This planner performs the POMCP strategy using
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Table 2: Probabilistic model for the ICE path. (a) Occupancy model p(oc | f). (b)
Angular velocity model p(av | f). (c) Collision model p(c | f,a).

1
 plc=11]) [ oo ple=lln
L 0.65 :

L M 0.0
M 0.83
0 0.93 L H 0.0
@ M L 0.0
M M 0.056
f p(cw =1 ’ f) M H 0.14
ii (2?23 H L 0.028
. : H M 0.11
0.3 H H 0.25

(b) ©

only a unique particle corresponding to the true state (i.e., configuration of
segment difficulties) hence it has exact and complete prior knowledge. In the
following the standard POMCP algorithm (Silver and Veness|, 2010)) and its
extension based on MRF (Castellini et al.; [2019) are briefly described.

5.1. Standard POMCP

Partially Observable Monte Carlo Planning (POMCP) (Silver and Veness|,
2010)) is an online Monte-Carlo based algorithm for solving POMDPs. It uses
Monte-Carlo Tree Search (MCTS) for selecting optimal actions at each time-
step. The main elements of POMCP are a particle filter, which represents
the belief state, and the Upper Confidence Bound for Trees (UCT) (Kocsis
and Szepesvari, 2000|) search strategy, that allows to select actions from the
Monte Carlo tree. The particle filter contains, at each time-step, a sampling
of the agent’s belief at that step (the belief evolves over time). In particular,
it contains k particles, each representing a specific state. At the beginning
the particle filter is usually initialized following a uniform random distribu-
tion over states, if no prior knowledge is available about the initial state.
Then, at each time-step the Monte Carlo tree is generated performing nSim
simulations from the current belief. In other words, for nSim times a parti-
cle is randomly chosen from the particle filter and the related state is used
as initial state to perform a simulation. Each simulation is a sequence of
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action-observation pairs that collect, altogether, a final return, where each
action and observation brings to a new node in the tree. Rewards are then
propagated upwards in the tree obtaining, for each action of the root node,
an expected (approximated) value of the cumulative reward that this action
can bring. The UCT strategy is then used to select actions considering both
their expected cumulative reward and the necessity to explore new actions
from time to time. The belief is finally updated, after performing the selected
action a and getting a related observation o, by considering only the parti-
cles (i.e., states) in the new node. New particles can be generated through a
particle reinvigoration procedure based on local transformation of available
states, if the particle filter gets empty. A big advantage of POMCP is that
it does not require a complete matrix-based definition of transition model,
observation model and reward, but it only needs a black-box simulator of the
environment.

5.2. Extended POMCP

The methodology we use to introduce prior knowledge in POMCP (Castellini
et al., 2019) allows to define probabilistic relationships of equality between
pairs of state-variables by means of Markov Random Fields (MRF). State
variables in our application domain are segment difficulties and a relation-
ship says that two segments have a certain relative compatibility to have the
same difficulty. The MRF approach then allows to factorize the joint prob-
ability function of state-variable configurations and this probability is used
to constrain the state space. In our application domain the state space is
the space of all possible segment difficulty configurations and the constraints
introduced by the MRF allow to (probabilistically) reduce the chance to
explore states that have small probability to be the true state. The inte-
gration of MRF-based prior knowledge into POMCP is mainly performed
in the particle filter initialization and in the reinvigoration phase (Castellini
et al 2019), where the constraints are used to optimize the management
of the particle filter representing the agent belief. In this work the MRF is
manually generated using expert knowledge about the application domain.

5.3. Complexity analysis

The complexity of the extended POMCP is the same as that of the stan-

dard POMCP (described in Section . Being Monte-Carlo methods, they
have a sample complexity determined only by the underlying difficulty of
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the POMDP, rather than the size of the state space or observation space
(Silver and Veness| [2010). This sample complexity, namely the complexity
to perform a Monte-Carlo simulation in the known POMDP environment, is
multiplied by the number of simulations, which is a constant parameter called
nSim in this paper. At the beginning of each subsegment of the path our
approach performs nSim simulations (in the POMCP context) to select the
velocity, and it runs the standard engine controller to perform path planning
in the next subsegment. The increase in complexity introduced by our ap-
proach compared to using a standard engine controller is therefore a constant,
namely the time to perform nSim simulations, for each subsegment. Since
POMCP is an anytime algorithm, the time allotted for its execution can be
also defined in advance to satisfy the requirements of specific applications.

6. Measures for policy explanation

To quantify the influence of prior knowledge on policy performance we
introduce three measures, namely, the belief-state distance, the mutual in-
formation between difficulty and action and the expected time to traverse the
segment (Castellini et al., 2020c). They strongly contribute to explain the
mechanisms that affect the performance improvement and to improve the
interpretability of results, as shown in Section [§f Moreover they represent
a fundamental tool for explaining and improving planner performance since
they allow to precisely identify undesired behaviours of the planner.

6.1. Belief-state distance

We define the belief-state distance at a certain instant as the weighted
averaged Manhattan distance between the configuration of segment difficul-
ties in the true (hidden) state and the configurations of segment difficulties
in the belief at that instant. Mathematically, if we define the configuration
of segment difficulties in the true state as f = (f1,..., fi), where m is the
number of segments, and we define the set of k£ possible configurations of
segment difficulties in the belief as {(f{,...,f"), i € 1,...,k}, where the
probability of each difficulty configuration (ff,...,f:) in the belief is pl
(computed step-by-step by POMCP), then the belief-state distance is

k m
dSBZZ(pg-Z|fj—f;|). (1)

=1
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since the belief is updated at each time-step, this measure can be computed
at each time-step as well. It allows to quantify the discrepancy between
what the agent believes about the real state of the environment and the real
state itself, hence the addition of prior knowledge about segment difficulty
relationships is expected to decrease this distance.

6.2. Mutual information (MI) between segment difficulty and action

In our problem the agent is expected to take actions that minimize both
the time to reach the end of the path and the risk of collision. The quality
of actions strongly depends on the degree of knowledge the agent has about
the true configuration of segment difficulties. In fact, analyzing the collision
model in Table .c, for instance, we observe that high speed (i.e., a = H)
should be selected in segments with low difficulty (i.e., f = L) because the
collision probability is always 0.0 in those segments, hence high speed should
be preferred to reach earlier the end of the path. On the other hand, in
segments with high difficulty (i.e., f = H) the collision probability is low
(i.e., 0.028) if low speed (i.e., a = L) is kept, while the probability grows to
0.11 and 0.25, respectively, it if medium or high speed (i.e., a = M or a = L)
is kept. For this reason low speed should be preferred in these cases.

To check if the POMCP policy effectively generates actions related to
segment difficulties we compute the mutual information between all actions
taken in a run and the corresponding segment difficulties. In other words,
given a run we consider the sequence of actions A = (a;;), where ¢ is the
index of a segment and j is the index of a subsegment, and the sequence of
related subsegment difficulties 7 = (f; ;). The mutual information (Bishop,
2006)) between the two sequences, treated as random variables, is

]-'(a f)
=323 punta o) @

acA feF

where p(a 7 (a, f) is the joint probability mass function of A and F, and p4
and pr are the marginal probability mass functions of A and F, respectively.
Average MI values are computed on sets of runs. We notice that selecting ac-
tions with high difficulty-action MI is not trivial since the true configuration
of segment difficulties is hidden. In Section [8| we experimentally analyze the
trend of this measure depending on the prior knowledge provided in different
planners.
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6.3. FExpected time to traverse a subsegment

The expected time to traverse a subsegment of unitary length and having
difficulty f € F by performing action a € A is

Elt]fa = ta +plc| f,a) - w(o), (3)

where t, is the time due to the action (i.e., L, M or H) without considering any
collision (see time ¢; in Section[d]), p(c | f, a) is the collision probability given
action a and difficulty f, and w(c) is the collision penalty, which depends on
the collision value.

This measure is very useful to analyze and compare planner performance
on different configurations of segment difficulties (see Section . In par-
ticular, in those experiments we want to compare the average reward (i.e.,
the opposite of time spent to traverse the path) of two planners where the
average of each planner is computed on a set of runs having different diffi-
culty configurations. The problem in this case is that the expected time to
traverse the overall path is affected by strong randomness. One source of
this randomness is the chance to get a collision penalty in each subsegment.
Namely, two runs performed on the same configuration of difficulties, using
the same actions, could get very different reward if a different number of
collisions occurs, because the penalty of a single collision is much larger than
the time needed to traverse a segment without collisions. The only way to
get a statistically significant average performance in this case is to run a huge
large number of tests, which is computationally infeasible.

The expected time to traverse a subsegment E[t];, removes the random-
ness due to collisions because, for each subsegment, it considers the average
time (over infinite tests) to traverse it, which is the sum of the time due
to the selected action (without considering collisions) plus the fraction of
penalty related to performing the action a in segment with difficulty f (i.e.,
p(c | fya) - w(c)). Notice that the randomness is removed by using the
knowledge about the true segment difficulty, which is instead unknown by
the planner.

7. Experimental setup

We describe here the experimental setup for our work. We first provide an
overview of the complete architecture and then describe in detail all modules.
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7.1. Qwerall architecture

Our experimental setup mainly involves the elements shown in Figure [2]
The POMCP planner, explained in Section [5|, is a C++ module that com-
putes step-by-step the speed the robot must keep in each subsegment. This
speed, which depends on the estimated difficulty configuration, is communi-
cated to a low level engine controller, namely, the low-level engine controller
that deals with path planning and obstacle avoidance in each subsegment. In
particular, it allows the robot to reach the other side of the subsegment while
keeping the linear velocity defined by the POMCP planner. The communica-
tion between planner and engine controller is managed by a communication
layer described in Section [7.2]

POMCP planner
(STD/MRF/ORC)

. ( )
Velocity | Communication A

p
ROS engine

layer [
< controller
Observation Sec. 7.2 \ Velocity / /
=& Orientation
Sec. 5
Observation Velocity / Orientation

Environments

—

C++ simulator Simulated Real environment
Sec. 7.5.1 environment (testing arena)
., i
3
|‘.
o
Sec. L@
|

y y Paths P
Rectangle ICE
|

Sec 7.3.1 Sec7.3.2

Figure 2: System overview: POMCP planner communicates actions to the Turtlebot
in a simulated (Unity) or real (testing arena) environment. The environment returns
observations and rewards to the planner which updates (online) its belief and policy.

The approach is then tested on two kinds of simulator and in a real-world
testing arena. The first simulator is a C++ module (see Section [7.5.1]) which
does not consider physical properties of the environment, the second simu-
lator is designed with Unity (see Section which relies on the Havok
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physics engineﬂ to realize realistic simulations and allows to use low-level
engine controllers. The real-world testing arena (see Section is a real
environment wherein a Turtlebot3 was used as an agent to test the planning
approach. As shown in the bottom of Figure [2| experiments are performed
on two paths, described respectively in Section [7.3.1] and [7.3.2] namely, a
rectangular path and a path defined in the ICE industrial research labora-
tory. Finally, we highlight that the transition and observation models of the
POMDPs are trained on the Unity simulator following an approach described
in Section [7.4l

7.2. Communication layer

The communication between the POMCP planner and the engine con-
troller was implemented by inter-process communication via Unix named
pipes. This is a common feature for both the Unity simulations and the
experiments on the testing arena. Furthermore, Unity natively supports the
communication between the low-level controller model (i.e., the engine con-
troller) and the Unity environments. Communication among the controller
and the robot is instead managed by a ROS node in the real scenario (i.e.,
the testing arena).

7.3. Paths

The two paths on which we developed our architecture are described in
the following.

7.8.1. Synthetic rectangular path

The first path is a rectangle with short sides of 3 meters and long sides
of 5 meters. We assume the robot performs two laps of the path, hence the
total number of segments in this path is 8, the total number of subsegments
is 32 and the total length is 32 meters. Figure [3la shows the map of the path
with also measures of passage widths and an example of obstacle disposal.
Subsegments are all 1 meter long. Obstacles are objects with width of 2 cen-
timeters and a length of 50 centimeters, that are randomly placed along the
robot path. Their density depends on segment difficulty. This path was first
implemented in Unity and then in a real world environment, considering the
obstacle configuration and difficulties presented in Section [8.2.1]

Thttps://www.havok.com/products/havok-physics/
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7.8.2. Industrial computer engineering (ICE) lab

The second path is located in the industrial computer engineering lab-
oratory of the Verona University. As shown in Figure [B|b, the entire room
is 4.55 meters large and 18.45 meters long. On the left hand wall there is
a vertical warehouse from which raw materials can be taken and finished
products stocked. Then a production line spreads over the whole room, from
left to right, with a conveyor belt that transports items across the processing
stations. The currently available stations are (from left to right) a milling
machine, a 3D printer, an assembly/disassembly station, and a quality con-
trol station. The path contains 8 segments, the total number of subsegments
is 36 and the total length 36.3 meters. The robot performs one lap starting
and ending at the top-left corner. Subsegment lengths range from 0.6m to
1.4m. In Figure [3|b a possible arrangement of obstacles is shown.

Rectangular path ICE path
Obstacl Obstacle —jp
S Turtienot ® !
® | | .

|
Segment

| .
L ]
|
Segment

® | — I
Subsegment

(@ T

Figure 3: Unity environments. (a) Rectangular path. (b) ICE path. Red circles represent
segment extremes, green circles represent subsegment extremes, small red lines represent
obstacles, the black circle represents the Turtlebot, red lines are laser scans.

7.4. POMDP model generation

A data collection phase is initially performed on both the Unity environ-
ments, to compute the POMDP models described in Section[d In particular,
for each environment and action (i.e., velocity) we perform a complete run
of the path keeping the action fixed in all subsegments. The low speed (i.e.,
a = L) corresponds to 0.07 m/s, medium speed (i.e., a = M) to 0.14 m/s
and high speed (i.e., a = H) to 0.21 m/s. For each subsegment we collect:
a binary value for marking collisions occurrence, five values with counts of
actions (i.e., go straight, turn left/right with angular velocity of 45° or 90°
deg/sec) taken by the engine controller along the subsegment, and five values
for the frontal laser scans of the robot normalized in range (0, 1), where 1

21



603

604

605

606

607

608

609

610

611

612

613

614

615

616

617

618

619

620

621

622

623

624

625

626

627

628

629

630

631

632

633

634

corresponds to the presence of obstacles at a distance of 3.5 m and 0 cor-
responds to the presence of obstacles at a distance of 0 m. Values are then
grouped by segment difficulty and action and probabilities are computed to
make the POMCP collision and observation models. For instance, the colli-
sion probability for each difficulty-action pair is computed from the binary
value accounting for collisions. Similar procedures are applied for occupancy
and angular velocity models, using, respectively, the counts of laser scan and
those of the controller actions.

We notice that POMCP assumes a full knowledge of the environment
parameters. Since we have estimated these parameters from simulations
an error in these parameters could bring a performance decrease as in all
model-based planning methods. However, our tests showed that in prac-
tice also approximated model parameters can yield performance improve-
ment. Bayesian reinforcement learning approaches, such as Bayesian Adap-
tive POMCP (Katt et al., |2017) have been recently introduced but their
complexity is currently too high to be applied to real robotic planning tasks,
hence we will consider them in future work.

7.5. Simulators

The two simulators used to test our approach are described in the follow-
ing.

7.5.1. C++ simulations

The C++ simulator was developed by following the guidelines provided
by the standard POMCP packagd Interfaces were implemented together
with transition and observation models, and other specific features of the
paths, such as number of segments, number of subsegments, subsegment
lengths, and so on. The POMCP code was also extended to save to file,
step-by-step, details of the simulation progress used to compute statistics
and to plot charts shown in the result section.

7.5.2. Unity simulations

Our simulated Unity environment, displayed in Figure [3] is realized using
primitive 3D objects of the Unity engine (e.g., cubes and cylinders) for walls
and the occupancy of the processing stations of the ICE environment. For our

8http://www0.cs.ucl.ac.uk/staff/d.silver /web/Applications.html
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robotic agent we use the manufacturer model of the Turtlebot3, simulating
the laser sensor using Raycasts and the motors using Hinge joints. In detail,
the former is used to create rays that detect collisions and the latter connects
the 3D model of the wheels with the main robot components, simulating the
rotation of the Turtlebot3 motors (previous work (Marchesini and Farinelli
2020a) demonstrates that this is a realistic simulation of the behavior of the
robot). The position, required by our controller, is returned by Unity as
polar coordinates with respect to the modeled environment. Finally, default
physics parameters are considered to simulate gravity and frictions.

7.6. Testing arena

We reproduced the rectangular path in Figure [3la, considering the same
setup presented in Section [7.3.1], to provide an explanatory evaluation of our
POMCP planners (i.e., ORC, STD, MRF) in a real scenario. Specifically,
the robot travels the path (a rectangle 3 x 5 m) two times, hence the path
has 8 segments, 32 subsegments and its length is of 32 m. Figure [7] shows an
overview of our scenario, where obstacles are wood panels 50 x 25 x 1.5 cm,
subsegments are represented with green marks and segments with red marks.
The obstacle configuration and difficulties are the same presented in Section
The attached video provides full details about experiments performed
in this real environment.

8. Results

We perform four kinds of test to evaluate our approach. First, we compare
the average performance of the three planners on several difficulty configura-
tions (Section[8.1]). This test is performed on the C++ simulator described in
Section which enables massive testing since it does not consider any in-
teraction with the physical (real or simulated) environment. Then, in Section
we select a specific configuration of difficulties and show how the three
planners perform on the Unity simulator described in Section [7.5.2 The aim
of this test is to show that our planner can be used to control the robot
in a physical (although simulated) environment. Moreover, this experiment
shows how the three planners make decisions, in a specific run, according
to their knowledge of the environment, and how this knowledge influences
the decisions. In Section [8.3] we provide results achieved in a real testing
arena where a Turtlebot is used as an agent. This experiment shows that our
architecture (i.e., planner, robot, communication layer, localization module,
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etc.) is able to work also in real world environments, with results very similar
to those achieved in Unity simulations. Finally, in Section we perform a
comparative analysis of the proposed method against state-of-the-art engine
controllers, showing that our method outperforms these controllers in terms
of time spent by the robot to traverse the path. The time needed to per-
form a single run increases from the C++ simulator, to the Unity simulator,
and from the Unity simulator to the real environment, therefore we perform
statistical analyses of performance (that need several runs) using the C++
simulator, then we introduce the physical environment by Unity and make
tests on a subset of runs, and finally display technical details of functioning
in the real-world for a small number of (time consuming) tests.

8.1. Statistical analysis of planner performance

In this experiment we run each planner (i.e., ORC, STD and MRF) on 100
different configurations of segment difficulty. For each run n € {1,...,100}
we collect five parameters, namely, the discounted return r, € R of the run,
the number of collisions ¢, € N of the run, the average action a, € R* of
the run (where the average is computed over the actions taken in the run),
the final belief-real state distance d%z € RT of the run, and the normalized
MI between difficulty and action I(.A, F), € R* in the run. Moreover, for
each segment s; of run n, we collect the discounted return r,; € R in the
segment, the average action a,; € R™ in the segment, the average belief-real
state distance d%%; € RT in the segment, and the expected time E[t],; € R™
to traverse the segment (see definition in Section [6.3). These parameters
are then averaged over runs and compared between different planners to
generalize on their performance.

Figure [l summarizes the results of the overall analysis performed on both
the rectangular path (sub-figures a, b, and ¢, analyzed in detail in Subsection
and the ICE path (sub-figures d, e, and f, analyzed in detail in Subsec-
tion . To have a fair comparison on how the different planners exploit
the knowledge on the environment we compare their performance by fixing
a difficulty configuration and a series of observations and running the three
planners with this input. We repeat this process for 100 times. In this way
we remove two sources of randomness, namely that coming from difficulty
configuration and that coming from observations, and keep only two sources
of randomness that cannot be removed, namely, that coming from policy
generation (which is intrinsically related to the POMCP strategy) and that
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planner).
RECTANGULAR PATH
a. Average performance of the three planners over 100 runs
Measure ORC MRF STD
Tn -88.51  -102.18 -103.14
Cn 0.39 0.67 0.56
an 0.72 0.64 0.48
dip 0.0 2.53 3.85
I(A F)n 0.55 0.12 0.07
E[t]» 90.64  96.62 97.34

b. Density of discounted reward and expected time to traverse the path

ICE PATH
d. Average performance of the three planners over 100 runs
Measure ORC MRF STD
Tn -88.17  -103.23  -106.68
En 0.52 1.17 1.36
an 0.82 0.78 0.77
di g 0.0 2.53 4.24
I(A, F)n 0.59 0.21 0.14
E[t] 92.56 100.04 103.20

e. Density of discounted reward and expected time to traverse the path
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Figure 4: Average performance and properties of runs executed on the rectangular path
(left) and the ICE path (right).

Furthermore, we provide run-based performance differences between i)
ORC and STD, 4) MRF and STD. These differences are computed on a run
basis and subsequently averaged. For instance, the difference of discounted
return r, in run n is computed as Ar,, = r,, —r,. This value is then averaged
over runs to obtain the average difference of discounted return Ar,. The
same approach is used to compute the average difference of average action
Aa,,, the average difference of final belief-state distance AdZ%, the difference
of normalized MI between difficulty and action I(.A,F),, and the average
difference of expected time to traverse the path AE[t],. The last measure is
particularly stable because it removes also the randomness due to collisions,
since it considers, for each subsegment, only the fraction of time penalty due

to the collision probability instead of real collision events. All measures de-
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scribed above are computed for both the entire path and single segments. In
the second case we add subscript ¢ to identify segment s; obtaining, respec-
tively, symbols Ary,;, Ady,;, Ad¥s, and AE[t],;. These measures are analyzed
in the following to compare planner performance. In both cases we used a
number of simulations per step nSim = 10*°.

8.1.1. Discussion of results on rectangular path

Average performance of the three planners over 100 runs in the rectan-
gular path are displayed in Figure dla. ORC has the best average return
7o (i.e., —88.51), followed by MRF (i.e., —102.18) and then by STD (i.e.,
—103.14). These differences are generated by different decision strategies
that are affected by the level of prior knowledge provided to the planners,
which has direct effect on ¢) the average distance between real state and
belief Ad¢,, whose values at the end of the path are 0.0 for ORC, 2.53 for
MRF and 3.85 for STD; 1) the MI between (hidden) segment difficulty and
action (A, F), (i.e., 0.55 for ORC, 0.12 for MRF and 0.07 for STD), which
is higher for planners able to understand earlier the difficulty of the segment
and to act accordingly. Finally, the average expected time to traverse the
path E[t], confirms the ranking of planners (respectively ORC, MRF, and
STD) with a larger difference between ORC and MRF, and a smaller one
between MRF and STD. Figure [dlb shows, on the left, the density of dis-
counted return r,, for the three planners. The multi-modality of these curves
are related to runs without and with collisions. As expected, these densities
have large variance due to the strong randomness of the process generating
the stochastic variable r,.

The methodology exploiting run-based performance differences, described
above, allows to remove some sources of randomness and point out the real
statistically significant differences between the performance of the three plan-
ners in terms of average difference of expected time to traverse the path
AE[t],,, which is our main result. The density plot on the right of Figure .b
shows two charts, namely, the distribution of differences between expected
time to traverse the path for ORC and STD (in red), and that between MRF
and STD (in green). The two charts show that both ORC and MRF out-
perform STD, and their performance improvement is statistically significant.
Focusing on the difference between ORC and STD (red line), the mean is
-6.69, meaning that ORC needs on average 6.69 time units less than STD
to reach the end of the path (average time to traverse the path is 97.34 for
STD - see Figure .a - hence the improvement is of about 6.8%). Performing
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a t-test for the null hypothesis that the expected value (mean) of this distri-
bution a is equal to zero we obtain a p-value p = 4.7 - 10738, which proves
the statistical significance of the result (since it is less than 0.05). A similar
result is achieved by comparing MRF and STD. Their mean difference is
lower (i.e., -0.71, meaning that MRF needs on average 0.71 time units less
than STD to reach the end of the path, with an improvement of 0.7%) but
still statistically significant, with a p-value p = 0.033.

Further details about differences in planner behaviors on specific path
segments are displayed in Figure [d.c. From top to the bottom, we show the
average difference of discounted return Ar,,; in each segment s; (the segment
index is in the x-axis in all the charts), the average difference of expected
time AE[t],; to traverse the segment, the average difference of average ac-
tion Ady,,; in each segment, and the average difference of average belief-state
distance Ad%y, in each segment. The bar plots on the left show differences
between ORC and STD, while those on the right display differences between
MRF and STD. Interestingly, the average difference of expected time AE[t],;
shows in which segments ORC and MRF outperform STD. In particular, the
improvement of MRF with respect to STD in the expected time to traverse
a segment increases in the second lap of the rectangle (see higher negative
bars mainly in segments 6 and 8), which coincides with a smaller difference
in average belief-state distance of MRF than STD (see negative Adgy). In
other words, MRF and STD have almost the same behavior in the first seg-
ment, then MRF’s belief gets closer to the real state than STD’s belief (due
to the use of prior knowledge to infer future segment difficulties) allowing
MRF to outperform STD.

8.1.2. Discussion of results on ICE path

Tests performed on the ICE path, displayed in Figures fld, e and [4f,
show even better performance. Focusing on discounted reward r,, (first row
of the table in Figure .d and density function in Figure .e) we see that
ORC has the best average performance (i.e., -88.17), followed by MRF (i.e.,
-103.23) and then by STD (i.e., -106.68). The average difference of expected
time to traverse the path AE[t],, shown on the right of Figure .e, are re-
spectively -10.60 between ORC and STD, and -3.16 between MRF and STD.
This means that ORC takes on average 10.60 time units (i.e., 10.2%) less
than STD to traverse the path, and MRF takes on average 3.16 time unit
(i.e., 3.1%) less than STD to traverse the path. In both cases the t-test for
the null hypothesis that the expected value (mean) of this distribution is
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equal to zero is very close to zero (namely p = 5.5-10~% for ORC-STD and
p = 1.8-10713 for MRF-STD), which proves the statistical significance of the
performance difference. This difference can also increase for more complex
and repeated paths.

The analysis of performance over single segments, displayed in Figure
[lf, enables to draw similar conclusions to those drawn for the rectangular
path. A large part of performance improvement (in terms of both discounted
reward and expected time to traverse the path) come from segments in the
second part of the path, where MRF has already collected information about
its difficulty from previous segments (see the negative difference of distance
between real state and belief Ad%, which shows that MRF has a more precise
belief than STD in the second part of the path).

8.2. Performance on Unity simulations

Tests on Unity aim at evaluating the performance of our approach on
a simulated environment considering the physical properties of the environ-
ment, which are not considered by the C++ simulator analyzed in the pre-
vious subsection. The experimental setup for these tests is explained in

Section [7.5.2

8.2.1. Discussion of results on the rectangular path

We analyze here a single run performed on a Unity simulation of the
rectangular path with difficulty configuration (H, L, M,L,H, L, M,L). The
path is displayed in Figure .a, where segments with low difficulty (L) are
colored in green, segments with medium difficulty (M) are colored in blue,
and segments with high difficulty (H) are colored in red. The agent travels
the rectangle twice and segment difficulties are fixed in the two laps.

The ORC planner, in Figure .b, performs an optimal strategy (in terms
of expected reward), since it selects action L in subsegments with high or
medium difficulty and action H in subsegments with low difficulty (green
subsegments in Figure [5lb represent action L and red subsegments represent
action H). The time to traverse the path (i.e., the opposite of the discounted
return) is 56 time units, and no collision occurs. Under the rectangular path
we display a heatmap of robot’s belief per subsegment. Columns represent
subsegments, rows represent difficulties, and the color of a general cell 7, 5
represents the probability (from the current belief) that subsegment j has
difficulty 2. For instance, the robot’s belief in all subsegments of the first
segment has high probability (i.e., 1.0) for high difficulty (see the red cells
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Figure 5: Performance comparison between the three planners on a specific configuration
of difficulties in the rectangular path.

in the first three columns of the heatmap) and low probability (i.e., 0.0) for
low and medium difficulty.

Comparing the plan generated by MRF (see Figure [plc) with that gen-
erated by STD (see Figure [F|d) we observe that in the first lap they both
select always action L (apart from a single action H chosen by STD at the
end of the second segment). This is because their confidence to be in a
segment with low difficulty is not high enough to choose action H (see the
related heatmaps of belief probabilities), even in segments 2 and 4, where
the difficulty is actually low. As expected, things change in the second lap,
where MRF takes advantage of the knowledge about segment difficulties ac-
quired in the first lap and it transfers this knowledge to subsequent segments
connected by relationships of similarity between difficulties. For instance,
the MRF edges (with probability 0.9) that generate a connected component
containing segments 2, 4 (first lap), and 6, 8 (second lap) clearly improve
the belief of the agent in segments 6 and 8. This is proved by the higher
probabilities of low difficulty in segments 6 and 8 of the MRF heatmap (in
the bottom of Figure .c) with respect to those of the same segments in the
STD heatmap (in the bottom of Figure .d). Consequently, the MRF plan
has action H in three subsegments of segment 6 and five subsegments of
segment 8 (see red lines in the path of Figure d), which improve the perfor-
mance from the 73 time units required by STD to the 64 time units required
by MRF. In both cases no collision occurs. In summary, the analysis shows
that the MRF planner is able to propagate the knowledge about the hidden
state acquired in initial segments to subsequent segments, with a consequent
improvement of performance.
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Figure 6: Performance comparison between the three planners on a specific configuration
of difficulties in the ICE path.

8.2.2. Discussion of results on the ICE path

The test performed in the ICE path considers the difficulty configuration
(M,L,H,M,H,L,M, L) (see Figure @a). The analyzed plans generated by
ORC, MRF and STD take, respectively, 45, 48 and 51 time units, confirming
the planner ranking observed in previous tests on the rectangular path.

The ORC planner selects almost always optimal actions (in terms of ex-
pected reward), namely, L in segments with high difficulty, and H in seg-
ments with low difficulty, and L or M in segments with medium difficulty
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(we separately checked the optimality of this relationship between difficulty
and action). More interestingly, the comparison between MRF and STD
confirms that MRF is able to get in advance higher confidence on the true
configuration of difficulties with respect to STD and to use this knowledge to
choose better actions. This capability is mainly shown in the second part of
the path (from the fourth segment). For instance, in segment 6, MRF selects
the optimal action (i.e., H) in four subsegments out of five while STD selects
it in only two subsegments. The analysis of the related heatmaps shows that
the reason of this difference is that MRF has a high confidence on the (true)
low difficulty of segment 6 from the beginning of the segment itself (see red
cells in difficulty L for segment 6 in the MRF heatmap) while STD reaches
this confidence level only in the last two subsegments of segment 6 (see red
cells in difficulty L for segment 6 in the STD heatmap). Accordingly, STD
selects the optimal action only in the last two subsegments, while MRF se-
lects them from the beginning. MRF has gathered this knowledge about the
difficulty of segment 6 from segment 2, which has the same difficulty and it
is connected to segment 6 by an edge in the MRF. A similar behaviour is
observed in the (long) segment 8, where again MRF performs the optimal
action (i.e., H) in all eleven subsegments while STD performs it only in the
last seven subsegments.

8.3. Performance on the real world environment: testing arena

The explanatory run of our three planners in the real environment (testing
arena) proves that the movements of the real robot have close correspondence
to movements of the agent in the Unity simulation environment of the rect-
angular path. Figure [7] shows the starting point of a test performed in the
arena. The video of the entire experiment is attached. It shows the Turtlebot
moving in the real environment in three cases, namely, using the ORC, the
MRF and the STD planner, respectively, with difficulty configuration shown
in Figure [6la. The video displays the evolution of the agent’s belief, the se-
quence of actions selected by the planners and the time required to complete
the path. Crucially, we were able to obtain similar results to those obtained in
the Unity simulation, showing that a porting of our POMCP-based planners
from the Unity simulation to the real robot is possible.
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Figure 7: Overview of the testing arena.

8.4. Comparative analysis

To further investigate the proposed approach and highlight its benefits,
we compare its performance with that of some state-of-the-art controllers
for mobile robots. Our goal is to show that by introducing the POMCP-
based planner with MRF on top of the engine controller we actually get a
performance improvement over using only the engine controller. We perform
this test using two state-of-the-art controllers as a baseline, namely, the DRL
engine controller presented in (Marchesini and Farinelli, 2020b) and the ROS
navigation stackﬂ For a fair comparison, we separately tuned the parameters
for the navigation stack (e.g., for localization and sensing of the environment)
in both the rectangular and ICE path. In detail, to balance the trade-off
between performance and navigation, the difficulty of each segment was set
to medium, and the default settings for the navigation stack provided good
performance in both environments.

Table (3| shows the results of the comparative analysis. Tests were per-
formed on the experimental setting described in Section using Unity

9http:/ /wiki.ros.org/navigation
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simulators of the rectangular path (left column) and the ICE path (right
column). We call our planner POMCP[MRF|4+DRL as it uses the POMCP
and the MRF to regulate velocity and the DRL controller for path planning.
On the rectangular path, our planner requires 64 time units to complete the
path, while the DRL engine controller alone requires 70 time units (about
9% more), showing that the velocity regulation performed by POMCP with
MRF is important to improve navigation performance. On the other hand,
the standard ROS controller manages to complete the path in 63 time units,
one less than our approach. This difference is negligible, hence we consider
the two controllers as having almost the same performance in this environ-
ment. The motivation for this result is that the environment is quite simple
and there is no room to improve performance beyond that of ROS controller.
On the ICE path instead POMCP[MRF]+DRL requires 48 time units to
complete the path, the DRL engine controller alone requires 65.9 time units
(about 37% more) and the ROS controller requires 72.3 time units (about
51% more). In this case our approach strongly outperforms both the DRL
controller and the ROS controller. The reason for this good result is clearly
related to the introduction of POMCP for velocity regulation, since also
the standard planner POMCP[STD]+DRL outperforms both the DRL con-
troller and the ROS controller with 51 time units required to complete the
path. However, the introduction of prior knowledge about segment diffi-
culty relationships via the MRF yields a further performance improvement
of 6%, showing the importance of the MRF in the proposed approach. In
a longer and more articulated environment, as the ICE path, our approach
shows all its capability to outperform standard controllers. We finally no-
tice that the performance improvement, in terms of time units, between
POMCP[STD|+DRL and POMCP[MRF]+DRL in Table |3| is higher than
the performance improvement, in terms of expected time to traverse the path
E[t],,, shown in Figure {4f for C++ simulations. This is because the expected
time to traverse the path E[t],, considers also the expected time due to possi-
ble collisions (see Equation [3)) while in the specific experiments considered in
Table [3| no collision took place. Since the time related to collisions is much
larger than that for traversing path segments the total times in Table [4] are
smaller and the percentage of improvement increases. Furthermore, consid-
ering a single test the results of Table [3| also do not consider the variability
over all possible configurations of segment difficulties.
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Time units
Controller Rectangle ICE
POMCP[MRF]+DRL 64 48
POMCP[STD]+DRL 73 (+14%) 51 (+6%)

DRL (Hessel et al., 2018) 70 (+9%)  65.9 (+37%)
ROS™| 63 (-2%)  72.3 (+51%)

Table 3: Performance comparison between the controller based on POMCP+DRL (pro-
posed in this paper), the controller based only on DRL, and a standard ROS controller.

8.5. Final remarks

The experiments presented in this paper show that the extension of
POMCP presented in (Castellini et al., 2019) can be applied to real robotic
platforms. We used the extended POMCP for regulating mobile robot veloc-
ity in an industrial-like environment characterized by uncertain motion diffi-
culties. The velocity selected by the planner was communicated to an engine
controller which performs path planning. This two-layer control architecture
was tested in four experimental settings always showing good performance.
In particular, extensive tests performed on the C++ simulator shown that
the extension of POMCP, which integrates prior knowledge on the environ-
ment, outperforms the standard POMCP from 0.7% to 3.1% depending on
the complexity of the path. Experiments performed on a more realistic Unity
simulator shown that also considering physical details of the environment
and the (Turtlebot) agent the overall architecture properly works. Then,
experiments in a real testing arena further confirmed the applicability of
the approach to real robotic platforms. The last test concerned performance
comparison between our (two-layer) approach and state-of-the-art (one-layer)
approaches using only the engine controller for both velocity regulation and
path planning. This test highlighted the contribution of the POMCP-based
regulation of the velocity. The performance improvement was up to 37%
against a DRL engine controller and up to 51% against a standard ROS
engine controller.

All tests show that the performance improvement of the extended POMCP
over the standard POMCP is due to the ability of the extended POMCP to
propagate the knowledge about segment difficulty acquired in the first part
of the path to subsequent segments via the MRF. This mechanism allows the
robot to have better confidence in the estimation of the difficulties for the
segments in the second half of the path. This allows to achieve a significant
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performance improvement, specifically in that part. The proposed measures
show that the belief of the robot in the second half of the path is closer to
the ground truth (in terms of belief-state distance) for the extended POMCP
than for the standard POMCP. The improvement in the estimation of the
ground truth is the cause of the planning performance improvement. We
observed an increase of this effect in longer and more articulated paths be-
cause they give our approach more chance to exploit the similarity structure
among segments. This happens even more if the robot repeats the same path
several times.

9. Conclusion and future work

We presented an approach based on POMCP for improving the time per-
formance of a mobile robot navigating in a path when prior knowledge is
available about the similarity of path segments. Our results demonstrate the
possibility to apply this planning approach to a real-world industrial-like en-
vironment characterized by uncertain motion difficulties. Moreover, we show
that an extended version of POMCP considering prior knowledge about the
environment is able to outperform the standard POMCP by improving the
belief about the true state of the environment. This effect is obtained by
propagating the knowledge on the environment acquired in the initial parts
of the navigation to parts of the environment explored subsequently. Fur-
thermore, we have shown that the addition of the POMCP-based layer for
velocity regulation yields a consistent performance improvement compared
to state-of-the-art engine controllers, such as DRL and ROS standard con-
trollers. The approach can be applied to several domains in which series of
tasks having similar properties are executed sequentially and some knowl-
edge about task similarity is available. Performance measures introduced in
the paper allow also to show that the belief improvement is transformed by
the planner to improved action selection.

This work takes a first important step towards the use of advanced plan-
ning methods for mobile robots in industrial applications. This paves the
way towards several interesting research directions. Specifically, our future
work in this area includes three main topics: i) the development of methods
for learning the MRF online, which is useful when the knowledge about task
similarities is not available a-priori but it can be learnt; i) the development
of safe transfer learning methods for POMCP to allow imperfect transition
and observation models trained on simulators (such as the Unity simulator
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we used in our experiments) to be used in real environments; 4ii) the devel-
opment of new methods for improving the explainability of POMCP-based
policies to allow their use in environments with safety requirements (and re-
lated human responsibilities). Some example applications regarding the last
point can be found in Industry 4.0 where the recent request for a stronger
human-robot interaction needs reliable and comprehensible policies to guar-
antee the safety. Some first results on this line have been recently published
(Mazzi et al.| accepted, |2021, 2020) and current work is focused on applying
those results also to real robotic platform to further extend the work here
presented.
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