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Executive Summary

In this final deliverable of WP1, we discuss the second series of evaluations performed with each of our
integrated Crowdbots: the smart wheelchair, Qolo, Pepper and cuyBot. The evaluations are both quantitative
and qualitative and range from testing the efficacy of core components that are developed within the project
and underpin the Crowdbots — namely: sensing, localisation, simulation, planning — to fully integrated tests
of each platform for some of the scenarios identified in D1.3 “Specification of Scenarios Requirements
Update”.

Two distinct evaluations are performed on the smart wheelchair. First, the performance of our proposed
reinforcement learning method for creating a more personalized shared control experience, which is validated
in the CrowdBot simulator. Second, we evaluated our previously proposed probabilistic shared control method
PSC-DWAGVO (D3.6) on the physical wheelchair in a controlled sparse crowd environment, before
demonstrating its feasibility in a natural sparse crowd on the main UCL campus in London, UK.

Qolo has been tested in natural crowds in Lausanne, Switzerland. Reactive navigation without a high-level
planner was successful and the shared control felt very natural, with people going by without noticing the
robot. By contrast, the direct point-to-point controller had problems of not interacting properly with the
environment and resulted in less intuitive behavior. People detection was reported to work very well, however,
tracking was a bottleneck when there were many people surrounding Qolo. All the controllers, and dataset of
experiments have been made publicly available along with analysis tools for pedestrian and robot performance
analysis.

For our fully autonomous Crowdbots, training robust sensor-to-control policies for robot navigation remains
a challenging task. We trained two end-to-end, and 18 unsupervised-learning-based architectures, and
compared them, along with existing approaches, in unseen test cases. We also demonstrated our approach
working on the Pepper robot in a real environment. Our results show that unsupervised learning methods are
competitive with end-to-end methods. We also highlight the importance of various components such as input
representation, predictive unsupervised learning, and latent features. Our models have been made publicly
available, along with the training and testing environments, and tools.

Finally, the compliant motion control on cuyBot was evaluated during physical experiments with human
participants. The experiment demonstrated that the current implementation of the compliant motion control on
the cuyBot robot was safe, even with inexperienced users. Our results suggest that the concept of robots getting
into close contact with humans may be accepted by the public, as long as the functionality of compliant motion
is implemented in a safe and intuitive way. Once persons gathered experience with the robot, on average they
have a better than neutral attitude towards close proximity and physical contacts.

In summary, we have demonstrated that our two semi-autonomous systems have both shown promising results
for the use of shared control in crowded environments. Similarly, our two fully-autonomous Crowdbots have
demonstrated the feasibility of both navigation capability in dynamic human environments, as well as the
safety and reasonable acceptance of our compliant motion control when making physical contact with
pedestrians.
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1. Introduction

This second-round evaluation report builds upon our learnings from the first-round evaluations (D1.4 “Initial
evaluation report”) and in particular addresses the scenarios and specifications that were consequently updated
in D1.3 “Specification of Scenarios Requirements Update”.

In this report, we discuss the final evaluations performed with each of our integrated Crowdbots: the smart
wheelchair, Qolo, Pepper and cuyBot. The evaluations are both quantitative and qualitative and range from
testing the efficacy of core components that are developed within the project and underpin the Crowdbots —
namely: sensing, localisation, simulation, planning — to fully integrated tests of each platform for some of the
scenarios identified in D1.3.

Each robot has been evaluated using the scenarios and metrics most appropriate for its intended purpose and
each test was planned in advance using the methodologies developed in D1.3. Due to Covid, some of the
planned physical tests were postponed and additional evaluations were made utilising the CrowdBot simulator,
developed in WP4. Nonetheless, in this deliverable we detail a range of exciting evaluations and
demonstrations of our physical Crowdbots in the real world with human participants and natural crowds.

The rest of this deliverable is organised by the prototype Crowdbot, beginning with the smart wheelchair,
Qolo, Pepper and finally cuyBot. Each of these sections is structured, beginning with a clear research question
before moving on to describe the experiments undertaken and present the CrowdBot specific results. The
deliverable concludes that our two semi-autonomous systems have both shown promising results for the use
of shared control in crowded environments. Similarly, evaluations of our two fully-autonomous Crowdbots
have demonstrated the feasibility of both navigation capability in dynamic human environments, as well as the
safety and reasonable acceptance of our compliant motion control when making physical contact with
pedestrians.
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2. Smart wheelchair

In this section we report on the two main evaluations that were performed on the smart wheelchair, as a result
of the updated specification of scenarios requirements and our continued stakeholder engagement. First, the
performance of our proposed reinforcement learning method for creating a more personalized shared control
experience is validated in the CrowdBot simulator. Second, we evaluated our previously proposed probabilistic
shared control method PSC-DWAGVO (D3.6) on the physical wheelchair in a controlled sparse crowd
environment, before finally demonstrating its feasibility in a natural sparse crowd on the main UCL campus
in London, UK.

2.1. Research question

We have seen that traditional navigation methods could lead to a "freezing robot” issue (Trautman et al., 2015)
when the crowd density increases. To address this problem, it is important to understand the interactions and/or
cooperation between pedestrians and pedestrian-robots.

In D1.4, we presented and evaluated a hierarchical framework DWAGVO-PSC for shared control navigation
in human environments with simple hand-crafted interaction functions. In reality, interaction and cooperation
between pedestrians, as well as between pedestrians and robots are difficult to model. To this end, deep
reinforcement learning (RL) approaches have been actively studied due to their reported high performance and
robustness to changes in the environment. While state-of-the-art work focuses on navigation for fully
autonomous robots, the shared control wheelchair poses additional requirements on the problem as a user is
involved in the interaction and control loop. As an assistive technology, shared-control should provide
assistance that is consistent with the user’s driving style.

In this report, we explore the user-based shared-control crowd navigation problem from a reinforcement
learning way. Therefore, our research question here is:

e How to learn different user driving styles in complex environments?
e Would a reinforcement-learning based shared-control framework work for wheelchair navigation in
crowds?

2.2. Reinforcement learning based shared-control navigation

2.2.1. Background
2.2.1.1. Proximal Policy Optimization

Reinforcement learning (RL) has received increasing attention in recent years for tasks that may be too
complex to model, however easier to be learnt. In general, state-of-the-art RL approach is either value-based
or policy-based. One of the most widely used policy-based algorithms is called proximal policy optimisation
(PPO). Proposed by Schulman et al. (2017b), PPO has demonstrated promising results and has become the
default reinforcement learning algorithm at OpenAl. In this work, we decided to use PPO as our main RL
algorithm as it handles continuous action spaces, and directly modify the policy during training, which is more
suitable for navigation applications. While many RL methods suffer from stability issues, PPO guarantees
stability during training by setting a trust region (Schulman et al., 2017a). The main working principle for
policy gradient methods lies in computing an estimator of the policy gradient and plugging it into a stochastic
gradient ascent algorithm. In general, the estimator “g can be obtained by differentiating an objective function
LP¢(6).

LP¢(0) = E¢[logmg(a;|s,)A]
g = E¢[Vglogmg(as|s:)A]

where s; is the state and a; is the action, my is a stochastic policy and A; is an estimator of the advantage
function at timestep t.

The standard state-action value function Q,, and the value function V;, are,
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The advantage term is defined as their difference.
An(si a) = Qn(si a) - Vn(s)
PPO constructs its objective function as follow,
LEPI(0) = E[mo(aclse)/mTooia(@slse)Ac] = E¢[r:(0)A;]

The maximization of L¢P1 () would lead to an excessively large policy update and yield instability. While
trust region policy optimisation (TRPQO) guarantees to treat this issue by limiting the KL divergence between
the new policy and the old policy, PPO simplifies it by clipping the objective function. Consequently, the main
objective function for PPO is defined as,

LELP(9) = E[min(r(0)A;, clip(r:(0),1 — &, 1 + €)A]

(@) ifr(@)>1—¢
clip(ri(0),1—€,14+€)=<1—-¢ ifr,(@)<l—¢
l+¢e ifr(0)>1+¢

where ¢ is a hyperparameter that modifies the clipping length. By taking the minimum of the clipped and
unclipped objective, the final objective becomes a lower bound on the unclipped objective. Schulman et al.
(2017b) show that PPO outperforms other online policy gradient methods, while maintaining a favourable
balance between sample complexity, simplicity, and computation time.

2.2.1.2. Residual Policy Learning

Shared control can be formed as a POMDP problem where the user’s goal (or short-term intention) is partially
observed by the agent (wheelchair). State-of-the-art data driven approaches infer the user’s goal using inverse
reinforcement learning (Abbeel and Ng, 2004; Ziebart et al., 2008) or hindsight optimization (Javdani et al.,
2015). However, these methods normally require a known user goal space or a transition function which can
be difficult to obtain. Recently, Silver et al. (2019) proposed Residual Policy Learning (RPL), which aims to
improve nondifferentiable policies using model-free deep reinforcement learning. The main idea of RPL is to
learn a residual policy my (s) from a residual function fy (s) and augment on top of some arbitrary initial policy

7(s).
m(s) = m(s) + fo(s)

By evaluating the performance on a robot picking task, with a hand designed policy and a model predictive
controller (MPC) as initial policies, Silver et al. (2019) showed that RPL does not only improves on initial
policies but is also more data-efficient than learning from scratch. While this method could help with imperfect
controllers, it can also be combined with imitation learning where the user’s demonstration is imperfect.

2.2.1.3. Learning based shared autonomy

While deep reinforcement learning has been widely used in fully autonomous robots, there is very limited
research on using deep RL in a control sharing setting. Recently, Reddy et al. (2018) addressed this problem
by decomposing the reward function into two parts. One part captures general requirements such as collision
avoidance, while the other captures user generated feedback. The former part is known to the agent and is
updated every timestep, while the second part is not known and is used as a terminal reward which only emits
a large value based on the user’s feedback when each episode is completed. In this way, the control sharing is
achieved by involving user feedback in the reward function. In addition, they claimed that by using deep neural
networks, the agent can discover arbitrary relationships between user controls and observations of the physical
environment directly, eliminating the need to explicitly assume the existence of a goal. A main limitation for
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this method is it requires discrete human input during training, which could be impractical and problematic
when continuous input is required. In this work, we aim to address this issue by combining residual policy
learning with deep reinforcement learning. The inspiration is drawn from the work presented by Schaff and
Walter (2020), where they created a surrogate user by behaviour cloning, and augmented this user policy with
a learnt residual policy. By evaluating their methods on continuous gaming tasks (eg. Lunar Lander, Lunar
Reacher, and Drone Reacher), they showed it greatly improved the performance of human operators.

Figure 2.1. The virtual wheelchair and three trained crowds’ scenarios. In Each Scenario, the participant has
to drive the wheelchair from the starting location to reach the yellow goal location.

2.2.2. Method
2.2.2.1. Problem Formulation

As an assistive device, a shard-control wheelchair should be able to provide user-centred assistance in
appropriate time. Imagine a naive wheelchair user, their driving style could be cautious and polite. If they were
assisted by an aggressive motion planner, they would potentially be confused and uncomfortable. Conversely,
imagine an experienced wheelchair user being assisted in a cautious way, they may find it annoying. This
requires the system to learn personalized user policies. Therefore, we break down the navigation problem into
two sub-problems. The first one concerns the learning user driving style, while the second one takes the user
model and achieves shared-control navigation in real-time.

2.2.2.2. Simulator Setup

To facilitate various driving styles and test the generalization of our approach, three scenarios have been
designed in Unity (see Figure 2.1). Each scenario is populated with crowds and is designed to capture various
movement patterns (circle, 1d flow, 2d flow). Pedestrian agents are designed with realistic dynamics and their
collision avoidance is governed by ORCA (van den Berg et al., 2011). For more detail of the simulator, see
Grzeskowiak et al. (2021). In each scenario, a random 10% of the pedestrians are designed to ignore the
wheelchair (i.e. no collision avoidance to the wheelchair), this simulates the people who are distracted.
Pedestrians are set at a target velocity of 1.3m/s with a Gaussian noise (Levine and Norenzayan, 1999). The

PUBLIC RELEASE



EU H2020 Research & Innovation — CROWDBOT Project ICT-25-2016-2017
D1.5 2nd Round Test Evaluation Report

simulated wheelchair receives the final linear and angular command, which is sent to a differential PID
controller that governs the movement of two wheels. The non-holonomic constraints are considered in its
kinematic model. The maximum linear velocity for the wheelchair is 1.3 m/s while the maximum angular
velocity is set to 0.785 rad/s. These values are within the velocity limit of our wheelchair and are set to be
comparable with the human walking speed for observing potential various interaction behaviours.

2.2.2.3. Learning User Driving Style

To obtain user data, 20 healthy participants from the UCL psychology participant pool were recruited, all of
them are over 18, with unimpaired vision and wrist mobility. Each of them was given 10 minutes to get familiar
with the setup before the experiment. They were then instructed to drive a simulated wheelchair with a
wheelchair joystick for 45 minutes in three simulated scenarios (15 minutes for each scenario). Participants
were asked to drive the wheelchair in their own style and reach a goal (highlighted in yellow) in each scenario.
Once the goal was reached, they were brought to a new scenario generated in a random sequence.

During the data collection, participants have the first-person view of the wheelchair. All driving data and
environment data were collected at the frequency of 0.1s. Collected data were then pre-processed, which
included cleaning unrealistic samples caused by transition and then segmenting the whole data sequence into
short sequences with a length of 2s each. After evaluation of various features and their combination, we found
"The average distance to the nearest pedestrian”, "The average linear velocity", "The average collision
number" and "The average local density" gave us the best description of the driving data.

Principal component analysis (PCA) was used to further reduce the dimensionality, which produced two
principal components with explained variance > 99.5%. To explore the existence of various driving styles,
clustering was performed by using K-means. The number of clusters was determined by the elbow method. In
the end, two clusters were produced and the result was verified with a silhouette coefficient > 0.6. While an
individual user could potentially exhibit different driving styles, for simplicity we assumed their driving was
consistent during the experiment. This allowed us to categorize the collected user data into two driving styles
(See Figure 2.2).

Behaviour cloning and imitation learning has been used to learn user policies from human demonstrations in
previous works (César-Tondreau et al., 2021; Kuefler et al., 2017). When it comes to crowds navigation
scenarios, the various states make it impracticable to directly learn a motion output from limited and potentially
imperfect human demonstrations. As a result, we use Generative Adversarial Imitation Learning (GAIL) (Ho
and Ermon, 2016) to learn a user policy, which not only leverages the information in the demonstration but
also allows exploration of other unvisited states.

rv_avg

|

T | S | ]
"tPF’.O.C’
o O AN

collisionNum_avg { dist_avg

o O O o
N A O

localDens_avg

Figure 2.2. Radar plot of the two classified driving style.
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2.2.2.4. Shared-control via reinforcement learning

For shared-control navigation, continuous user input is required throughout the whole process. This
characteristic differs itself from previous work where discrete user input is provided as feedback (Reddy et al.,
2018). In addition, continuous user input will require extensive user interaction during training, the amount of
training time may take tens of hours based on the difficulty of the task and the complexity of the scenario. It
is impractical for every wheelchair user to be supervised for that long before they can actually use the
wheelchair.

As a result, the problem was approached by residual policy learning where the initial policy comes from a
surrogate user that is trained offline. During training, the user input is sampled from the surrogate user policy,
which is augmented with the robot states. The control sharing is achieved by shaping the rewards as a joint
probability. To be more specific, the state of the robotic wheelchair is set as
[9x) Gy» Vr» Wi, Dixs Piys Pives Pivys Vi Wul- Gxr gy 18 the position of the goal, vy, w;. represent the velocity of
the wheelchair. In this paper, i takes range from 0 to 9 which includes the 10 nearest pedestrians within 5
meters of the wheelchair. This value is set by considering the range of the people tracker which gives us a local
density about 1p/m? . If fewer than 10 people are detected around the wheelchair, the position values are
padded with the maximum range and the velocity values are filled with 0. All values are wheelchair-centric.
During training time, the wheelchair and environment related states are received from the simulator, while
v, and wy, are inferenced from the surrogate user model. In this work, we assume the wheelchair is only aware
of the long-term goal (i.e. reaching the final goal) while not having direct access to the user’s short-term
intention. We assume the user’s intention is encoded in its user policy and is only partially observable. As a
result, we use a window of 3 time-steps (0.3s) for the states to make it suitable for the recurrent neural network.
A key in achieving control sharing via reinforcement learning is shaping its reward. Inspired by the work in
(Reddy et al., 2018; Schaff and Walter, 2020), we divided the reward function R* into two parts, one part R,
that solves basic robot navigation requirements such as avoid collisions Rt reach the final goal Rtg and
encourage smoother trajectory by penalizing sudden big change in angular velocity R¢,,,, while the other part
(Rt,,) rewards following the user’s intention. We form our reward in a joint probability way. Figure 2.3 shows
a high-level summary of our proposed approach.

R'=(R\)*(R.)

R.=R,+R.+R,

com

rax(||pi " —gl|—|[pt —g||) Otherwise

R =
e i ot —gf <2
0 Otherwise
Rf, =< r. if ||p§. — p}” < 0.66

reex [t —pi]| i [ —plf < 15

14
R com

= —0.01 % |w'|
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Figure 2.3. A summary of our proposed approach. The state input to the neural network is a combination of
the robot(wheelchair) information, environment(crowds) information and the predicted input comes from the
surrogate user.

Where p,.£=1 is the position vector of the robot at time t-1 and g represents the position of the goal. In our
implementation, r; = 5,7, = 50,7, = —20. In terms of the user, we use a function to evaluate the consistency
of the wheelchair motion candidate with the surrogate user policy output.

Ru — ra * expl(”v‘rt_vutllz+”W‘r't_wut”2)
Parameter A controls how the user input and the final motion are correlated. Through trial and error, we found
A =-0.5 gives us a reasonable trade-off. , is set to 0.8.

2.3. Simulator Evaluation
2.3.1. Implementation details

All training and testing in the simulator are implemented in Unity 3D 2019.3.14f, with mlagents version 15.
The laptop has Intel® Core™ i7-9750H CPU @ 2.60GHz x 12, with graphics card GeForce RTX 2070 with
Max-Q Design/PCle/SSE2. The imitation learning was performed using GAIL without extrinsic rewards. The
user policies converge after approximately 50k steps.

In terms of the final shared-control policy, we adopted a curriculum learning strategy due to the complexity of
the task. During some initial trials, we noticed that populating all the human agents at the very beginning of
the training may result in undesirable behaviours, which includes the wheelchair wandering around in the free
area or hit with obstacles immediately as it expected more costs to reach the goal. Therefore, we break down
the learning objectives by first training the wheelchair to reach the goal in a human-free environment. After
that, we keep populating crowds until the local density reaches 1p/m? . The final policy converged after about
200k steps with high agreeability between the surrogate user input and the wheelchair motion (See Figure 2.4
and Figure 2.5).
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Figure 2.4. Cumulative reward for the shared-control navigation policy.
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Figure 2.5. Average user-wheelchair agreeability.

2.3.2 Metrics

We first evaluated the performance of our proposed model and made comparisons with some baseline models
using three basic metrics.

e C: Number of collisions (with walls or pedestrians). This metric is the number of collisions that
occurred in the scenario and were reported by the simulator.

e T.: Task completion time (the time that the user required to reach the goal position from the starting

position):

te = tena — Lstare
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o A: Agreement. We define agreement in terms of the deviation of the user’s heading command from
the final shared control’s heading command. Mathematically, it is calculated as:

O(u) = tan‘l(%)

6(zH)oowuk
ai=1_| ()8 (usc)|
T
Z?I—o ai-At;
agreement = =30———
Zi:o At;

where v and w are the translational and rotational velocities u~[v w |, a; is the normalised agreement at time
step t; and ut, is the final output of the probabilistic shared control. N is the number of samples available in
which data from the user measured input z, coincide in time with ut. , and At; is the duration of the user’s
input command z}:.

We further used the evaluation metrics proposed in D1.3, specifically Path efficiency, Effect on crowd, Crowd-
robot interaction, Collision, and Shared control quality.

2.3.3 Results

We tested the performance of our approach (RLPSC) with one user giving input through a joystick, in a
simulated circular crowd scenario (See Figure 2.1) with local crowd density > 1p/m?. It was compared with
our previous work which uses a velocity-based probabilistic shared control (see D3.6). In addition, no
assistance mode was used as a baseline.

The wheelchair started at a random position which is consistent in trials with different methods. The user drove
the wheelchair to the goal and completed one trial. Each method is tested for 5 trials and Figure 2.6 to Figure
2.8 give a summary of the evaluation results.

1.0]
308
> kind

In

4 J
g 0.6 BN RLPSC
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< 0.2

0.0

A

Figure 2.6. User-robot agreement for the tested three methods.
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Figure 2.7: Time to complete for the tested three methods
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Figure 2.8: Number of collisions for the tested three methods.

It can be seen that both RLPSC and VOPSC reduced the number of collisions with pedestrians substantially
compared to the one without assistance. While the learning-based methods achieve collision avoidance by
setting negative rewards, they do not guarantee collision-free behaviour, especially in challenging scenarios.
As safety is essential to the wheelchair user, a potential solution could be adding Model Predictive Control
(MPC) for redundancy.

On the other hand, while velocity-based PSC took longer to reach the goal, potentially due to "freezing" when
the crowd density increases, the RL-based method had a similar time to completion as when no assistance was
given. This implies that the proposed method is promising in learning crowd interactions, and moving the
wheelchair in a safe and social way. In terms of the agreement, both RLPSC and VOPSC had a similar value
at about 0.88, which shows good control sharing performance in general.

We further evaluated our method in terms of T1(the robot’s relative time to goal), L1(the robot’s relative path
length), J1(the robot’s relative jerk), T2(the robot’s effect on time),V2(the robot’s effect on velocity),
P4(proximity), C5(number of collisions), A6(Agreement), H6(User input entropy) and F6(Fluency of
command). Note H6 is evaluated as,

0(uy) = tan-l(;—’;)

14
H==> pOlogp(®))
i=0
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where we discretized the angles into 15 sections and calculated p(6;). Ideally, a better shared control
algorithm would have smaller user input entropy.

Figure 2.9 shows the summarized result.

Ratio
|_'I

D_

T1L1 J1 T2V2 P4 C5A6H6F6

Figure 2.9. Results for the 10-evaluation metrics. Our proposed RLPSC allows the robot to reach the goal in
slightly longer time by taking a slightly further path, while obeying the user's command more than half of the
time. The effect on crowds is subtle and there were no collisions.

2.4. Field Test

It remains challenging at this stage to directly port RLPSC onto the physical wheelchair, mostly due to
differences between the actual sensors and the characteristics of the sensor models in the simulator. This means
the learned behaviours in the CrowdBot simulator will need further adjustment for deployment in the physical
world. Nevertheless, we further evaluated our previously proposed method (PSC-DWAGVO) on the physical
wheelchair in a number of real-world scenarios. First, we began in a controlled indoor environment, before
demonstrating the wheelchair in uncontrolled indoor and outdoor environments with naturally occurring
crowds.

2.4.1. Scenario 1: Controlled 1D Sparse Crowd
2.4.1.1. Implementation

Scenario 1 was conducted in IOMS Student Centre on UCL’s Stanmore Campus. We used a valid interaction
area of 5m x 5m, where the sparse crowds were constructed using 4 students at a time, from a total pool of
10 participants that were constantly rotated. The students were instructed to walk from one side to the other
side of the room (1D) altogether in a natural way. An optitrack motion capture system was used to track
pedestrians for ground-truth data, and the trajectories were streamed to ROS bag. A photograph of one of the
experimental runs is shown in Figure 2.10, where you can see the smart wheelchair in the centre and each
participant is wearing a baseball cap with the optitrack markers for tracking. During the experiments, we
collected data with “wheelchair and crowd” and “crowd” alone, which also enabled us to measure the effect
of the shared controlled wheelchair on the crowd dynamics. Each experiment was repeated 5 times.
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Figure 2.10. The wheelchair driving amongst a controlled 1D Sparse Crowd.

2.4.1.2. Results

9

We evaluated our proposed method in terms of “effect on crowds”, “crowd-robot interaction” and “shared
control performance”. The results are summarized in Figure 2.11. In general, driven by an experienced user,
our proposed PSC-DWAGVO method allows the robot to navigate in sparse 1D crowds without collisions,
while obeying the user's command most of the time. Such a wheelchair was observed to increase the
pedestrians’ time to goal, whilst slightly decreasing their walking speed.

In addition, when compared with the 1D crowd simulation result, we observed similarities in terms of crowd-

robot interaction and shared control, while some differences exist in the effect on crowds. The field test shows
more effect on pedestrian’s time to goal.

1.5

0.0

T2 V2 P4 C5 A6 H6 F6

Figure 2.11. Results for the controlled 1D sparse crowd scenario (in blue) and its comparison with the
corresponding simulation result reported in D3.6.
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2.4.2. Scenario 2: Demonstration in indoor/outdoor environment
2.4.2.1. Implementation

Finally, we demonstrated the smart wheelchair in a natural 1D/2D sparse crowd scenario on the UCL
Bloomsbury campus. Figure 2.12 shows the route we took, which consists of an outdoor environment (the
entrance) and an indoor environment (the cloisters). The same route was used for data collection as reported
in D3.6. The data was collected from 13:00-16:00, but due to Covid restrictions the passageways were less
busy than we would expect in a normal year.

Some example stills from the data we collected are shown in Figure 2.13, where you can see an external
view of the wheelchair and environment in the left image and the corresponding sensor data and user input in
the right image.

£S5 UIWED Hin
iz
=

=
5
2
2

HOESONT

133415

¢ JVId NHOOOM ¥iddn

s
| o
TAVISTOCK SOUARE

CAPPER  STREET
0

FUVADS * NIDLSINYL

TOTTENItAM

‘
TAVISTOCK SOUARE  TAVISTOCK

et it

-

TORRINGTON  PL

'

ANNOAION — 2 SMIw

ATUNAK
0404038
NHNEOM

]

Route ,
[ b I~ ]

a1
~»  SNIOVD

E s
5 -

F

B Mainuct Beitdings O vettibeysies 3 cotis © Unteryromdsiain 2 Seeatsumbar »
[y —— [ vetstop [ Crole Packing X Rutway e Q)
W stedeats sion Uct Buildngs 2] S vy sunon P Actessibie Ruune
[] Pedessian area 4 Secuity smi Accrss [ Thestre @ Bussip < Padestrion Acesss 0 metras @
Wospital BN Accessible Parkisg =3 one Wy m =

Figure 2.12. A map of UCL Bloomsbury campus, showing the route traversed during our data collection
trials. This route is the same as route 3 reported in D3.6.
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s A
Figure 2.13. Natural 1D/2D sparse Crowd (Indoor and Outdoor) and the corresponding data visualization in
Rviz. Green arrow shows the linear velocity while the red circle stands for the angular velocity. The driver

intends to move forward while the final command makes a small turn to avoid the front pedestrians.
2.4.2.2. Results

Figure 2.14 and 2.15 show the user intended and final chosen linear and angular velocity. It can be observed
that high agreement is maintained most of the time while slight deviation (more in angular velocity) happens
when there is a risk of collision. Figure 2.16 illustrated the performance evaluation in terms of crowd-robot
interaction and shared control.
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Figure 2.14. User’s input and the final linear chosen velocity, selected by the PSC-DWAGVO

algorithm.
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Figure 2.15. User’s input and the final chosen angular velocity, selected by the PSC-DWAGVO
algorithm.
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Figure 2.16. Results for the natural 1D/2D sparse crowd scenario. Driven by an experienced user, our
proposed PSC-DWAGVO method allows the robot to navigate in natural 1D/2D crowds without collision,
while closely obeying the user's command most of the time.
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2.5. Conclusion

In this report, we first proposed a reinforcement learning based shared control approach for wheelchair
navigation in crowds. To address the challenge of involving humans in the training loop, a surrogate user was
trained by GAIL that learns the driving style from the collected user data. The final shared-control policy
combined the predicted user input, the wheelchair state as well as agent-level crowd information, and was
trained to provide suitable driving assistance. The performance of our proposed RL method has been evaluated
in a simulated circular crowds scenario and showed promising navigation performance while obtaining
relatively high user agreement when compared with other approaches.

In the future, we would like to evaluate the model performance and its usability in various challenging crowds
scenarios such as 2D crossing. In addition, we are also interested in exploring generalized sim-to-real transfer
in robot learning.

In addition, we evaluated our previously proposed PSC-DWAGVO (see D3.6) in a controlled 1D sparse crowd
environment and demonstrated its feasibility in a natural 1D/2D sparse crowd in our campus. In the future, we
would like to further validate it in a denser crowd environment.
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3. Qolo

In this section, we report on the tests performed with Qolo in natural crowds in Lausanne, Switzerland. We
begin by describing two different formulations of reactive navigation. We then describe 3 different scenarios,
in which we perform over 5 hours of navigation, traversing more than 12 km in moderately crowded market
environments.

3.1. Research Question

We have seen that traditional navigation methods could lead to a “freezing robot” issue (Trautman et al., 2015)
when the crowd density increases. To address this problem, we have formulated 2 different methods of reactive
collision avoidance applied to crowd navigation for different robot types (as detailed in D3.4).

The first, modulated dynamical systems (MDS) method focuses on holonomic robots with round shape
representation. The second, reactive driving support (RDS) based on velocity obstacles optimization for non-
holonomic and non-circular robots. Both methods focus on immediate reaction to the unexpected obstacle's
motion and slide smoothly along the obstacle when possible, in place of freezing. Nonetheless, contact might
be unavoidable when the robot's kinematic and dynamic constraints are below pedestrian's. Therefore, a post-
collision reactive control has been developed to further extend the safe navigation capabilities of the robot
even under contact. The active compliance combined with MDS provides a way to slide around obstacles while
in contact and continue moving towards the goal. Sliding in contact is done in such a way to not exceed force
thresholds determined as safe.

In D1.4, we presented evaluations of the methods: testing the MDS (Huber, Billard & Slotine. 2019) on a
holonomic platform and in simulation. RDS (Gonon, Paez-Granados & Billard. 2021) was tested on a non-
holonomic robot Qolo (Paez-Granados, et al. 2022) in collaboration with Prof. Kenji Suzuki (University of
Tsukuba, Japan) in laboratory settings and on sparse crowds around the corridors of the EPFL's campus.

In the current experimental evaluation, we explored each method of reactive navigation in raw crowds in the
city of Lausanne, focused on:

e How do the proposed reactive navigation methods perform when used in sparse and flow crowds?
e How does the whole sensing, detection, tracking, and control perform as a reactive collision avoidance
system?

3.2. Reactive Navigation Control
3.2.1. Problem Formulation

The main objective of the reactive control module is to provide a layer for local navigation assistance and
immediate responsiveness to unmodeled or unpredicted object occurrences or motions. Therefore, this
algorithm assumes a continuous dynamical system guiding the robot's motion to be existing and given by a
high-level algorithm that plans for optimality towards its intended goal.

The Modulated Dynamical System (MDS), represents obstacles analytically as star-shaped level sets of a
distance function that absorb the robot's footprint, thus, allowing the robot to be represented as a point
moving in cartesian space. In the case of Qolo, we control a single point in the bumper area as a holonomic
point as documented in D3.4. It guarantees to lead the robot to its goal (hereafter called attractor) by
assuming a virtual boundary as a circle (Huber, Billard & Slotine. 2019).

The method termed Reactive Driving Support (RDS) replicates the behaviour of the MDS locally. While it
sacrifices the guarantee to reach the global goal (by itself, i.e. without an additional path planner), it allows
representing more accurately the robot shape detail (see, Fig. 3.1) and non-holonomic constraints of robot
kinematics (Gonon, Paez-Granados & Billard. 2021).
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i
_ Lidars

Compliant
Bumper

Figure 3.1. Left side: Qolo robot with implemented sensors. Right side: In red the actual robot area, in blue
the circle representation used for MDS obstacle avoidance, and in green the virtual representation used for
RDS obstacle avoidance.

Guaranteeing obstacle avoidance during navigation in highly occupied areas would be unattainable for
current mobile service robots bounded by energy storage capacity, computational resources, and actuation
hardware expected to behave as pedestrians, i.e. holonomic, reactive, communicative, and knowledgeable of
proxemics and other social rules.

To mitigate risks and allow the robot to navigate in post-contact scenarios, we designed a controller that
combines online reactivity to obstacle avoidance as provided by the MDS system with compliant control
using a passive dynamical system approach offered in (Kronander and Billard. 2016). Unlike the admittance
controller presented in D3.4, the current approach uses a dynamical system framework for providing a
sliding behaviour for overcoming initial collision and allowing the robot to advance in crowd scenarios
(Paez-Granados, Gupta, Billard. 2021).

We further generate a compliant response by extending the explicit force control framework in (Amanhoud,
Khoramshahi, Billard, 2019) to post-collision, where, the location of the contact surface is unknown a priori,
therefore, we make use of a closed-loop force control for achieving a sliding control over the surface of the
robot while the underlying dynamical system continues to be modulated by the obstacle avoidance.
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Figure 3.2. Sliding DS formulation for limiting contact forces while moving along an underlying desired
motion. Left side: the robot is represented as a point-mass, when the robot enters in contact with the
obstacle (light-grey zone) the desired motion is controlled by the reaction force at the boundary guaranteeing
a limited contact force Fn to the obstacle and allowing a sliding motion &d around it. Right side:
implementation on the Qolo robot's bumper.

We design a nominal trajectory controlling for the robot’s speed and generated through a functionf (¢) €
R? . We then control for the torques using a damped tracking controller over (&), effectively controlling the
robot during contact as depicted in Figure 3.2,

F(&) = ful§)+ fnl)

where f,,(§) represents the driving, force generated by the nominal DS (¢,,’ ) input tangential (£) to the
collision surface which can be transformed into the contact dynamics as:

I‘J‘éu T
— TS
Jul§) = =5
where T, accounts for a discretizing time constant, and M represents the desired reflected inertia of the
robot. Finally, f,,(¢) describes the force control function as:
Fo,+ F. .
fn(€) = nTn
t

where F. represents the measured contact force, and F,, was chosen as the contact force limit bounded by
safety and acceptability during unexpected collisions. e.g., during leg contacts we chose an F,, = 45N, well
below the pain threshold at the lower legs of 130 N [ISO/TS 15066].

Finally, the controller can be expressed as:

Te = M ful€) + (Fy + Fo)i — DE

where the damping effect on the matrix D was controlled by normal and tangential parameters over the
surface of the obstacle, 4,, and A;, respectively.
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Figure 3.3. Controller architecture considering that the robot is driven by a high-level controller that takes its
desired velocities. The closed-loop controller with contact sensing relies on an RNN for estimation of the
contact forces and location of the contact over the bumper.

The control architecture results in a continuous controller that handles three states of the mobile robot, namely
obstacle avoidance, contact, and post-collision control. as shown in Figure 3.3.

As well, the controller is composed by three parts: first, a high-level closed-loop motion planner drives the
dynamics of the robot in its control space (¢,"), which includes localization, obstacle detection and tracking.
We used a modulated DS (Huber et al. 209) for obstacle avoidance, and the velocity-based planners in RDS
(Gonon et al. 2021) for controlling this input.

Second, the compliance and contact control through sliding method using a known sensing surface over the
robot’s hull with a limited contact force Fn.

Third, a low-level controller that handles the execution to actuators in real-time closed-loop control.
Further details on the controller and evaluation can be found in [Paez-Granados, Gupta, & Billard, 2022].

3.3. Experimental Setup

The experimental setup reported here follows the protocol established on D6.3 “Proceedings of ESAB
Workshops & Report on Ethical Protocols”, for EPFL.

The experiments were carried out in the city of Lausanne with the approval and cooperation of the office for
mobility, the police and the office for parks, and public domain of the city of Lausanne. Approval numbers:
395128 and 416008

At the designed areas in the city of Lausanne we ran experiments in 2 sets of scenarios from the
requirements on D1.3 “Specification of Scenarios Requirements Update”, following the protocol set in point
1.1.1 of travelling 50m goal at different times of the day for achieving different crowd densities:

3.3.1.  Scenario 1: Sparse Crowds

Place: Place de I'Europe & Rue de Saint Laurent (see, Fig. 3.4)
Preliminary recordings during non-rush hours of the weekdays ( mid-afternoon 14:00-17:00).
e Point-to-point recordings of 50m trips x 10 times.

Recordings during non-rush hours of the weekdays ( mid-day 11:00-13:00).
e Point-to-point recordings of 50m trips x 10 times.
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The goal of this scenario was to assess the feasibility of the controller to navigate in increasingly dense crowds
(see, Fig. 3.5).
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Figure 3.4. Top: Place de I'Europe. Bottom: Rue de Saint Laurent.
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Figure 3.5. Left side: Onboard view from the Qolo robot's camera with pedestrian bounding boxes. Right
side: 3D capture of the onboard data from the robot, including 3D lidar point cloud, RGBD point cloud,
pedestrian detections, and the robot's velocity control state (green arrow).

3.3.2.  Scenario 2: Point-to-point navigation in flow crowd

In this scenario, we target assessing how compatible is the reactive navigation with the flow of pedestrians.
We compared the different definitions of the robot's reactivity in MDS, and RDS through executing the task
of avoiding obstacles while reaching a target 20 m head.

In this scenario, we considered a 1D flow navigation at the street of "Rue de Saint-Laurent” (see, Fig.3.6).
The experiment was repeated on several dates in order to get similar crowds at the market of the city of
Lausanne. We expected to find several pedestrians moving in between the 6 streets at the intersection (see,
Fig. 3.7), thus, we set the direction of the robot to follow one of the street's flow.

4 ] 3 .:f;;j.ectory: 20m
_ ¥ Pedestrian flows

-
/ » >
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Figure 3.6. Top view of the selected scenario for multiple evaluations in crowd flows.
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Figure 3.7. Qolo's sensor view of the scenario during experiments.

3.3.3. Scenario 3: Navigation in dense mixed crowd

In this scenario, we considered a 1D flow navigation at the street "Place de I'Europe". The recordings were
made during the Christmas market of the city of Lausanne (see, Fig. 3.8), therefore, we expected to find denser
mixed crowds, formed by people lining up, and flows of pedestrians (see, Fig. 3.9). We followed the same
protocol of traversing a set path with a start and end goal location of 30 m apart in this case.

Figure 3.9. View from Qolo's sensors in the dense crowd navigation.
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3.3.4. Qolo's Implementation details

All testing was implemented on the robot Qolo as detailed in D5.4 “System integration”. Two embedded
computers Upboard Squared Intel® Core™ CPU @ 2.20GHz x 8, and one Nvidia Jetson Xavier AGX (8-core
ARM v8.2 64-bit CPU), 512-core Volta GPU.

3.3.5. Data Recordings:

We collected over 5 hours of navigation data (recorded at 20 Hz), and over 12 km of travelled distance in
moderately crowded market environments, encountering sparse crowds and mixed flows. Based on the
multiple testing at the selected location, we finally chose a path of 20 m over the intersection of the streets
where sufficient influx of pedestrians allowed to perform a test in moderately crowded environments (values
ranging from 0.1 to 0.5 ppsm).

Initial round of recordings over scenario 1 reached over 3 km of recordings, in sets of 50 m round trips, with
13 recordings of autonomous driving using RDS for reactive control and 20 recordings of shared control.
Subsequent testing in scenario 2, successfully recorded 16 MDS trials, 30 RDS trials, and 45 shared-control
trials, each test including 2 minutes of data with 20 m round trips, for a total of 3.6 km.

Measurements to be taken during each trial encompass:

1. Pedestrian's motion information in the form of a set of 2 point-clouds around the robot, including all

surrounding people and obstacles in a range of up to 50 m.

Pedestrian's motion data from a forward looking RGBD camera, with people labelled and blurred.

Force/Torque information gathered by the contact sensors at the robot’s fences.

Recordings of the navigation interface input given by the user/driver of the robot.

Motion data gathered from the robot inertia sensors and velocity sensors.

Video recording of the scene from the robot’s perspective without personal identification recording,

all faces will be blurred out of the images.

7. Video recording of the participant-robot driving in a scenario, with no personal identification, all
faces will be blurred out.

ok wnN

Data format:

One recording dataset includes approximately 120s of recordings, in a rosbag format for Qolo's sensors
that is about 11GB:

Localization - Pose

2 x 3D point-cloud

1x RGBD camera

3 X people detectors

1x Tracker

Qolo state and controller
Contact Forces

The dataset of recording will be publicly available as: Paez-Granados D., Hen Y., Gonon D., Huber L., &
Billard A., (2021), “Close-proximity pedestrians’ detection and tracking from 3D point cloud and RGBD data
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in crowd navigation of a mobile service robot.””, Dec. 15, 2021. IEEE Dataport, doi:
https://dx.doi.org/10.21227/ak77-d722.

Scripts for extraction and post-processing of the crowd data have been released in the repository:
https://github.com/epfl-lasa/crowdbot-evaluation-tools

3.4. Results

LEm

Figure 3.10. Time-lapse of crowd navigation experiments of Qolo in scenario 1.

The reactive navigation controller in full autonomy with a simple underlying dynamical system driving
towards an attractor 50m ahead of the starting position showed to be compatible with the obstacle avoidance
of pedestrians and other bystanders. i.e. the robot was successful in arriving at the desired destination (see,
Fig. 3.10)

Notwithstanding, the simple method is not sufficient to overcome complex scenarios of mixed crowds where
static pedestrians could block the path while lining up, or sitting. In comparison, using shared control where
the input of general direction was given by the driver made the navigation more compatible with the
complexity of the mixed traffic scenes observed.

We validated through scenario 1 the feasibility of driving the robot with reactive navigation around

pedestrians, with sparse crowds ranging from 0.05 ppsm to 0.1 ppsm. The maximum crowd densities
observed in these recordings were 0.4 ppsm.
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Figure 3.11. Trajectory example of a single execution of scenario 2.

Scenario 2 on crowd flows (see, Fig. 3.11) showed density of crowds with mean 0.15 ppsm and up to 0.7
ppsm max density. In the following section we detail the controller comparison on this scenario.

3.4.1. Crowd Metrics
Crowd Density:

Using the synchronized detections at a given timestamp within a radius r around the robot. We measured the
mean and max pedestrian density for comparing the multiple methods in similar scenarios.

A drawback in the current metric estimation is the limited field of view of the robot as it is embedded in the
crowd, therefore we report on the density within 2.5, 5 and 10m around the robot (see, Fig. 3.12), which gives
a better understanding of the scenario.

PUBLIC RELEASE



EU H2020 Research & Innovation — CROWDBOT Project ICT-25-2016-2017
D1.5 2nd Round Test Evaluation Report

o
-]

Crowd Density within x [m] of qolo (150.9s)

— 3m
— 5m
10m

Density [1/m?]
© o o o o
w B 0 o N

S
[N

o
e

60 80 100 120 140
t[s]

Figure 3.12. Crowd density example for 2.5, 5 and 10 m around the robot. The start and end time of the
task for scenario 2 is marked as vertical dotted lines.

Proximity: Using the pedestrian detection output, we can find the mean proximity as:

tr

Prox = 1-1/t; Z d,in(£)/R
t=0

where d,,,;, is the distance to the closest agent, and R is the range in meters. Figure 3.13 displays an example
of the closest proximity (Prox) for one data recording.
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Figure 3.13. Distance of the closest pedestrian to the robot Qolo.

Comparison among controllers:

A total of 16 MDS recordings, 30 RDS recordings, and 45 shared control recordings were successful in
achieving the navigation task.
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Figure 3.14. Crowd density measured from the lidar-based people detector in a radius of 2.5 mand 5 m
around the robot.

The overall crowd density (as shown in Figure 3.14) measured from the onboard sensing fluctuates around
0.12 ppsm, with peaks of up to 0.4 ppsm. Although it is worth noting that the current measurements are
limited to the proximity sensors, therefore, it could be possible that higher densities were not visible from the
robot's view point.

The results of crowd density showed no significant difference among the set of trials. Therefore, we can
conclude that the evaluations occurred in similar crowds in terms of density and flow around the robot.

The minimal distance to pedestrians during the trials showed to be lower in the case of the RDS controller,
compared with MDS (p < 0.01), which is expected for the RDS controller having a tighter definition of the
robot's shape.

Nonetheless, in shared control where the obstacle avoidance is provided by RDS, there was a significantly
higher minimal distance to surrounding pedestrians. Which suggests that the user preference would be of a
proxemic social distance higher than the values set on the controller.

3.4.2. Metrics of path efficiency
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We used the evaluation metrics proposed in D1.3, specifically path efficiency, collisions, and shared control
quality.

Relative time to goal: The relative time to goal compares the time taken by the robot to reach its goal when it
is alone to the time it takes when it is in a crowd, thus a T,..40f 1 would be a full free path.

Trtg = trree / te

Where the completion time is defined as: t. = tong — tstart
Trree = Lgoar/vel, where L_goal represents the distance to the goal and vel is the set desired velocity.

For our experiments, we took the desired velocity of the robot and the linear distance to (L_goal =
|l|pose_final - pose_init||). for estimating the relative time to the goal.

Relative Path length: The relative path length compares the length of the path taken by the robot to reach its
goal when a crowd is present or not. Mathematically it is given by:

L, = goal/Lcrowd

Figure 3.15 shows a path example with the deviations corresponding to obstacle avoidance, where the first
path in red is the autonomous path by the controller and the return path (blue) is a shared control driven path.

Path. Closest distance to the goal=0.0m

Goal path (I=32.0 m, t=58.9 s5)
Return path
Goal area

0] — wr”

y [m]

0 5 10 15 20 25 30
X [m]
Figure 3.15. Example round trip trajectory during experiments.

Relative Jerk: The relative jerk evaluates the smoothness of the path taken by the robot to reach its goal when
it is alone compared to when it is in a crowd. It is given below:

tr
) I (IR
t=0

]rp = Jerowd /Jmanual
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where J.-owa 1S the jerk of the autonomous controller test, and J,;,qnuqr 1S @ reference jerk of a manual driven

test of the Qolo robot by the operator. Each computed as J, where ], and J, represent the linear and
angular jerk, respectively. At corresponds to the sample time window over the period t = 0~t

Results comparison among controllers:
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Figure 3.16. Relative time to goal and path length of the different controllers.

The path efficiency results show a relative time to the goal similar among controllers, with relative times
from 30% up to 60% the efficiency of a free path (see, Fig. 3.16). No significant difference was observed
among the methods. This suggests that the reactive navigation for obstacle avoidance does not hinder
performance when compared with a shared control where the user can take lead over the direction of motion.

The path length was similar among all recordings of MDS (21.5 £ 5.9 m), RDS (20.2 £ 6.2 ), and shared
control (27.1 £ 12.8 ), showing no significant difference (evaluated through a one-way ANOVA). Where all
tests arriving within 3 meters of the target location were considered successful. This was set accounting for
the drift in localization which could cause this level of error in the motion data.

The main difference in shared control shows somewhat longer paths still achieve similar time efficiency,
which proves what was learned from scenario 1. A high-level plan from the user improves the navigation in
the mixed traffic and mixed crowd scenarios.
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The relative jerk showed to be significantly different between MDS and RDS controllers (p <0.1, F=7.35),
with RDS being 5 % lower. On the contrary, comparing SC and MDS did not show a significant difference.
A more in-depth analysis of the controllers performance is presented in the next section through
measurements of agreement and contribution to the obstacle avoidance.

3.4.3. Comparison through shared control metrics

The current tests aimed to estimate the level of assistance that is provided by the navigation algorithm to the
driver, and the level of agreement (or disagreement) that the driver would have from the executed motion by
the robot.

We observe the fluency of commands of the user (temporal continuity) given that the reactive navigation is
intervening with its desired motion, as a reference measurement of the disagreement with the decisions of the
assistive navigation. These measurements were selected from shared control studies metrics [Erdogan, A., and
Argall B. 2017; Ezeh, C.et all. 2017].

Agreement: We defined agreement in terms of the deviation of the direction of the user’s commands from
the direction of the final shared control’s velocity. Described as follows:

v
O(u) = tan‘l(w)

4 =1- 16(2)©6 (usc)|

Vs
agreement = YN a;-At; /YN, At

where v and w are the translational and rotational velocities u~[v w |, a; is the normalised agreement at time
step t; and ug. is the final output of the robot. N is the number of samples available in which data from the
user measured input zj, coincide in time with ug. , and At; is the duration of the user’s input command zj,.

Controller Contribution: C is calculated as C = ||Ur - Uh|| / ||Uh||, over a finite number of discrete samples
N. Where the Ur is the user command in the robot command space (linear and angular speed),
Ur is the output command of the robot.

Both normalized to the maximum linear and angular velocities.

In case of full autonomy with a high-level input controller, we evaluated the contribution as ¢ = (%) :
DS

In here, || X || represents the L2-norm of x.

Fluency of Commands: We observe the fluency of commands of the user (temporal continuity) given that the
reactive navigation is intervening with its desired motion, as a second reference measurement of the
disagreement with the decisions of the assistive navigation.

ty
1
F =— 1-— t _ ,,t—1
NE [up — up

t=t,

where ut represents the user given command at time t, and N the number of samples taken in the interval h
t0 totN.

Number of collisions: Collisions with walls or pedestrians. This metric is the number of collisions that
occurred in the scenario and were reported by the experimenters and post-analysis of the recordings.
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Comparative Results:
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Figure 3.17. The relative comparison of the controller response in crowd navigation, showing navigation
contribution, agreement and fluency for each method.

From the previous section we validated that the scenario of each controller was performed in similar crowds
and the resulting navigation had non-significant difference in time or path length compared to the user driven
recordings.

In contrast, the contribution to obstacle avoidance given by the controller showed to be significantly different
between the methods (p < 0.01, F =37.0).

In shared control the results (Figure 3.17) show that the obstacle avoidance contributed to 50%, with
agreement over 85%, which means that the user was in control of the motion direction 50% of the time, and
the obstacle avoidance assisted mostly in the velocity magnitude over the tests.

In the case of autonomous driving towards the set goal without high-level user planning, RDS guided most
of the velocity components with an average 87% contribution, whereas the MDS controller provided 60% of
contribution. The difference in the approach to avoid obstacles is clear, with RDS controlling the magnitude
of the velocity, whereas MDS executes higher control over the angular component.

In turn, the fluency of the controllers showed to be significantly different among all tested controllers (p
<0.01, F = 74.6), however, only in shared control tests we observed an appreciable difference with a 2% drop
in the fluency of the user-robot commands. Overall, this high fluency shows the compatibility of the reactive
controllers to the high-level planner.
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Collisions:
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Figure 3.18. Virtual collision count with a mean number of collisions per trial of MDS 3.5+2.7, RDS
7.0+7.0 and shared control 7.9+4.2.

The virtual collisions showed to be slightly lower in the case of MDS control compared with RDS (p <0.1, F
= 2.9), with no significant difference to shared control (see, Fig. 3.18).

This result is expected given the larger size of the robot representation used in MDS, which forces the robot
to be further away from pedestrians.

On the other hand, actual reported collisions are shown in the table 3.1.

Table 3.1. Data record of valid tests used for comparative analysis of the controllers and reported number of
collisions on the overall recordings.

Number of Recordings Crowd flow tests Number of Collisions
Shared Control 45 17 3
RDS 30 20 2
MDS 18 15 2

As detailed in table 3.1, we observed, across all conditions, 7 collisions leading to contacts with pedestrians.
All of which occurred at the frontal bumper of the robot.

In 5 of the collisions, either the operator onboard the robot, or the external supervisor of the tests pressed the
emergency stop, therefore, no post-collision control was recorded on those occasions.

In the remaining 2 contacts (when using the RDS model) the contact was with a pedestrian's wheeled
shopping bag, and the contact was very short (<1 s), so that, there was not any perceived reaction from the
compliance controller, nor was the collision perceived by the pedestrian.
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We documented each collision case and found the following probable causes for the controller behaviour.
Reasons for collisions:
1. Limited acceleration on the robot that could not match the pedestrian's acceleration. Probable cause
of one collision with RDS test, and one with SC.
2. Non-holonomic constraints in dense crowds limit reactivity, probable cause for one collision with
MDS.
3. Pedestrians being very close to a surrounding obstacle generated false negatives in the pedestrian
detection. Probable cause for two collisions with shared control and MDS tests.

Comparative results per crowd and density type:

We selected a subsample of the overall tests where the robot was driven in shared control mode through
reactive driving support (RDS) for analysing the effect of crowd type and density of the controller response.

Mean crowd density Max crowd density
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Figure 3.19. Subsample of recordings on shared control with RDS showing variations in crowd density and

proximity to the robot in 3 scenarios: on date 1 with sparse crowd up to 0.3 ppsm, scenario 2 on dates 2 and

3 with crowd flows density up to 0.7 ppsm, and scenario 3 on date 4, with mixed crowds up to 1.0 ppsm. A
one-way ANOVA showed all crowd densities to be significantly different (p<0.01, F=105).

Clustering by dates (see, Figure 3.19) shows the type of crowd and density roles in the controller strategy
and provides us feedback into how the controller responds to different situations. Here, we analyse the
behaviour of the crowd with a user providing high-level direction commands as described in Figure 3.3, with
the RDS controller assisting to provide obstacle avoidance and the active compliance providing post-
collision control.

We observed sparse crowds in date 1 (mean 0.05 ppsm, max:0.28 ppsm ), compared with flow crowds in
dates 2 (mean 0.09ppsm, max 0.42 ppsm ) and date 3 (mean: 0.15ppsm, max: <0.8 ppsm). Finally, date 4
shows a highly dense environment (mean: 0.27 ppsm, max: 0.92 ppsm) of mixed crowds (both flow, static,
and sparse). With all crowd types significantly different in mean and max density (p<0.01, F=105).

In Figure 3.20 we depict all the path efficiency metrics. On the one hand, we found a significant difference
between date 1 - date 3 (p<0.01, F=10.8), and date 1-date 4 (p<0.05, F=7.8) on the relative time to goal,
which suggests that the RDS controller is more efficient in sparse crowds compared with flow and dense
crowded environments. On the other hand, no significant difference was found between highly dense crowds
(~1 ppsm) and flow crowds (~0.5 ppsm).
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In contrast, relative path length showed no significant difference among the tested crowd environments.
Hence, the controller performed comparatively in all the crowds, in terms of path efficiency.
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Figure 3.20. Comparison of the resulting path metrics in shared control navigation among the different
crowd scenarios.

Figure 3.20 shows the minimal distance between the robot and the closest pedestrian, as well as, the number
of virtual contacts in all tests.

The proximity clearly drops with the crowd density, whereas the average number of virtual collisions
increases. We observe, in sparse crowds a mean of 1.4 collisions per test, 4.2 collisions per test in flows, and
10.9 collisions per test, in dense crowds.

Nonetheless, it is worth noting that in dense crowds no collisions were recorded. We recorded physical
contacts on the flow crowds on dates 2 and 3, with 2 and 1 contacts respectively.
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Figure 3.21. Comparison of shared control navigation (RDS) among all crowd scenarios, showing
navigation contribution, agreement, and fluency for each scenario.

Figure 3.21 shows the comparison of the controller contribution for the navigation. We observe no significant
difference between dates 1, 2 and 3, with only date 4 (dense crowds) showing a significantly higher
contribution (p <0.01, F=17.1) with mean 74%.

Equally, the user fluency was observed to be different only on high dense crowds with a drop of 2% (from
average 95% to 93%). This might be caused by the user prompting to switch motion direction and speed given
the highly dynamic crowd.

In agreement metric with the user we observe high values (89% and 87%) in the flow crowds, whereas in
sparse crowds it drops to 68%, and in dense crowds to 69%. Behavior in sparse crowds is likely due to the
result of the controller having enough free space to perform larger avoidance manoeuvres, whereas in flows
the user and the controller agree in the direction as there is not much free space. In the case of dense crowds
(date 4), we observe the controller performing similar manoeuvres depending on the crowd type (mixed static
and sparse).
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3.5. Conclusions

In the current evaluation of the reactive evaluation methods, we have shown it is feasible to navigate around
raw pedestrian crowds demonstrating the controller’s compatibility with the behaviour of bystander
pedestrians. During all 100 trials in sparse crowds, crowd flows, and mixed crowds, we did not report on any
incidents, or negative comments from the bystanders. On the contrary, several people approached the operators
asking about the device Qolo that was being tested and the utility of it. In most cases the comments were
positive about the perceived utility of having assistive navigation technology for mobility impaired users.

The control pipeline showed to perform well, from sensing and detection to control, however, there was a clear
limitation in the people tracking capabilities given the small computing power of the embedded GPU used in
the robot. This was reflected in some of the tests with collisions and unsuccessful recordings. Nonetheless,
improvements were made during the period by the team in RWTH for creating focused attention areas for
people tracking, herewith, allowing better performance.

Furthermore, the whole set of data created during these experiments was made open access and should enable
future researchers on understanding people navigation around robots, and improving the detection and tracking
methods specially from 3D lidar sensing.

The reactive navigation controllers showed to perform similarly in terms of trajectory efficiency, and fluency
during the motions. The controllers differ in the way they avoid obstacles, one mainly deviating through
angular velocity (MDS) and the other mostly by reducing speed (RDS). It is hence expected that they lead to
measurable differences such as faster displacement to the goal for MDS than RDS (confirmed by results),
larger jerkiness for MDS than RDS (confirmed by data). One may have expected that MDS leads to more
collisions than RDS but this is not confirmed by the results. However, the number of collisions is so small that
it may be insignificant to draw conclusions.

A significant difference found in the reactive controller response was given by the type of crowd, where sparse
and mixed traffic crowds showed to be more difficult to navigate with lower agreement with the user. Whereas
in contrast the flow crowd made it easier for the controller to respond to a somewhat uniform response of the
surrounding pedestrians.

When a simple DS autonomously guided the robot in the tests, there were some problems of not interacting
properly with the environment. i.e., getting inside stores, getting in the middle of people lining up, and getting
to shops in the wrong direction, this behaviour is expected as there was no situational awareness of the complex
mixed crowd environments. In comparison, shared control was much more natural and most of the tests ran
smoothly with people going by without even noticing that there was a robot.
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4. Pepper

Compared with the smart wheelchair and Qolo, Pepper is a fully autonomous Crowdbot and therefore needs
to be able to navigate in highly dynamic environments without input from the user. In this section, therefore,
we explore how unsupervised learning methods can assist reinforcement learning in robot navigation tasks.
We compare two end-to-end, and 18 unsupervised-learning-based architectures, which we compare with
existing approaches, in unseen test cases. We end this section by demonstrating our approach working on the
Pepper robot in a real environment.

4.1. Research Question

Robot navigation is a task where reinforcement learning approaches are still unable to compete with traditional
path planning. State-of-the-art methods differ in small ways, and do not all provide reproducible, openly
available implementations. This makes comparing methods a challenge. Recent research has shown that
unsupervised learning methods can scale impressively, and be leveraged to solve difficult problems. In this
work, our research question is:

e How can unsupervised learning be used to assist reinforcement learning for robot navigation?

To answer this research question, we trained two end-to-end, and 18 unsupervised-learning-based
architectures, and compared them, along with existing approaches, in unseen test cases. We also demonstrated
our approach working on a real-life robot. Our results show that unsupervised learning methods are competitive
with end-to-end methods. We also highlight the importance of various components such as input
representation, predictive unsupervised learning, and latent features.

Our models are publicly available, as well as training and testing environments, and tools
(https://github.com/ethz-asl/navrep). This release also includes OpenAl-gym-compatible environments
designed to emulate the training conditions described by other papers with as much fidelity as possible. Our
hope is that this helps in bringing together the field of RL for robot navigation, and allows meaningful
comparisons across state-of-the-art methods.

4.2. NavRep: Unsupervised Representations for Reinforcement
Learning of Robot Navigation in Dynamic Human Environments

4.2.1. Navigation simulation environment

The NavRepSim environment is designed with RL applications in mind. It aims to apply to any range-based
sensor navigation problem. The goal of open-sourcing this simulator is to make it easier for anyone to
reproduce state-of-the-art solutions for learning-based navigation.

The simulator offers 23 fixed maps as well as the possibility to procedurally generate maps containing random
polygons (see Figure 4.1 for examples of the available maps). The offered maps were designed to imitate those
used in prior work. Note that pre-made gym environments are made available to reproduce the specific training
domains of other papers. We also created several new maps from real LiDAR data. Overall, we provide
environments that range from simplified and highly synthetic to more realistic maps containing real-world
Sensor noise.
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Figure 4.1. We make NavRepSim openly available, a simulator which contains efficient, gym-compatible
environments for end-to-end navigation, allowing all to reproduce scenes from (a) Pfeiffer et al. (2017),
Pfeiffer et al. (2018), (b) CADRL and SOADRL (Chen et al., 2017; Chen et al., 2019; Liu et al., 2020),

CrowdMove (Fan et al., 2020) (not shown), (c) IAN (Dugas et al., 2020), and (d) real data.

In addition to having different maps, the learning environments can also vary in terms of the simulated robot(s),
the simulated human agents as well as the learning curriculum. The simulated robot can be either holonomic
or differential-drive. The inertial physics of the robot base can be simulated with high fidelity or simplified as
instantaneous velocities. Further, collisions can either lead to damage (reflected as a negative reward) or instant
episode termination. Users can also specify the number of robots in the environment, since joint training of
several robots in the same simulation is also possible. The number and behaviour of the simulated human
agents can also be adjusted. Agents in the environment may be static or dynamic, they may be rendered as
moving legs or ellipses, and they can be controlled using different policies (constant velocity, ORCA (Van
den Berg et al., 2008), global planning). Finally, we offer two learning curricula. The first uses a constant
episode set-up, picking different maps and agent locations for every episode, while the second varies the
environment difficulty (more human agents and more obstacles in the case of procedurally generated maps)
based on the policy's success.

Care is taken to maintain simulation efficiency, with most environments running at more than 100 iterations
per second in a single thread (on a laptop, Intel Core i7-6600U CPU @ 2.60GHz x 4). For comparison, the
CarRacing gym environment used in Ha & Schmidhuber (2018) runs at the same speed on the same machine.

4.2.2. Learning-based navigation

A core purpose of this work is to study the possible variants of learning-based robot navigation. The basic
setup common across many state-of-the-art methods is a ground robot equipped with a range sensor (often a
2D planar LiDAR). The state space used in the learning formulation is derived from the incoming range data.
Several works also assume that live pedestrian tracks are available to the robot, however in our work we do
not make this assumption. The robot action space is continuous and is represented as a vector in R3, a =
[vx, vy, w]. Each of vy, v, w € [—1,1] correspond to the robot’s translational and rotational velocity in its
base-link frame. Here we consider a holonomic robot, however the work can be extended to diff-drive robots
by simply requiring v), = 0.

The scalar reward function for time-step t is
rt=nt+rt+rt +nt

The first term, 7., is the success reward, which is 100 if the goal is reached and 0 otherwise. The collision
reward, 7,.t, is -25 if the robot collides and 0 otherwise. The danger reward, 7,¢, is equal to -1 if the robot is
closer than 0.2m to an obstacle or agent, and 0 otherwise. Finally, rpt is the progress reward, which is equal to
the difference between the previous distance to goal and new distance to goal.
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4.2.2.1. State space variants

The state representation st is a combination of the LiDAR observations s;¢ and the robot velocity and goal
position in the robot frame s,.t (see Figure 4.2). In this work, we consider two methods for representing LiDAR
measurements and compare their effects when used as inputs to a learned navigation policy. The first
representation is simply a 1-dimensional vector of the 1080 raw distance values from the LiDAR normalized
to [0, 1]. We refer to this as the 1D representation. We also consider a probabilistic representation for the input
LiDAR data. This representation maps the space around the robot as a polar grid (R®4*%%), with evenly
distributed discrete angular sections and exponentially distributed discrete radius intervals, leading to a greater
resolution closer to the robot compared to regions that are farther away. Given the LiDAR scan, each grid cell
is assigned a value p € {0,0.5,1} for being unoccupied, unknown or occupied, respectively. We refer to this
two-dimensional probabilistic LIDAR representation as the rings representation.
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Figure 4.2. The state representation obtained from the world (left) combines both the LiDAR observation s;,
and goal/velocity observation s,.. The LiDAR observation is either represented as a 64 X 64 matrix of
occupancy probability (rings) or a 1080 vector of distances (1D).

4.2.2.2. NavRep: Unsupervised representations for navigation

In contrast to end-to-end learning approaches, NavRep exploits unsupervised representations. Following the
approach of Ha & Schmidhuber (2018), we make use of three main modules,

e V (LiDAR encoding): a variational auto-encoder (VAE) trained to reconstruct the LiDAR state (Figure
4.3),

e M (prediction): a sequence-to-sequence model trained to predict future state (Figure 4.4),

e C (controller): a 2-layer fully connected network (FCN) trained to navigate using sr and the latent
representations of V and M, as input. Its output is the probability of taking action a.

For brevity, we refer to the latent encoding of V as z, and the latent encoding of M as h.

Figure 4.3. Visualization of the V auto-encoding module's inputs and outputs. The LiDAR observation s;and
reconstruction 5;can be either in the rings or 1D representation.
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Figure 4.4. Visualization of the M prediction module's inputs and outputs. The z latent features for each
observation in the sequence are first encoded by the V module. These are passed to M along with the
sequence of actions a. Each predicted 2t*1 in the sequence is then decoded by V.

1) Modular training: From this set of modules, we offer our first NavRep learning variant. The V, M,
and C modules are all trained separately, an LSTM is used for M, as in Ha & Schmidhuber (2018).

2) Joint training: Our second NavRep learning variant is designed to provide insight into the effect of
training V and M jointly or separately. In Ha & Schmidhuber (2018), the authors first train V to
minimize reconstruction loss before training M to minimize the z prediction loss while keeping the V
network weights fixed. Here we compare their modular training regime with one that trains V and M
jointly. An LSTM is used for M.

3) Transformer architecture: Rather than an LSTM, we use the attention-based Transformer
architecture (Vaswani et al, 2017) in M to generate predictions of the future LiDAR encodings.

4) Input features to C: We consider the effect of the inputs used by the controller to compute the robot
action, splitting each NavRep variant into three. We compare between using z, h or [z, h]. An overview
of all the learning architecture and training variants that we study is provided in Figure 4.5.

NavRep
End-to-end Transformer
Baseline Modular Joint (Joint)
| | | |
= | | | | b
| | | | | | z+h
| | | ® | Z

&
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T | | I | z+h
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Figure 4.5. Overview of the architectures trained in this work. For all approaches there are 2 LiDAR input
variants. In addition, the 3 unsupervised-learning-based approaches each have 3 latent feature variants.
Simplified schema of the components is detailed for 3 arbitrarily selected variants.

4.2.2.3. Network implementation and training

1) Hyperparameters: All V modules are composed of a 4-layer CNN encoder, followed by 2-layer FCN,
and 4-layer CNN decoding blocks. z latent features are of size 32, h latent features are of size 64. The
LSTM-based M module has 512-cells. The Transformer-based M module is composed of 8 causal-
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2)

3)

4)

5)

6)

self-attention blocks with 8 attention heads each. The modular V and M modules have respectively
4.3 million and 1.3 million trainable parameters. The V+M transformer model has 4.8 million trainable
parameters. More details available in the open-source implementation.

V: was trained using minibatch gradient descent, with a typical VAE loss,

Ly = Lyec + KL(2Y),

where KL(z%) is the Kullblack-Leibler divergence between the latent feature distribution
parameterized by the encoder and the prior latent feature distribution. The reconstruction loss L, is
the mean squared error between input and output,

Lyec = H(8Y, sY), (4.1)

where H denotes the binary cross entropy, st denotes the observed state (LiDAR representation) at
time t in the sequence.

M: was trained on batches of sequences. We define the loss function as the latent prediction loss,
Ly = H(Z, 2070 + H(3, ', s, t1), (4.2)

This adds the binary cross entropy loss between the predicted (2¢*1) and the true (zt*?1) latent features
to that of the predicted (5,°**) and the true (s,-t*1) goal-velocity states.

Joint V+M: was trained with a loss function composed of the sum of the reconstruction and prediction
losses from Eq. 4.1 and Eq. 4.2. However, in this case, for the rings variant the prediction loss is,

LV+M — H(§t+1,5t+1),

the binary cross entropy loss between the reconstructed state prediction $¢*1 = v (2t*1) and true next
state s+, For the 1D LiDAR variant we used the mean squared error instead of the cross-entropy loss
as the predictions are not distributions, but direct values.

C: was trained using the PPO algorithm (Schulman et al., 2017; Hill et al, 2018). Each C module was
trained up to 3 times with varying random seeds in order to mitigate initialization sensitivity in the
results. Training was stopped after 60 million training steps.

Training data: The V and M modules were trained with data extracted from the same environment in
which the C module was later trained. To generate training sequences, the ORCA (Van den Berg et
al., 2008) policy was used to control the robot, and the number of agents in the scene was increased to
ensure sufficient observations of dynamic objects and prevent imbalance in the dataset. A simple
model of leg movement was used to render dynamic agents as moving legs in the generated LiDAR
data and a time-step of 0.2s was used for updating the agents’ positions.

The C module itself was trained in the SOADRL-like environment (shown in Figure 4.1), with
randomly generated polygons and agents (every episode is unique). A bounding obstacle had to be
added to prevent the policy from learning a simple risk-averse heuristic which consists in going around
the entire area. During training, actions for the C module were limited to x-y movement, with O
rotation. However, the robot's initial angular position was randomized for each episode.

Curriculum learning was used to improve the training of the policy: every failed episode leads to a
lower number of polygon obstacles and agents, conversely, every successful episode leads to an
increase. The maximum number of agents and polygons was capped to 5 agents and 10 obstacles.

4.2.2.4. End-to-end learning baselines

As a baseline, we implement a typical end-to-end RL approach. This approach attempts to learn a navigation
policy m(a, s) predicting action probabilities directly from LiDAR inputs.

Two variants of end-to-end learning are implemented: the first taking the 1-dimensional LiDAR representation
as the state input, and the second taking 2-dimensional rings representation as the state input. For the value
and policy model, we use a CNN for feature extraction, followed by fully connected layers. To make
comparisons fair, the same CNN architecture and dimensions are used as in the VV and C models described in
the following subsection.
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4.3. Evaluations

4.3.1. Simulation Experiments
4.3.1.1. Worldmodel error for unsupervised learning architectures

The six joint, modular and transformer architectures (Figure 4.5) have differing loss functions, which makes
it difficult to compare their losses during training. To this end, we define the “worldmodel error”, a next-step
prediction error term that allows meaningful comparison across architectures,

— at+1 t+1
Eworldmodel - MSE(S S )

However, this error function does not produce comparable results for the rings vs. 1d LiDAR inputs, as they
do not have the same dimensions and scale. Instead, these comparisons are shown separately in Figure 4.6.
The worldmodel errors shown here are calculated for the training sets, which compares each architecture's
ability to learn in an unsupervised manner. It can also be understood as the accuracy of ‘Dreams’ generated by
each architecture. In our results (Figure 4.6) joint outperforms modular training, and Transformer outperforms

LSTM.
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Figure 4.6. Comparison of the worldmodel error for the joint, modular and transformer architectures, for
their (top) rings LiDAR state representation variant, and (bottom) 1D variant. This error is calculated and
shown separately for the LIiDAR state s (left) and goal-velocity state s; (right).

4.3.1.2. Controller training performance

Though the training environment features curriculum learning through adaptive difficulty, a separate validation
environment with fixed difficulty is used to quantify the absolute progress of each model every 100’000
training steps. This validation is similar to the training environment, except that it remains on the maximum
difficulty, i.e. maximum number of agents and obstacles, and that it consists of 100 episodes with arbitrary but
deterministic initializations. Success rates (number of validations runs in which the robot reaches the goal
without collision) are shown in Figure 4.7.
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Figure 4.7. 3 training sessions were performed for each of the two end-to-end and 18 NavRep architectures
to account for the influence of network initialization on the results (legend as in Figure 4.6). Horizontal lines
mark the maximum success rate of each curve. The SOADRL success rate allows for comparison with
methods that use exact human locations as input.

Looking at the modular, joint and transformer models, it seems that the worldmodel error and learned controller
performance are correlated. This suggests that better reconstruction and prediction performance in the V and
M modules leads to latent features which are more useful for the control task. Nevertheless, it can also be seen
that the end-to-end approaches perform better in the validation tasks than the NavRep controllers. Finally,
none of the models are able to surpass the performance of SOADRL, which has access to exact positions of
pedestrians.

4.3.1.3. Test performance

Each model was tested in 27 unseen scenarios (3 maps, 9 scenarios each). At least 300 episodes were run in
each scenario, for a total of 10'000 test episodes per model. These scenarios are designed to represent a wide
range of possible real-life situations that can help to identify specific issues with the learned controller, such
as global planning, agent avoidance and crowd aversion. For each map, the first 6 scenarios are taken from
Dugas et al. (2020), and the remaining 3 are (7) a trivial scenario where the robot is close to the goal with no
obstacle in between, (8) an easy scenario with a close goal, and a single obstacle between robot and goal, and
(9) a typical dynamic avoidance task where all agents are placed on a small circle with goals on the opposite
side and no obstacles in between. The scenario definitions and selection were fixed before any testing took
place to avoid bias.
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Figure 4.8. Mean performance of each model in the testing environments. Legend as in Figs 4.6, 4.7, with
error bars denoting the minimum and maximum score across random seeds. Overall performance is shown
(left), as well as per-map performance from the simple, complex, and realistic maps.
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Figure 4.9. Comparison of trajectories executed by the best performing models during testing in unseen
environments. From left to right, the scenarios are 1) simplest scenario in realistic map, 2) global planning
task in realistic map, 3) full planning task (global, static, dynamic avoidance) in complex map, 4) global
planning in simple map. Orange trajectories are trajectories which resulted in failure to reach the goal,
through collision or time-out. Blue trajectories are successful trajectories. Grey circles indicate the positions
of dynamic agents. Overlaid is the percentage of successful trajectories.

In general, it can be seen that the end-to-end model performance suffers a greater drop in performance from
training to testing, whereas the NavRep models have more consistent performance (Figure 4.8). In particular,
the 1D LiDAR end-to-end model fails completely in the realistic map even though it is a top performer during
training. In addition, when investigating the low performance of SOADRL, we saw that most failures were
due to crashes into obstacles and not agents.

In the same test environment, a traditional planner based on the TEB approach from the widely-used ROS
navigation stack achieves 76% success rate.

The low success rates of all models on long-range navigation scenarios (Figure 4.9) indicates that global
navigation is a challenge for RL-based methods. We also see that several works (Chen et al., 2017; Liu et al.,
2020; Everett et al., 2018) avoid this problem by dealing with local navigation only. Looking at other failures,
we see that in several cases, the end-to-end and unsupervised models don't learn to proceed slowly in the
presence of “danger” (other dynamic agents). Instead they move as fast as possible, or are stuck when available
space becomes narrow. This can perhaps be improved through reward design. Finally, in the challenging dense
static crowd scenario, though most attempts fail, a few are able to succeed by avoiding the dense area, which
implies taking a significantly longer route. As shown in Dugas et al. (2020), this is a challenging situation even
for traditional planners.

4.3.1.4. Analysis of learning variants

1) Impact of rings: Rings encodes the space around the robot as values between 0 and 1 in a pseudo-
probabilistic representation of occupancy. It seems that allowing the NavRep model to infer from and
predict occupancy uncertainties explicitly makes its task easier than inferring directly from the raw
LiDAR scan. In addition, rings provide a higher-level abstraction for the CNN to operate in, meaning
that it requires less depth, while scaling the spatial resolution information to focus on regions close to
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2)

3)

the robot. This is in line with how sensors typically work and also matches the way that, in obstacle
avoidance, more attention should usually be paid to close objects. The difference in resolution
sensitivity between the 1D and rings representations could also explain the dramatic performance drop
observed in the realistic map for the end-to-end model. Local features in the LiDAR representations
for the simple vs. realistic maps vary more in the 1D case than in the rings. Moreover, rings more
easily allow using the same model with different sensors of varying resolution.

Joint vs modular training: Previous work (Ha & Schmidhuber, 2018) recommends modular training,
that is, training V, M and C separately, and to use both z and h as inputs to the C module. However,
in this work we find that jointly trained V+M models provide superior performance in almost all tasks.
The computational cost of joint training is furthermore not significantly greater than for modular
training, though memory usage does increase due to having to store sequences of rich observations
rather than compressed latent features.

Latent feature usefulness: When looking at model performances both in seen and unseen
environments, our results do not support the idea that using both z and h latent features is
advantageous. Though in some cases models trained with z+h features performed slightly better, this
improvement is not significant when compared to the variance between random seeds. In our
experience, the performance cost of including h latent features in the C training regime is great:
training a z+h C model takes approximately 9 times longer than for an equivalent z-only C model. h-
only models have it worst, with low test performance and slow training times.

4.3.2. Hardware Experiments

We took our Transformer architecture (rings, z-only) and implemented it on a Pepper robot (Figure 4.10). Our
robot has a quasi-holonomic base and two 270° LiDARs merged together to form a 1080-vector combined
range scan. The robot was given several waypoints in a space mixed with people and obstacles, and tasked to
patrol between waypoints.
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Figure 4.10. We test the proposed method on a real robot, where the learned policy is repeatedly able to
avoid obstacles and people and reach its goals. Goals are shown in red, successful trajectories in blue, images
taken during the experiment are displayed next to the locations they were taken in. Each sequence was run
three times in a row.

The learned controller achieved 100% success in the real environment, reaching its goal for all trajectories.
However, we observed issues which show a need for improvement.

(i) Smoothness: the commands selected by the controller are aggressive, leading to jerky motion.

(i) Reluctance to go into tight spaces: when faced with narrow but traversable areas, the controller oscillates
around the entrance but eventually makes it through.

(iif) Getting stuck: we observed the planner spend several seconds oscillating in front of an obstacle before
finally passing on one side.

These issues appear to be in part due to the following causes:

(i) Inertia in the dynamics of the robot is not modelled in the training environment, which causes sub-optimal
control in the policy.

(ii) Sensor noise is not present in the simulated environment. As a result, when it occurs in the real scenario,
the controller can react unpredictably.

We surmise that there are further unknown reasons. Such “unknown unknown” effects could possibly be
addressed via continual learning by refining the model in the real world.
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4.4. Conclusion

Training robust sensor-to-control policies for robot navigation remains a challenging task. NavRep methods
do not dominate over end-to-end methods, but we do see interesting properties and trade-offs between the two.
Though less suited to learning specific tasks, unsupervised representations display several benefits, such as
more consistent performance across general tasks, modularity, and the potential to generate ‘“Dream”
environments (Ha & Schmidhuber, 2018), which could assist or replace simulation. The popularity of these
methods is additionally propelled by the continued increase in compute and memory availability. Moving
forward we expect to see larger unsupervised models with richer modalities, that create more convincing
approximations of reality and provide more useful and discerning features.

Nevertheless, navigation-RL still has a long way to go, should one aim to replace traditional planners. Among
the current issues are global planning, sim-2-real constraints, and safety. Potential avenues include more
rigorous exploration of reward functions, more realistic training environments, and continual learning. Given
that standardized gym-like environments could help harmonize future research, we hope that by making
NavRep and NavRepSim publicly available and easy to use, progress in this domain can be accelerated and to
improve collaboration between researchers.
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5. CuyBot

Like Pepper, cuyBot is a fully autonomous robot that cannot rely upon an operator to help out when traversing
complex dynamic and crowded environments. It is inevitable at some point that there will be contact between
an autonomous robot and pedestrians or bystanders. Therefore, in this section we investigate the safety and
acceptability of cuyBot’s compliant motion control system. We report on a physical experiment with 20
participants at University Bonn-Rhein-Sieg in Germany.

5.1. Research question

In previous navigation experiments (D1.4), the cuyBot robot was driving within a university building amidst
different types of crowds. Although one of the features of the robot is its compliant motion control, it was
hardly observed that a person would want to make use of it and try to push the robot away. Even in situations
with higher crowd densities people would rather avoid the robot and move around. Since then the motion
control of the robot platform has been significantly improved. The robot's special actuators called KELO
Drives, compact modules of wheel-pairs that are powered by gearless hub-motors, enable compliant motion
behaviour even without additional force or contact sensors on the robot's periphery. In this new experiment we
conduct an empirical evaluation of the new compliant control with the following research questions:

e What are reasons for the hesitation as well as conditions for the acceptance of getting into direct
physical contact with a moving robot?

e What influence do practical experiences with a robot’s compliant behaviour have on the level of
comfort when being in close proximity to the robot?

As mobile service robots enter more and more areas of daily life, interactions with humans become an
increasingly frequent phenomenon, not only for technology-affine people, but for any person that may happen
to be in the vicinity of the robot. The presence of a robot thereby may evoke a wide range of emotions, from
positive approval and curiosity to fear and discomfort. This topic gains even more importance when the
distance between robot and human gets smaller, up to direct contact as it may happen in crowded situations.
The meaning of distances between humans is studied in the field of proxemics and gained extensive attention
in the context of social-aware robot navigation (Mumm and Mutlu, 2011).

(Takayama and Pantofaru, 2009) investigated influences on the proxemic behaviours during human-robot
interaction and conducted a user study to evaluate four hypotheses. They found evidence that previous
experiences with robots (as well as owning pets) leads to a decrease of people's personal space around robots,
while the direction of approach (human towards robot or vice versa) has no noticeable effect. Also, negative
attitudes towards robots were found to have an effect of increased distancing. The experiment with cuyBot is
closely related to this study, including the additional element of physical interaction in the form of pushing.

The general acceptance of robots has been studied in numerous studies. (Leite et al., 2013) provides a survey
of long-term studies on human-robot interaction with social robots. Variables that influence the acceptance
have been for example identified in (DeGraaf and Allouch, 2013). (Horstman and Kramer, 2020) derive in a
study that the robot's actual behaviour had more impact on people's evaluation than their initial expectations
or backgrounds. (Carreno-Medrano et al, 2021) evaluate the perception and expectation of users before and
after conducting a workshop with a humanoid robot, listing five categories (likeability, perceived intelligence,
trust, reliability, expected success) that all decrease on average after the workshop was conducted. In this
experiment with the cuyBot robot we want to investigate if the experience with the robot's compliant control
behaviour may lead to similar effects.

5.2. Experimental setup

The experiment was conducted as a combination of a physical demonstration with a robot and a questionnaire.
It took place in the University Bonn-Rhein-Sieg in Germany, partly in the university's main entry hall and
partly in a lab room. Two interviewers were controlling a cuyBot robot via joypad at these locations.
Passengers passing by were asked if they would like to join a robot experiment and short survey. In total 20
persons were found to take part.
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Figure 5.1. Steps of test procedure (shown with one of the interviewers). In the first step the
robot approaches a person who pushes the robot back with his hand as well as
with the foot. In the second step the robot nudges the person from the side.

For each participant the following procedure was executed:

1. The scope of the experiment was explained and participants were asked about their familiarity with
robots in general.
2. The interviewers demonstrated the compliant behaviour of the robot in two steps (Figure 5.1):

a. First, let the robot approach them from the side with a slow velocity of about 0.10 m/s and
when getting close they push it away with the hand against the robot's upper trunk, as well as
with the foot against the base frame.

b. Second, they let the robot get into contact and slightly nudge the person with a quasi-static
force of about 25 N, indicating the request to make way.

3. The participants were asked how comfortable they would feel in the two situations with robot contacts
as just demonstrated. The level of comfort was given on a scale from 1 to 5, with 1 denoting strong
reluctance, 3 being neutral and 5 having no concerns.

The participants redid the steps in 2. and experienced the behaviour of the robot themselves.
Afterwards they were asked about changes of their initial evaluations, reasons for discomfort and
conditions on the acceptance for such situations.

o~

The answers and reactions were noted by one of the interviewers on paper. The survey was anonymous, only
the gender was noted as personal data.

5.3. Evaluation
5.3.1. Participants

20 participants took part in total, with 16 male and 4 females. Due to the small number of female participants
gender differences have not been analysed.
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40% of the participants said that they have no or only minor experiences with robots, such as small domestic
robots. 60% of participants felt familiar with robots in general. The high level is due to the situation in the
university where mostly students or staff of technical courses were present.

In the experiment, all participants tried to push the robot away as shown before by the interviewers. All of
them pushed with the hand against its upper trunk, 85% also against the base. The concrete reaction is not
emphasized further, since participants were influenced by the previous demonstration by the interviewers. No
participant showed a noticeable reaction of fear or uneasiness.

5.3.2. Level of comfort in situations with robot contact

Level of comfort in situations with robot contact
5

39 41
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2,95 I ® Robot nudge
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Figure 5.2. Average level of comfort in situations with direct robot contact.

On average the participants felt more comfortable in a situation where they could push the robot away in
comparison to when the robot would touch and nudge them (Figure 5.2). This holds for both, before and after
making the practical experience with the robot. The initial comfort level when self-pushing was high with 3.9
(on the scale 1 to 5), the comfort level when being nudged was just below neutral (2.95).

After having the practical experience with the robot, the estimation of the situation to push the robot only
slightly changed by 0.2 points, with 5 participants increasing their evaluation and 2 decreasing. The evaluation
of being nudged showed a bigger influence with a change of 0.5 points. 12 participants increased their
evaluation, while 4 decreased it.

Level of comfort depending on familiarity with robots
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Figure 5.3. Average level of comfort depending on familiarity with robots.

The relation between the participants' familiarity with robots and the change of evaluations was rather contrary
to initial expectations. For participants with few experiences with robots, the evaluations only slightly changed
(Figure 5.3). For pushing the robot there was actually no change on average, and for being nudged only by
0.25 points.

On the other hand, participants that claimed to be familiar with robots gave a significantly higher score after
the experiment, increasing by 0.33 points for pushing and 0.66 points for robot nudging. Originally, it was
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expected that people new to robots should be much more influenced by the novel experience than those that
have already a good understanding of related technologies. A possible explanation for this effect is that the
robot's behaviour confirmed positive expectations, but avoided known possible hazards. If the expectations
are rather vague, the single experience with one robot might not be sufficient yet for a significant change of
attitude.

5.3.3. Reasons for reduced comfort level

Participants were asked about the reasons for their previous evaluation, without providing preselected options
in order to avoid bias and with the option of multiple answers. The following set of replies were given
concerning the two situations of close contact. The percentage in number indicates how many participants
mentioned that concern.

Concerns if person pushes the robot:

e Fear to damage the robot (15%): It was not clear if applying forces could break something. In particular
external elements such as sensors (RGB-D camera in robot's trunk) and the touch display were
mentioned to possibly have issues when being pressed.

e Too high resistance (15%): The participants expected to require only very small force to make the
robot back off.

e Unintuitive continuous pushing (10%): For the purpose of the experiment the robot would
continuously try to keep moving forward. In a real scenario it would be rather expected that the robot
should possess some kind of situational awareness and understand a manual push as a clear indication
to not approach again.

e Intrusive proximity (10%). The close proximity of the robot felt intrusive. This was the reason for both
of the worst evaluations with scores of 1. Here the resultant behaviour of the robot after contact hardly
mattered, as getting so close was already considered highly undesired.

Concerns if robot nudges the person:

e Dependency on robot behaviour (35%): The behaviour was regarded as acceptable, but only under the
assumption that the robot behaves as in the experiment. In particular it should be similarly slow and
not exert much more force.

e Missing awareness of robot (20%): If the participant is unaware of the robot and gets surprised by the
robot suddenly being so close, the reaction might be different and more negative. This issue is
discussed in the next two paragraphs.

e Restraint of space (15%): When the robot got into direct contact with the participants, they felt their
own movability disturbed, in particular due to lack of space for the legs.

e Intrusive proximity (10%): Similar as for manually pushing the robot, the general close proximity was
considered as highly undesired, leading to two evaluation scores of 1.

e Unclear robot intention (10%): The robot's intention why it got so close would be unclear. In addition,
the participant would be unsure which action might trigger what kind of reaction from the robot, maybe
touching it could cause an alarm signal to set off.

5.3.4. Robot approach direction

Acceptance of approach direction

%

Front Side Back
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Figure 5.4. Acceptance of robot approaching from different sides.

All participants (100%) accepted to be approached by the robot from the front, where they would see it coming
(Figure 5.4). Most of them (75%) also accepted to be approached from the side, while only about half (55%)
would still accept it to approach from behind.

Approaches from the back were several times only seen feasible under the condition that the robot would issue
a warning before. If the contact happens as a surprise it could lead to eventual stumbling over the robot. Some
participants would also expect to be informed about such situations upfront e.g. with warning signs placed in
the robot's operation area.

The dependency on the direction poses a considerable challenge for the robot's perception system. For
approaching from the front, the robot in the presented form also had the practical issue that it could squeeze a
foot under the robot's hull. In this version of the robot the hull had some clearance in order to be able to drive
on ramps which on the other hand does allow small objects to get below the edge of the hull.

5.3.5. Expected types of warning before contact

Type of warning before contact
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Figure 5.5. Expected types of warning before a contact.

The majority of participants (75%) stated that they would expect a warning signal by the robot before it gets
into direct contact (Figure 5.5). The by far most often (55%) requested modality is making some sound, while
voice (15%) and light (10%) seemed less helpful.

Sound was estimated to be crucial in particular when the robot does not approach from the front. In that case
lights would probably not be seen at all. Three participants noted that the sound should be similar to that of a
car. A system similar to an Acoustic Vehicle Alerting Systems (AVAS) could be thought of here, like it is
required for electric vehicles in the EU. The cuyBot robot emits some noises due to ventilators and Lidar
sensors inside, but when driving slowly it can hardly be heard in an environment with ambient noise like in
the university hall. Beep sounds were explicitly noted to be undesired and annoying.

5.3.6.  Concerns for other types of robots

The final question aimed to investigate the dependency on the robot type. Two other robots were shown, one
in reality and one as a picture (Figure 5.6). The one shown as real had very distinct characteristics, a human-
size UV-C disinfection robot developed at Locomotec that was placed at the side of the interviewers. A Pepper
humanoid robot was shown in a picture.
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Figure 5.6. Robots shown to participants: cuyBot used in experiment (left),
UV-C robot shown in reality (centre), Pepper robot shown as picture (right).
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Figure 5.7. Number of concerns for other types of robots.

The majority of participants (75%) had strong concerns about having the same experience with the big UV-C
robot (Figure 5.7). The main reason (60%) mentioned was the size, causing participants to feel scared and
intimidated by it. They were also not sure if the robot would be safe to push, if something might get damaged
or the robot even falls over. Furthermore, it would not be clear whether it might be dangerous to touch it at all,
with open compartments for the UV-C lamps. The strong negative reaction towards the tall robot is somewhat
in contrast to Walter (2008), who found the robot height not having a systematic influence on comfortable
approach distances.

Concerning Pepper, the small size was highlighted as being important, which would leave the feeling of safety
and having control over the situation; apparently assuming that the small size also implies smaller forces
involved. Two issues mentioned were the danger of the robot being overlooked due to its size and the possible
inconvenience of having to touch rather low.
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5.4. Conclusion

The hypothesis of the experiment has been partly confirmed. The comfort level for situations with physical
contact with the robot increased for most participants after they could experience the behaviour of the robot
by themselves. For situations where the humans themselves would push the robot away the change was rather
marginal.

Participants that felt familiar with robots showed a significant higher level of comfort. This result matches the
observation in (Takayama and Pantofaru, 2009). Though the causes why the effect of the experiment led to a
much bigger increase of comfort for these groups remain unclear.

Several participants stated that their evaluation is strongly linked to the experienced robot behaviour. That way
the experiment conforms with (Horstman and Krdmer, 2020) on the importance of the actual behaviour.
Though in contrast also a noticeable relation to the background of the participants was observed.

The evaluations must be seen in context of the situation during the experiment. Only few people were present
at university at those times due to the pandemic situation. The estimation of getting close to the robot could be
quite different in a crowded environment where it is more apparent that closer distances might become
unavoidable.

This experiment demonstrated that the current implementation of the compliant motion control on the cuyBot
robot was safe when getting into contact also with inexperienced users. This observation was done under the
prerequisite that the robot's velocity had been reduced before contact. Impacts with higher velocities would
result in very different impact forces and reduce the acceptability considerably. The timely reduction of
velocity must be ensured by appropriate sensing and environment perception, which was not focussed in this
experiment.

Still there were some concerns about the demonstrated implementation. The continuous pushing of the robot
was criticized, expecting a better situation awareness of the robot. Furthermore, the resistance of the robot was
felt as too high several times, expecting that pushing the robot should be more or less effortless. This requires
adapting the active compliance controller fusing with external sensors and will be part of ongoing work.

Although the number of only 20 participants hardly allows for generalized statements, this experiment
provided hints on various aspects related to the motion of robots in densely crowded situations. Most notably
the experiment suggests that the concept of robots getting into close contacts with humans may be accepted
by the public as long as the functionality of compliant motion is implemented in a safe and intuitive way. Once
persons gathered experience with the robot, on average they have a better than neutral attitude towards close
proximity and physical contacts.
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6. Conclusion

We have successfully evaluated each of our integrated Crowdbots: the smart wheelchair, Qolo, Pepper and
cuyBot. These evaluations were both quantitative and qualitative and ranged from testing the efficacy of core
components that are developed within the project and underpin the Crowdbots — namely: sensing,
localisation, simulation, planning — to fully integrated tests of each platform for some of the scenarios
identified in D1.3 (Specification of Scenarios Requirements Update).

Our two semi-autonomous systems, the smart wheelchair and Qolo, have both shown promising results for the
use of shared control in crowded environments. Both prototypes have been tested in controlled and
uncontrolled indoor and outdoor environments. In these evaluations, we have shown that it is feasible to
navigate around pedestrian crowds, demonstrating the controller’s compatibility with the behaviour of
pedestrians. With over 100 trials in sparse crowds, crowd flows, and mixed crowds, we did not experience any
incidents, or negative comments from the bystanders. We have also shown how a surrogate user can be trained
by GAIL that is able to learn the driving style from the collected user data and this has been validated in
simulation, although translation to the physical robots still remains a challenge.

Evaluations of our two autonomous Crowdbots have demonstrated the feasibility of both navigation capability
in dynamic human environments, as well as the safety and reasonable acceptance of our compliant motion
control when making physical contact with pedestrians. However, to maintain acceptance in these situations,
the timely reduction of velocity must be ensured through appropriate sensing and environment perception.
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