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Abstract | i

Abstract

To enhance human-robot interactions in the context of human-robot han-
dovers, our aim is to achieve smooth, efficient, and transparent robot behavior
that closely emulates human behavior. Signal Temporal Logic (STL) is a
formal language enabling specification and verification of temporal properties
in robotic systems. The correctness of a behaviour relative to an STL
specification can be quantified through assessment of robustness, in turn
enabling the creation of explainable robotic behaviour. In this thesis, data-
driven STL inference techniques are used to model human behaviour, based
on a dataset of human-human handovers. From the learned model, robot
behaviour in human-robot handovers are generated, using Mixed Integer
Linear Programming (MILP) and Model Predictive Control (MPC) methods.
Further, we present a handover planner based on an inferred STL specification,
capable of generating robotic motion in human-robot handovers. Our method
is validated through simulation using a human-human handover dataset and a
human-to-robot handover experiment.

Keywords

Human-Robot Handover, Signal Temporal Logic, Temporal Logic Inference,
Formal methods, Motion Control
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Sammanfattning

For att forbittra interaktioner mellan ménniska och robot strivar vi efter att
uppnd smidigt, effektivt, och transparent robotbeteende som nira efterliknar
minniskor, i samband med hand-6verrickning. Vi definierar en
overrickning som en 6verlimning da ett objekt forflyttas direkt fran hand till
hand mellan tva individer utan att placeras pa en yta eller i ett annat
mellanldge. Signal Temporal Logic (STL) ér ett formellt sprdk som
mojliggor specifikation och verifiering av tidsegenskaper i ett robotsystem.
Korrektheten av ett robotbeteende kan métas genom STL robustness, vilket i
sin tur mojliggor genereringen av robotbeteenden baserat pa en STL
specifikation. I denna avhandling anvénds data-drivna STL inferenstekniker
for att modellera minskligt beteende, baserat pd en dataset med
overrickningar frin minniska till ménniska. Frdn den inlirda modellen
genereras robotens rorelse med hjélp av Mixed Integer Linear Programming
(MILP) och Model Predictive Control (MPC) metoder. Vi presenterar en
kontrollmetod for hand-6verrdckning baserad pa en STL specifikation,
genererad ur ett mdnniska-ménniska overrdcknings-dataset, kapabel att styra
robotens vid en Overrdckning mellan méinniska och robot. Var metod
valideras genom simulation baserat pa méinniska-ménniska overrdcknings-
dataset, och experimentellt genom 6verrackning frdn minniska till robot.

Nyckelord

Miinniska-Robot Overlimning, Signal Temporal Logik, Temporal Logik
Inferens, Formella Metoder, Rorelsekontroll, Kontrollsystem
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Chapter 1

Introduction

Handovers are a coordinated, collaborative task that occurs when an object
is transferred from one party to another. It is an integral part of many
collaborative tasks, ranging from delivering a tool to the hand of a worker
to passing household items. For the successful integration of robots in such
tasks the handovers must feel acceptable to the users. Handovers are also part
of high risk situations, such as handing over a tool to a surgeon, where the
consequences of a potential failure are grave. In such cases there must also be
a guarantee of consistency and safety.

Our research builds upon the recently published dataset of Khanna et
al. [2], collected as part of their study [3] on data-driven Long Short
Term Memory (LSTM) based classifiers driving grip-release in robot-human
handovers. The dataset includes recorded upper body Motion Capture
(MoCap) data, along with interaction wrench and grip force. Handovers were
recorded in three different settings: with a sensor embedded object, with
weights added to the object, and with the unweighted object while the giver’s
vision was impaired. In total approximately 8000 handovers were recorded,
approximately 2700 handovers per setting, and they were recorded from 26
participants grouped into 13 pairs.

Kshirsagar et al. have pioneering work on Signal Temporal Logic (STL)
based controller for human-robot handovers [4]. The aim of their research was
developing a controller with simple parameters allowing an end-user without
programming knowledge to adjust the timing of the phases of a handover.
To achieve this, they constructed a flexible STL framework for human-robot
handovers, allowing different strategies to be implemented within the same
framework. Additionally, they implemented a controller for human-robot
handovers satisfying an STL specification, based on the work of Raman et
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al. [5].

The STL models used in [4] were developed with the aim of simplicity.
They propose using data-driven parameter tuning to adjust timing constraints
to give their handover models human-inspired timing. This project aims to
go further, using a data-driven STL model based on the dataset [2], combined
with the STL framework presented by [4] in order to generate a human-inspired
controller for the motion of a robot arm during the reach phase in a human-
robot handover context.

1.1 Problem

The research question is formulated as follows:

How can we generate human-robot handovers, through human-human
handover data-driven STL specifications?

Our hypothesis is that modelling human behaviour in human-human handovers
will yield human-robot handovers that are perceived as smoother, and more
user-friendly. Additionally, it is our hypothesis that an STL specification,
inferred from a human-human handover dataset can encapsulate how
handovers can be executed in a human-like manner, and consequently well
perceived by the end-user.

This thesis will investigate the feasibility of using data-driven STL
specified trajectories of handovers to drive the motion in the reach phase of
a human-robot handover.

1.2 Goals

We have identified the following objectives in order to examine the research
question:

1. Given data on human-human handovers, extract an STL specification
describing the trajectory of the reach phase of a human-human handover.
The specification should identify successful examples of handovers, and
reject signals not constituting handovers.

2. Implement a planner for handovers following a trajectory based on the
STL model, and identify an appropriate time and location for object
transfer.

3. Test a handover controller based with the inferred model.
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1.3 Research Methodology

The following methods have been identified in order to perform the tasks
identified above.

1. Temporal logic inference. A system following an STL specification
can be verifiably safe, and is therefore appropriate when proof of safety
is important. STL specifications include continuous signals and timing,
giving them the power to express timed conditions on position, velocity,
etc. making STL appropriate for handovers.

Inference of STL formulae from data will be used to model the reach
phase of a handover. Since the dataset [2] only contains successful
handovers we only have positive data available. A failed handover could
be defined by the object being dropped, the handover taking too long
time or too high interaction forces. Defining and obtaining such failed
handover data is challenging and not in the scope of this thesis. Arbitrary
non-handover signals could be used as negative signals, however, the
resulting classifier may be too broad. We will use the tool TeLEx as
presented by Jha et al. [1], chosen for its ability to learn tight STL
specifications from positive data only.

2. Design of a controller. The framework for STL based handover
controllers by Kshirsagar in [4] will be modified to fit our project.
Kshirsagar uses a controller by Raman [5], based on transforming an
STL formula to Mixed Integer Linear Programming (MILP), and solve
iterative using a Receding Horizon Control (RHC), or Model Predictive
Control (MPC) approach. We obtain an optimized trajectory fulfilling
a given STL formula while minimizing the control velocity, based on a
motion prediction of the human hand, and the learned STL specification.

3. Evaluation. We will evaluate our data-driven STL-based control of
human-robot handovers in simulation. We will use a subsection of
handover signals from the Handovers @ RPL dataset [2] from giver-taker
pairs that were not used in the learning process. We will evaluate
success-rate, accuracy of handover location prediction, as well as
handover time prediction.

The controller will also be implemented on the Baxter robot platform to
show its real-world performance.
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1.4 Delimitations

The scope of the thesis will be limited by these limitations:

» Temporal Logic Inference is not the research focus of the thesis, but is
used as a tool.

* The focus is on using an STL to model handovers. Other models such
as reinforcement learning, LSTM, etc. will not be considered for this
thesis.

 Existing, available robots will be used. New robot hardware will not be
designed for this thesis.

» We focus only on the reach phase of handovers.

1.5 Sustainability and Ethics

The development of collaborative robots will have far reaching effects, and
successful handovers are vital for many applications. Industries such as
automotive production are at the forefront of automation, and have long
used robots in their production chain. Industrial robots capable of cutting,
measuring, welding and more have increased productivity, with higher
precision and consistency than humanly possible. In turn, with fewer human
errors less raw material is consumed for the same end product. As early
adopters the automotive are some of the first in Industry 4.0 to utilize
collaborative robots serving as assistants to humans increasing efficiency and
safety further [6].

In settings such as hospitals robots are envisioned not to replace, but
supplement human healthcare workers, making their jobs easier [6]. For
instance, robots can work in sterile or infectious environments reducing risk for
both workers and patients. During the Covid-19 pandemic robots were used to
deliver medicine, food and other necessities to infected patients while reducing
the workload and risk to care-givers [7]. Notably, such tasks around vulnerable
patients, highlight the importance of safety and accessibility. The further
development of intuitive, safe and smooth handovers could aid accessibility
to those with limited mobility. Similarly, robots can reduce the workload in
elderly care, while giving people back independence.

Automation carries with it a risk of causing job-loss. In industry low-
skilled workers may be displaced as smarter robots take over more tasks.
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However with more capable, social robots, able to work along side humans,
many tasks and environments earlier seen as to complex are opened up for
automation, putting new job categories at risk. Regarding healthcare and
elderly care, automating interactions with patients may also inadvertently
increase the loneliness of patients.

It should also be noted that robots using visual motion tracking systems use
cameras which may raise privacy issues. In implementations facing the public
people may be recorded without their knowledge, particularly in hospital
environments there is a high probability that cameras intended for motion
tracking will capture vulnerable patients.

1.6 Structure of the thesis

In Chapter 1, we have introduced the topic, present and motivate project.
Chapter 2 presents relevant background information about STL and handovers.
First, we formally define STL, then introduce MILP-encoding of STL
formulas, and STL-inference, laying the foundation for our controller. We then
discuss human-robot handovers, giving context to subject specific choices and
strategies.

Chapter 3 presents the our contribution, our process of generating a
handover controller through data-driven STL-specifications. We first give our
definition of the handover signal. Then, we describe how the handover signals
from the dataset [2] are processed to generate an STL-model for handover
trajectory, using STL inference techniques. The structure of the STL-model
the handover reach phase is also defined. Finally, we define the handover
controller and planner, based on MILP-encoding of the STL-model. We make
modifications to the MILP-encoding discussed in Chapter 2.

Chapter 4 presents our results, analyzing the performance of our controller.
We follow this in Chapter 5 with a conclusion, discussing achievements,
limitations, and future work.
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Chapter 2

Background

In this chapter, we summarize existing research in relevant fields to give
relevant background knowledge and definitions. We also give an overview
of the current state-of-the-art to motivate our choices. We start by defining
the semantics STL as used in this thesis. We then cover state-of-the-art
STL-inference methods and STL based control strategies, going in-depth on
methods we base our work on. Handovers, in an Human-Robot Interaction
(HRI) context are then presented, including popular control strategies for
human-robot handovers, and evaluation methods for human-robot handovers.
By exploring these areas we will provide a foundation for understanding this
thesis.

2.1 STL

Informally, STL [8] is a mathematical language that reasons over properties of
signals over time. An STL model is human-readable, meaning humans can,
through reasoning, understand the model and link it to physical properties of
a system.

Robustness [9] is a property of an STL formula and a signal, i.e. an n-
dimensional sequence of values over time, that can be informally interpreted
as a quantitative measure of how well the signal satisfies the STL formula. A
positive robustness indicates that a signal satisfies the model, while a negative
robustness indicates that it does not. Additionally, a large positive robustness
indicates the STL model is robustly satisfied, with a large margin of error. A
large negative robustness in turn indicates the STL model is far from being
satisfied.
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2.1.1 Formal definition

We mostly follow the formal definition of STL given in [10]. Let R and N be
the set of real and natural numbers including zero, respectively. Time intervals
are in the form [a,b] C N, a,b € N, a < b. An n-dimensional, finite, discrete-
time signal s is defined as a sequence s : s;,5¢, . . . Stya» where s;, € R" is the
value of signal s at time ¢; € R, ¢ € N. We define time such that ¢; < ¢; if
1 < j;and t;11 — t; = dt where dt is a constant sampling period. The final
instance of the signal is denoted as s, where ||s|| denotes the discrete length
of signal s. The j-th component of signal value s,, is denoted by s{i, where
j € [1,n]. and dim’ is the j-th dimension of the space. The set of all signals
with values taken from R" is denoted by ..
The syntax of STL is defined as follows [9]:

Gu=T |7 |20 | d1 A b2 | d1ldia 02

where T is the Boolean True constant, 7w a predicate over R" in the form
of f(x) ~ pu, f : R* - R, p € R, and ~¢ {<,>}; = and A are the
Boolean operators for negation and conjunction, respectively; and U, ) is the
temporal operator until over bounded interval [a, b]. Other Boolean operations
are defined using the conjunction and negation operators to enable the full
expression of propositional logic. The set of all STL formulas applying to
signals Y is denoted as ®*.
In this paper, we consider the following fragment of STL.:

¢u=7| 20| 1A P2 | Oy | D)@ (2.1)

Additional temporal operators eventually and always are defined as <, ¢ =
TUjap ¢ and O ¢ = _‘<>[a,b]_‘¢7 respectively.
Further, the semantics of STL are defined as:

St; ):ﬂ- Ang f(sti) =y

St; ’: _'925 <~ _‘<Sti ’: ¢)

s, EOLV o2 & (s, o)V (s, E ¢2) 2.2)
s, E 1A Qs & (S, E d1) A (s, [ d2) '
s, Uepo® <= Vi' € i + [a, b, St =

St; ): <>[a,b]¢ & W ei+ [a, b] s.t. 8¢, ): 10}

where f is a function over signal s and € R
If a discrete time sequence s models ¢, denoted as s = ¢, it should
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hold that s;, = ¢. The allways and eventually can informally be described
as conjunctions and disjunctions over time. For s |= Oy, ¢ to be true, the
signal at every time step s;, must satisfy ¢ from « ending at b, similarly to
a conjunction. A signal will satisfy an eventually statement s,, = 450,
similarly to a conjunction, if at least at one time step the signal s;, models ¢.

The robustness of an STL formula is a function p : > X P> x N — R,
recursively defined as [9], equivalent to the definition in [5]:

s t) = B f(sti) ~==

pls. (£(5) ~ ).t {f(%)_u s

p(S _'¢> ) = _p(57¢7ti)7

IO(S (bl \% ¢27 ) = max(p(s, ¢17ti)7p(57 (b?vti))? (23)
p(s, 1 A da,t;) = min(p(s, ¢1,1;), p(s, P2, 1)),

p(8, Qlap] @5 ti) =, ax p(s, o, i),

p(s; Opap) 5 ti) = ZEI}E[I;H p(s, &, ti)

where f is a function over signal s and 1 € R.

Robustness is a quantitative measure of satisfaction of an STL formula,
defined such that a p(s,¢,t;) > 0 = s, = ¢. Informally, a positive
robustness of an STL specification ¢ applied to signal s, is equivalent to
the signal satisfying the STL specification s = ¢ as specified in Eq. (2.2).
Robustness is evaluated recursively according to the semantics in Eq. (2.3).
Robustness of predicates are evaluated firs, then propagated through min or
max functions following the structure of the STL formula and semantics for
its operators. As in the qualitative semantics, Eq. (2.2), there is a similarity
between conjunctions and the temporal operator always. Both use a max
operation to propagate robustness. Similarly, disjunctions and eventually
propagate robustness of subformulae using a min operation.

The horizon N of an STL formula is defined as the minimum length of the
time window required to compute its robustness, and it is recursively computed
as:

7|l =0, ||¢]] = |||
@1 A @2l = [|@1 V 2| = max{||p1], [|d2]|} (2.4)
[Ctt]| = |Dang|| = ta + 4l

2.1.2 Control satisfying STL

To generate a signal satisfying an STL model there exist a range of options [5]
[10]. In [10] a motion planner is presented for a mobile robot using RRT* with
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a cost function based on the spatial robustness of an STL specification. This
kind of random sampling with an STL robustness based cost function can also
be applied to control the movement for handovers, however random sampling
techniques suffer in higher dimensional problems.

In [5] a controller using MPC, also known as RHC, was utilized to produce
an optimal control signal satisfying an STL formula. By encoding STL
specifications into MILP constraints and solving these in an MPC controller
an optimal control strategy is achieved. The method generates control signals
maximizing STL robustness by specifying the objective function of the MILP
problem, and facilitates placing additional constraints on system evolution.
Ramans encoding [5] is used by Kshirsagar et al. [4] to generate handover
motion control, and a similar approach will be used in this project. To solve
MILP problems a solver such as Gurobi [11] can be utilized.

The encoding of quantitative semantics of robustness presented in Eq.
(2.3) to MILP constraints is given by Raman et al. [5]. Our controller uses
an encoding heavily based on this, discussed in Sect. 3.3.2.2. In order to
be self-contained, and highlight differences, the original encoding from [5] is
presented in detail here.

Given a formula ¢, the encoded robustness variable rf is introduced, with
associated MILP constraints such that TZ > 0 if and only if the model ¢ holds
at discrete time instance ¢;, ¢ € N. Further, the constraints enforce rfz =
p(s,®,t;) as defined by Eq. (2.3). The definition is recursive, propagating
with the structure of the STL formula the similarly to (2.3). This encoding are
presented in the following sections.

2.1.2.1 Predicates

Consider a predicate 7, defined as

s, =T e fls) ~p

where ~€ {<, >}

We introduce a real-value encoded robusiness variable 77, at each time step
ti,i € {0,1,..., N}, where N is the horizon of ¢. Further, we introduce the
following constraint

T {M - f(sti) (25)

N:S
t;
f(sti> - ~=2>

Note that 7] has the same value as robustness p(s, 7, t) defined in Eq. (2.3).
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2.1.2.2 Negation

For a negation defined as ¢; = —¢5 we define variables ;' at each time step
t;, denoted as
rit = i (2.6)

The variables are constrained are constrained by

rt = —rf? (2.7)
2.1.2.3 Conjunction
A conjunction of m functions is given as ¢ = A", ¢,. We introduce
variables denoted as .
rf = N\ri (2.8)
n=1

Note the time subscript on the right side, in r; *. When encoding a conjunction
we treat t,, = t;, Vn. The subscript will become relevant when encoding the
temporal operator always, which is encoded as a conjunction over time.

The variable 7 is subject to the following constraints:

> =1 (2.9)

n=1

rtfgrfzf,nzl,...,m (2.10)

rir — (L= pim )M < rf <rfm 4+ (1 —pim)M (2.11)
First, we introduce binary variables p;" for n = 1,2,...,m, and in Eq.

(2.9) constrain their sum to 1, enforcing that there exists one and only one j €
{1,...,m} variable pZJ = 1. Next, in Eq. (2.10), r{ is constrained to be less
or equal to all instances of r{" forall n € [1,m/]. Finally, in Eq. (2.11), with M
as alarge number, r{ = rf;_] if and only if pf; " = 1. M mustbe sufficiently large
to not limit »; for instances of Eq. (2.11) where p;" = 0. Effectively these
constraints enforce r; = minn(rfn”), similarly to the semantics of robustness
for conjunctions given in Eq. (2.3).

Note that in our implementation Eq. (2.11) is replaced with Eq. (3.54),
encoding robustness as an inequality rather than exact value. This is discussed
in detail in Sect. 3.3.2.4.
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2.1.2.4 Disjunction

A disjunction of m functions, ¢ = V' ¢, is given as
m
e =\ (2.12)
n=1

As in Eq. (2.8) the time index ¢, = t; when encoding a disjunction. The
temporal operator eventually is encoded as a disjunction over time, making
use of ¢,,.

Disjunctions are encoded similarly to conjunctions, adding constraints
from Eq. (2.9) and (2.11). Eq. (2.10) is replaced with

rf>ritn=1,...,m (2.13)
Thereby enforcing that r{ = maxn(r,fi "), similarly to the semantics of

robustness for disjunctions given in (2.3).

2.1.2.5 Always

The always operator is given as

¢1 = Uja) @2 (2.14)

In [5] the authors define variables

a; = min(i + a, N) (2.15)
b, = min(i + b, N) (2.16)

where a and b are the start and end time indexes of the temporal operator,
while ag and bg constitute the encoded time interval for the temporal operator.
The always operator is encoded as a conjunction over time

rfil = /\ rff (2.17)

N

oy
1=
t

The encoding is presented in Sect. 2.1.2.3. In Eq. (2.8) we note that all ¢,
refer to the same formula, ¢, while times refer to the encoded time interval
iy, € [tai\{,tbi\f}.
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2.1.2.6 Eventually

The eventually operator is given by

$1 = Qlap P2 (2.18)

Eventually is encoded similarly to always operators, as a disjunction over
time

it =\ " (2.19)

N

I —
1 =a
t

Encoding of the disjunction is described in Sect. 2.1.2.4.

2.1.3 STL inference

STL inference is the inference of an STL formula from data. Methods can
be broadly classified by how much access to the system is needed by the
learning algorithm. Active learning approaches, such as Linard and Tumova
[12] need access to the system, or a simulated version of the system, and
through an informed process of trial and error learn a model of the system.
Passive learning approaches use data signals to learn about the behaviour of a
system. Approaches such as [13] [14] [15] [16] use signals labelled as positive
or negative to produce STL classifiers to differentiate the two. These are
decision tree based techniques that successfully levrage classification rate to
create classifiers, but significantly their performance depends on the different
qualities of positive and negative data.

Other approaches such as TeLEx [1] use only positive signals to create a
model. In some cases only desirable signals are available. Counter-examples
may not be available because of cost, danger or ethical issues. For example, if
learning a model for perceived safe driving it may be not be ethical to recreate
unsafe driving behaviour in real traffic, and it may be prohibitively expensive
to realistically simulate in a safe environment.

A problem for learning an STL model without counter-examples is how
to measure performance of the model. The goal is to obtain a model which
accepts only signals with good system behaviour, as in the learning data, and
rejects any signal that deviates from the behaviour seen in the learning data.
Jha et al. [1] introduces a tightness metric to STL, measuring how tight an
STL model fits a signal. The tightness metric is a function of robustness with
a peak arbitrarily close to zero, allowing optimization of STL parameters as to
fit signals tightly.
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TeLEx [1] optimizes bounded parameters in an STL templates with respect
to the tightness metric, guided by parameters 5 and 7. [ guides how tight
resulting predicates are, or how close to 0 robustness should be, while v
controls the trade-off between tightness and temporal operator interval length.
Some key definitions for the tightness metric are given for clarity, however, for
full definitions and an in depth description of TeLEx the reader is referred to
[1].

The tightness metric 0(s,¢,t) [1] is defined recursively similarly to
robustness Eq. (2.3). Definitions of disjunctions and conjunctions are
identical to Eq. (2.3), negations are not defined. The tightness of predicates,
7 are defined ]

O(s,m,t) = e e" (2.20)
where = p(s, m,t). The mapping from robustness to fightness can be seen
in Fig. 2.1. Intuitively, optimizing STL parameters for maximum tightness
produces an STL function with robustness near the peak in Fig. 2.1. J can
be increased to place the peak arbitrarily close to 0 for a tighter specification,
albeit at the cost of numerical stability during optimization.

Tightness of temporal operators are defined with respect to tightness of the
internal function, v, and the length of the time interval. Eventually operators
are subject to the contraction function C, which serves to increase tightness
value of short intervals compared to longer; and always operators are subject

to the expansion function I, prioritizing shorter intervals.

0(s, Oltats)®>1) = C(7,ta,te)  sup (s, ¢, 1) (2.21)
V' Et4ta t+ty)]
0(‘97 D[ta,tb}¢7 t) - E(f% taa tb) inf 9(‘97 ¢7 t/> (222)

' E[t+ta,t+tp)

Essentially, TeLEx favours eventually operators with short temporal intervals,
and always operators with long temporal intervals. The contraction function
and expansion function are defined as:

2

C(v,tasty) = T ot (2.23)
2

E(77 la, tb) = (224)

T 1 4+ e (t—tatl)
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Figure 2.1: TeLEx [1] mapping from robustness of predicate 7 to tightness
with different values of (.

2.2 Handovers

Handovers, in the context of HRI, have recently been extensively summarized
in a literature review by Ortenzi et al. [17]. In their review, they define a
handover as a joint action in which an object is passed from a giver to a taker.
A joint action is a type of social interaction characterized by the spatial and
temporal coordination of two or more individuals. According to Sebanz et
al. [18], three factors are key to the success of any joint action: sharing a
representation of the situation, the ability to predict actions of both parties
and integrating the predicted effect of actions. These factors are key to the
successful coordination of handovers.

It is popular in robotics to split handovers into two major phases
[17]. Pre-handover phase, when the goal and execution of the handover is
communicated and coordinated. And the Physical exchange phase, starting
when the receiver first contacts the object, and ending when the giver has fully
released the object.

In the pre-handover phase the what, when and where [19] of the interaction
is coordinated between giver and taker. The pre-handover phase includes
everything from first interaction between giver and taker to when they are
both touching the object, however our main interest is from the object being
in the grasp of the giver at an idle state, to the start of the physical transfer,
which we will refer to as the reach phase, or reach. Communication between
humans in the pre-handover phase may happen verbally, through gaze, pose.
Significantly, movement during the reach phase is clear communication
signalling information about the handover.
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What in [19] is the goals of both participants, which is important to make
sure the giver can accommodate the task the taker will perform with the object.
Taker task can be as simple as placing the object on a table, or as complex as
juggling, however all tasks place some constraints, hard or loose, on what the
handover should look like. In [20] Aleotti et al. compared a robot-human
handover system presenting an appropriate part of an object to the user, taking
into account comfort and social convention, to a system disregarding object
orientation. They found people preferred their controller, highlighting the
importance of orientation of objects in regards to object shape and affordance.

When is the temporal coordination[19], including the speed and when
either party may pause during the handover. Huang et al. [21] investigates
the timing of coordinated tasks involving handovers. They found that humans
tend to slow down movements in order to accommodate the speed of the other.
If additional delay was necessary they would pause before the reach phase until
the other person was ready.

Where is spatial coordination[19]. In a 2009 study Basili et al. [22] found
the handover location consistently occurs near the center point between the
giver and the taker. These results were observed by tracking the heads of giver
and taker as well as the their hands and the object. Since then there has been
significant improvements regarding MoCap systems, and computing power to
track more points. It is therefore reasonable to believe better handover location
estimation based on the relative poses of giver and taker would be possible
today.

The physical transfer phase is the period of approximately S00ms [3] when
both giver and taker are touching the object. We will refer to the physical
transfer phase as the transfer phase, or simply transfer. Here the issue is
the timing and coordination of grip-release.  The controller presented by
Kshirsagar et al. [4] can use either visual tracking of the humans hand, and its
openness, or estimated load-share forces to determine if grip-release should
occur. Load-share is an estimation of how much of the mass of the object is
being supported by the giver and the taker during transfer. Meng et al. [23] use
visual input from an RGB-D camera and machine learning methods to track
the receiver’s hands, including fingers, to track the grasp of the taker. Huang
et al. [21] use interaction force to detect if the receiver has grasped the object
and plan for grip-release. Recently Khanna et al. [3] used an LSTM neural
network to estimate grip-release from measured interaction wrench.

It is important to note that in human-human handovers motion is
continuous from reach through transfer. In [24] they note a preference for
handover controllers that will slightly push the object into the receiving
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humans hand during transfer. Medina et al. [25] notes that focusing on each
phase individually can lead to unnaturally sequential motions, as the robot
switches from one controller to another. They instead implement a continuous,
human-inspired motion planner to deliver and release the object in a natural
way. The object is moved towards a continuously updated estimate of the
handover location. Load-share is continuously estimated to control the grip
force, leveraging an approximately linear correlation between grip force and
load-share, observed in human-human handovers. These findings align with
Chan et al. [26] who conclude a linear relation between grip force and load
force, however they observe the relationship looks different for different giver-
taker pairs.

2.2.1 Sensors/input

The sensory inputs necessary for a human-robot handover depend on the
implementation, however, human pose tracking is of particular interest, as it
gives a lot of feedback for the what, where and when of a handover[19]. In
a lab setting MoCap systems can be used to great success, such as accurate,
high speed data collection in [2]. However, it is not suitable for real-world
deployment, due to complex set-up, and is often avoided in research as they do
not reflect the challenges and limitations of real-world application. Tracking
using RGB-D cameras is a option more applicable to real-world deployment.
Examples include [27] and [23]. Notably, different camera positions may be
chosen to minimize the risk of occlusion.

Visual tracking can also inform grip-release during transfer, however, it
is not optimal. It may require costly image processing[23], or assuming the
taker will grasp by proximity[4]. The transfer phase also poses higher risk of
occlusion, since both robot and human are holding the object.

Many handover controllers measure interaction wrench, or force. Wrench
includes forces and torques. Wrench can be measured at the wrist using a
wrist sensor, or estimated from joint torques in the robot arm. It is important
to note torques may need to be projected to the center of an object, and will
depend on the geometry of an object. Wrench has been shown to be sufficient
to appropriately trigger grip-release in stationary robot arms[3], but is often
combined with motion tracking[25][4] for positional awareness and motion
control.
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2.2.2 Control strategies

Kshirsagar et al. [4] have made major contributions to motion control for
handovers using STL specifications. Their STL framework and controller can
be adapted to follow different strategies for motion control and grip release.
Some state of the art approaches to motion control will also be discussed here.

In 2019, Kshirsagar et al. introduced a method for generating
controllers for human-robot handovers using STL specifications [4]. Their
framework of STL formulas allows for high-level control over the timing of
handovers, enabling end-users to adjust timing parameters without requiring
programming knowledge. The framework offers flexibility by allowing the
redefinition of STL formulas. To demonstrate the flexibility of the framework
the authors implemented various reach phase strategies, such as reaching for
a pre-defined handover location and reaching for the receiver’s hand.

To implement the controllers, Kshirsagar et al. utilized an MPC based
on the work of Raman et al. [5]. Raman et al. contributed an automated
method for converting STL formula to MILP constraints. A control sequence
can then be optimized in a RHC fashion, to maximize robustness of a STL
formula, or minimize a cost-function while ensuring satisfaction of the STL
formula within the control horizon. In their implementation [4], the controller
employed a cost function that minimizes the mean velocity of the robot arm,
aiming to achieve smooth motion. The resulting controllers were evaluated
through simulation.

2.2.3 Evaluation

The human likeness of human-robot interaction encompasses, objectively and
subjectively, how similar a robots behaviour is to human behaviour. This
thesis focuses on objective measures, leaving subjective evaluation for further
studies, however for completeness both aspects are covered here.

Evaluating of subjective human likeness of human-robot interaction is best
done in a user study. A minimal set of metrics to measure handover quality in a
user study have been suggested by Ortenzi et al. [17]. They propose measuring
objective metrics of task performance, and the subjective experience of the
human. Task performance metrics can be directly measured in the interaction.
Metrics may include success rate of the task, total handover time, and time for
task completion by the receiver. Further we measure the accuracy of handover
location prediction, handover time prediction, and trajectory error when
simulating handovers based on human-human handovers. Subjective metrics
include perceived fluency, robot trust and working alliance. They provide a
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minimal Likert-style questionnaire to asses these after experimentation.

They also point out that other metrics should be added depending on
the specific application. The questions proposed in [17] includes a subset
of questions found in [28] where the authors study methods of evaluating
fluency of human-robot collaborations. The average interaction forces a
good measure, with lower interaction forces implying a smoother, effortless
handover. In [3] and [25] the average interaction wrench of handovers is used
to compare various grip-release strategies. The godspeed questionnaires were
introduced in 2009 in [29], and have become a standard in the HRI community
for measuring human-like qualities of robots.

It is important to note that experimental setups often vary and significantly
direct comparison of results may not be possible. Interaction forces can depend
on factors such as object mass and robot arm rigidity, and subjective factors
can vary from experimental setups or cultural factors. Therefore comparative
studies are common, examples including [3] [25]. A baseline is implemented
on the same framework, and compared in the same conditions to allow a fair
comparison.

2.3 Summary

This chapter has provided background knowledge on STL and handovers. In
a nutshell, the work of Kshirsagar et al. [4] introduced an STL framework for
human-robot handovers. This framework can be modified with additional STL
expressions to follow other strategies. Control signals satisfying the full STL
specification are then generated based on the MPC controller from [5].

An STL specification for giver motion during a human-human handover
reach phase can be generated using STL inference with only positive data [1],
discussed in Sect. 3.2.2. The dataset collected by Khanna et al. [2], with
signals of human-human handovers is available and will be used. Grip-release
occurs during the transfer phase of the handover, so is outside the scope of this
project, however the framework in [4] provides a load-share based solution
for triggering grip-release that could be easily incorporated into the control
strategy.

The main contribution of our project will be the implementation of a data-
driven STL model for the motion control during the reach phase of a handover.
Our goal is to achieve human-inspired motion control using a data-driven STL
model of human-human handovers, ultimately producing human-like human-
robot handovers.
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Chapter 3

Generating Handovers through
Data-driven STL Specifications

This chapter details our process of generating handover controls. As outlined
in Fig. 3.1 the dataset [2] is processed, using STL-inference techniques an STL
specification for reach trajectory is extracted. The trajectory specification is
combined with a specification inspired by Kshirsagar et. al [4], and finally a
handover planner is implemented utilizing a MILP encoding of the handover
specification. We start by describing how a handover signal is represented,
defining the handover signal, and a shared frame of reference. Next we
describe our process of STL inference, describing the pre-processing required
to generate the desired signals from the dataset [2] used as input data, and
the TeLLEx based inference method producing the data-driven STL reach
specification. We then describe a planner utilizing our STL specification to
generate, and continuously update a motion plan for a handover. And lastly
we describe how this planner is implemented in a controller.

3.1 Handover signal representation

This section details how handover signals are represented. We consider right-
hand position tracking of both the giver and the taker, and tracking of giver and
taker body position, specifically chest position. These positions are assumed
to be available as signals given in an arbitrary world frame.

We first define a shared frame based on the relative position of giver and
taker. By defining the shared frame relative the chest positions of giver-taker
we generalize coordinates to make our planner applicable to a wider range
of handover configurations. We then define the handover signals, containing
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Figure 3.1: Overview of the process from dataset to handover planner.

features our STL reach specification will control. To represent the shared
state of giver and taker during a handover we include position, velocity and
acceleration of giver and taker in the signal. Velocity and acceleration can
easily be extracted from a position tracked signal, both in pre-processing of
the dataset [2], and later in encoded in the planer described in Sect. 3.3.2.1.
We also define relative features, describing the difference between giver and
taker.

3.1.1 Shared frame definition

The goal of defining handover signals in a shared frame rathen than world
frame is to create an intuitive coordinate system, taylored for a handover
context. The trajectory of any handover should look similar in this frame,
regardless of the positions of giver-taker in space. We therefore define the
shared frame as a cartesian coordinate system using the relative positions of
giver-taker, so that the z-axis allways points from giver to taker, y-axis points
to the givers left, and the z-axis is vertical. Additionally the origin of the
shared frame is at the midpoint between giver and taker chests, approximating
the handover location [22].
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In this section we define the origin and orientation of the shared frame
in Eq. (3.1) and (3.2) respectively. We denote shared frame O and world
frame W. The definition assumes the world frame z-axis is defined pointing
up vertically. Giver-taker refers to both giver and taker jointly.

Origin of the shared frame is defined as:

gi = (xjvz +:L’Iévc) /2

vo = (v + v

) /2
W W W 3.1
25 = (ZTC + zGC) /2
Xy =[5 yo 25 ]

XY is the origin of the shared frame given in the world frame. G. and T,
indicate coordinates the chest of giver and taker respectively. The origin of
the shared frame is thereby defined as the center point of a line between the
chests of the giver and taker.

The orientation of the shared frame is defined by:

R = les ey e

e.=[001]"

o — 2ge yie—yle 07 (32)
V(@ = 28 + (ure — vi)?

e, =e, Xe,

e, =

RY is the rotational matrix defining the orientation of the shared frame.
€., ey, e, are the base-vectors of the shared frame. e, defines the shared frame
z-axis to be vertical. The e, is a normalized vector, orthogonal to e, pointing
from the chest of the giver towards the chest of the taker. e, is orthogonal to
e, and e, and is defined by their cross product.

The resulting frame has an origin at the center of the giver and taker,
x-axis points from giver towards the taker, y-axis points towards the giver
left, and z-axis points vertically up. Notably, if giver-taker chest are not
stationary the frame is time-dependent, moving with the giver-faker. This
way the origin remains at the giver-taker center, approximating the handover
location [22], allowing shared frame coordinates to be defined relative to the
handover location.
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Figure 3.2: A handover signal taken from the Handovers@RPL dataset [2]:
(a) Horizontal position of giver-taker right hands, and baton, along the x-axis
of the world frame. (b) Vertical position, along the z-axis of the world frame.
Baton refers to the object being transfered. The handover signal is centered
around ¢ = 0 when both the giver and taker hold the object.

3.1.2 Handover signal

In this section we give our notation to represent the handover as a signal. Each

dimension of the signal represents a feature of interest we will model in the

STL reach specification, including position, velocity, and acceleration of giver-

taker in Eq. (3.4) and (3.5). Also relative position, velocity and acceleration

will be modeled in Eq. (3.7), and are therefore defined in the handover signal.
The signal of a handover at time ¢ is defined as:

st = (sa,, S1,) (3.3)
where s¢;, contains the giver-hand signals:
_ o ,0 .0 0
sa, = ( LG Yot 2a s { Gi
20 0 ;0 YO
Lo Yo #Gt { Gy (3.4)
o) -0 e} O
Taor Yot ZG,t) { Gy
and s, contains the taker-hand signals:
_ o .0 ,O o
ST, = ( Lo YT s 2Tt { T;t
.0 0 ;0 O
TP4s YTt 2Tt { T (3.5)

-0 -0 o) 0
T YTt Tt {Tt )
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where & and Z are the first and second time derivative of x, velocity and
acceleration respectively. Using =& ,,y5, and 2§, we denote the 3d-position
of the givers right hand in shared frame Sect. 3.1.1, which is also denoted as
G'9; Changing the subscript we denote the 3d-position of the takers right hand
as x(T),w y% . and z% .» or refer to it as TC. Intuitively, GO, T, refer to the right
hand position of the giver and taker respectively, given in shared frame O, at
time ¢.
Additionally, to expedite STL-inference and control we redefine s; to
include sa ¢, given by:
st = (sa,, $1,, SA,) (3.6)

_ O (0 [0 O
sa, = ( LA YA ZA { Ay
=0 - O 2O A O
0980 80 { A (3.7)
) -0 e} N O
LAt YAt ZA ) { Ay
o]

where 23 , = :L’g’t — :U%t is relative positions defined as the difference between
the giver and the taker, in the shared frame O. defined at the midpoint of giver-
taker chest frames.

The handover signal is, therefore, a 27-dimensional signal. The j-th
component of signal s, is denoted by s/, where j € [1,27] and dim’ is the
j-th dimension of the handover space.

In the following sections we also make reference to the handover signal
given in world frame, s, = (z¢,, Yl ---). We denote the 3d-position of
giver-taker right hands in world frame as G}V and T}V. The j-th component
of the signal in world frame is denoted s};V J. If no frame is specified s; denotes
the handover signal given in shared frame as defined above, but for clarity the

handover signal in shared frame may also be denoted s¢.

3.2 Inference of STL handover model

In this section we describe how we extract an STL-formula modeling the reach
phase of a handover, from the Handovers@RPL dataset [2]. We denote this
formula as ¢.,cn. Firstly, we describe pre-processing of the dataset [2], with
all steps necessary to generate handover signals as defined in Sect. 3.1. The
signals trimmed to the reach phase, to ensure the process infers properties only
from the reach phase of the handovers. Outliers, that don’t represent the typical
handover are also removed.

We then turn to the structure of the STL-formula, how it is inspired by
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Figure 3.3: Overview of the Pre-processing pipeline for creating learning and
validation data from Handovers @RPL, including parameters.

Kshirsagar [4], and our contribution, the STL-specification for the motion of
a handover, generated using STL-inferrence. Our technique is based on the
STL-inferrence tool TeLEx [1], which optimizes the parameters of an STL-
templates. We design the templates to capture handover signals and generate
an explainable STL-specification. Finally, optimized templates are validated,
in order to ensure they model handover signals sufficiently well.

3.2.1 Pre-processing

Our inference method uses data from the publicly available dataset Han-
dovers@RPL [2], processed as described in this chapter. An outline of the
process is shown in Fig. 3.3.

The dataset contains upper body motion capture of the transfer of a sensor-
embedded object between pairs of human participants. The participants stand
across a table, placing the object on specified areas of the table, between
between each transfer of the object. The sensor-embedded object also records
interaction wrench and grip forces. Each handover signal 6.675 seconds long,
801 samples at 120Hz, centered around the object transfer, when the grip force
of the giver intersects with the grip force of the taker. An example handover is
shown in Fig. 3.2, showing the a horizontal (3.2a) and vertical (3.2b) tracking
of right hand of giver and taker, as well as the sensor embedded baton used in
the dataset.

Handover signals in the dataset [2] are positions, given in a world frame
with a vertical z-axis, with positive direction upward. In Sect. 3.2.1.1 we
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explain how velocity and acceleration are estimated. Following this, in Sect.
3.2.1.2 we define our method of detecting motion tracking errors, to remove
such signals from the dataset. In Sect. 3.2.1.3 we detail how signals are
transformed to shared frame as defined in Sect. 3.1.1. Subsequently, in Sect.
3.2.1.4, we discuss how signals are trimmed using the grip force sensors from
the sensor embedded object to detect start- and end-time of the reach phase.
Additionally, the signals are downsampled to reduce computation time STL-
inference. In Sect. 3.2.1.5 we outliers, denoting handovers that deviate from
the typical patterns of handovers for that pair of participants, are then identified
and removed from the dataset.

The output of the pre-processing pipeline is two sets of handovers, learning
data and validation data, comprised of handover signals as defined in Sect.
3.1, covering the reach-phases of successful handovers between multiple pairs
of participants. A total of 1372 handovers are analyzed, labeled pair 1 through
12, set 1 and 2, from Handovers @ RPL [2], not including reversed handovers.
Of these 202 handovers were rejected for containing tracking errors, 61 were
removed as outliers.

3.2.1.1 State estimation

The first step in pre-processing is state estimation, obtaining approximations of
velocity and acceleration from the position signals of giver-taker right hands.
Velocity and acceleration are extracted for each axis of movement using a user
designed Kalman filter configured for state estimation. This state estimation
serves multiple purposes:

1. approximating velocity and acceleration of giver-taker right hands in
world frame,

2. smoothing out noisy signals,
3. detecting and rejecting handovers with tracking errors.

World frame position signals in G}¥, T}V ,from the giver-taker right hand
trackers of are filtered to estimate velocity and acceleration components of the
handover signal in world frame, s}'. Fig. 3.4 shows an example where the
unfiltered signal ng , is used to estimate position, velocity and acceleration for
the giver right hand in the z-axis.
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Figure 3.4: Smoothing and state estimation of giver right hand in z-axis. (a)
Comparing filtered and unfiltered position. (b) State estimation output.

Each axis of movement is estimated following the motion model:

(1 1/dt 1/(2dt?)

F=|0 1 1/dt
0 0 1
0

G=10 (3.8)
1

H=[1 0 0]

x(tis1) = Fx(t;) + Guw(t;)
y(t;) = Hx(t;) + v(t;)

X is the state-vector of the motion model, containing position, velocity and
acceleration for one axis of movement. In Fig. 3.4b we show the filter output
estimating the z-axis position of the givers right hand we let
Zg/:ti
x(t;) = ng "
TV

ZG,ti

F is the state update matrix, dt = 8.33ms is the sampling period of the dataset.
w(t;) is process noise, applied through G to create a random walk estimation
model for the acceleration component of x. y(t;) is measured model output,
equal to the true position with added measurement noise. The example in Fig.
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3.4a shows the unfiltered measurment y(¢;) = ng +;» compared to the filtered
output of the estimator in Eq. (3.9), 3(¢;).
The estimator is a Kalman filter, defined as in [30], is given by:

Xpredict (fir1) = FX(t;)
Y(tiv1) = HXpredwt(tzH)
P(tiy1) = FQ(t;)F T +GR,G"
1 (3.9
L(tit1) = P(ti)H' (HP(t;0)H' + Ry) ™
X(tit1) = Xprediet (tir1) + L(tit1) (y(tisr) — 9(tiv1))
Q(tis1) = P(tiv1) — L(tir1)HP(ti11)

with initial values X,, = [y(to) 0 O}T and Q = I, the identity matrix.
Xpredict(ti+1) is an intermediate estimation of state which predicts the state
without taking into consideration the measurement at time ¢;,;. Finally,
by iterating Eq. (3.9) for all observations in the measurement vector y, we
produce the state estimate X(¢;).

Since the Kalman filter is an adaptive filtering technique the exact initial
values are not significant, assuming they have time to settle. R; and R,
represent process and measurement noise variance respectively, however in a
user designed implementation of the Kalman filter only their ratio is of interest.
Therefore we define Ry = 1, Ry = R/, and tune the filter using av = 50.

The right hands, giver-taker chest tracker position are also filtered, to
detect tracking errors and smooth noisy signals. Chest tracker positions are
used to transform coordinates in world frame to the shared frame as describes
in Eq. (3.1) and (3.2), and therefore tracking errors in chest signals will affect
the handover signal negatively.

3.2.1.2 Tracking error detection

Some handovers contain tracking errors, where one or more mo-cap tracking
point suddenly shifts. Fig. 3.5a shows a signal with a minor tracking error.
To identify such tracking errors we observe the maximum difference between
estimated position and measured position for each signal. Handovers where
the estimation error of any dimension exceedes a threshold are rejected,
expressed:

Eestimation error < m?-X(’y(tz) - ?J(E)D (310)

We use the threshold eegimation error = 0.08m to reject most errors. Due to the
smoothing effect of the state estimation in Sect. 3.2.1.1 some error should
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Figure 3.5: Handover with a estimation error. 3.5a Giver right hand tracker
for handover 20, set 1 of participant pair 7. 3.5b Associated estimation error.
3.5c Estimation error distribution per filtered signal. The histogram bar width

is 0.03m

be expected, with faster motions causing larger error. The distribution of
maximum estimation error for signals, shown in Fig. 3.5c, shows a steep drop-
off, with most signals with having less than 0.3m maximum estimation error.

3.2.1.3 Shared frame of reference

To transform a signals between map-frame and shared frame defined in
Sect. 3.1.1, rotational matrices and a homogeneous transform matrices are
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constructed:
Ry (t:) = (Rg (1:)" (3.11)
Wt A
T(t;) = {Roo(t‘) Xol(tl)} (3.12)

where RY (t;) is the matrix defining the orientation of the shared frame at time
t;, defined in Eq. (3.2). X} (¢;) defines the origin of shared frame, defined in
Eq. (3.1). RS, is the rotational matrix transforming vectors in world frame W
to shared frame O, and T, is the homogeneous transform matrix from points
in map frame to shared frame.

Position signals are transformed through matrix multiplication with
the homogeneous transform matrix, while velocity and acceleration are
transformed using the rotational matrix.

[1]- 7]

Gto = R%(ti)G'ZV

(3.13)

Taker position signals are similarly transformed. Relative signals, A?,
Ato , A? don’t need to be transformed as they are derived from giver-taker
signals, as defined in Eq. (3.7).

Transforming velocity and acceleration using only a rotational matrix does
not take into account the movment of the reference frame, and with a time
varying frame is not strictly accurate. However, because we consider only
handovers where giver and taker stand still, we can assume the shared frame
doesn’t move significantly during a handover. We back this up by observing
that giver-taker chests remain relatively stationary in recorded handovers.

3.2.1.4 Trimming

To learn a meaningful reach phase specification the learning data should be
comprised of the reach phase data. We want to avoid behaviours from the
retraction phase in our reach specification. Therefore handover signals from
the dataset [2] are trimmed, cutting signals to start at the beginning of the
reach phase, when the giver picks up the object. We redefine the signal so this
starting point is at £y. The end of the signal is defined at the end of the transfer
phase, when the giver lets go of the object.
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At this point in the processing chain handover signals are also down-
sampled from the recorded 120Hz to 24Hz sample-rate. This redefines the
sample period as approximately dt = 0.042 seconds. This is to increase
speed of the learning algorithm TeLEX, discussed in Sect. 3.2.2.

The start time of the reach phase, ¢y, is identified by when the object leaves
the pick-up location G;ﬁ/ck_up. The pick-up location is in turn defined as the
position of the givers hand where the giver first grips the object. The pick-up
location is given by:

1% 1%
GPiCk'up = tpick-up
tpick—up = min(t) s.t. ngver grip(t) > 5grip7 (314)
t S thandover
Here Fgjyergrip is grip force of the giver. We use €44, = 1N as grip force

threshold to detect the giver is holding the object. G’Z‘f rup 18 the position of the
givers right hand in world frame, at the time #pickyp.

thandover @ time series identifying the handover within the recorded signal.
It starts at the time when the giver touches the object to pick it up, to when
the taker places it on the table and lets go of it, defined as longest sequence of
Fiver grip(t) > €arip A Flaker arip(t) > Egrip in the recorded signal. Identifying the
thandover 1S important because some recorded signals in the data set [2] catch the
ending of the previous handover, or start of the next. Therefore the condition
Fiver grip(t) > €4rip may not be suficient to identify the pick-up time.

The start time of the reach phase, used as the start of our redefined signals
to, is then defined by:

to = min(t) s.t. ¢t > tpickeup,

(3.15)
|G} = Grickapl > Epicieup

where epicyp = 0.1m is the threshold to start the reach phase. Thereby
the start of the signals is redefined by when the givers hand leaves the pick-up
location.

The end time of the signal, ¢.,q, is marked by the end of the transfer phase,
defined as the last time instance when the giver grip-force exceeds a threshold:

tend = Max(t) s.t. Fyiver grip(t) > Egrip, (3.16)
te thandover .

Resulting handover signals, defined from ¢, to t.,q, contain the reach and
transfer phases of each handover. Notably, they are of unequal length. For use
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with the STL-inferrence tool TeLEXx [1] the all signals must be of equal length.
Therefore the end of signals are padded. Padding is defined as:

ng = ngd

T =Ty,

G =0

" 3.17
T, =0 e
G9 =0

T;g =0 th € (tend; tmax]

tmax 1S the maximum signal length, or the maximum value of ¢, for all
handovers. Position components are padded by their final value, while velocity
and acceleration components are zero-padded. This implies that if a handover
is not completed when the handover location is reached, giver-taker should
wait at the handover location.

3.2.1.5 Outlier rejection

Some handovers in the dataset [2] don’t follow similar patterns to other
handovers. A taker may nearly drop the object as it is transfered, or a giver
may hold on to it a long time before starting to reach. Some variation is
to be expected due to human factors. Handovers between different pairs
of participants are especially expected due to different prefferences of the
participants. However, when variation within one pair excedes a threshold,
we class the handover as an outlier, and reject them from learning data.

To identify outliers we define signals i/ (;) and o7 (¢;) as the mean and
standard deviation of the j-th dimension of all handovers in a participant pair
sg’j, at time ¢;.

These signals are used to construct a condition:

1529 — 13 (#)] > 07 (t)outtier

(3.18)
Vt G {tna tn_l,_]_, ) tn+50utlier—time}

Any handover deviating from the mean by greater than €yq;e; = 2.5 standard
deviations, for more than €,ygierime = 40 samples is classified as an outlier
and rejected. Considering the sample defined in Sect. 3.2.1.4, dt = 0.042
seconds, means if any dimension of the signal exceedeS the threshold set by
Eoutlier fOr 1.667 seconds it is rejected.



34 | Generating Handovers through Data-driven STL Specifications

3.2.1.6 Learning and Validation dataset summary

Following the process layed out in this Sect. 3.2.1 we obtain a set of handover
signals. Using conditions in Eq. (3.10) and (3.18) we reject signals with
tracking errors and outlier signals. Remaining signals have been transformed
to shared frame, and trimmed to start at object pickup and end at object
transfer. This gives access to handover signals s as defined in Eq. (3.3).
The frame O is omitted in further notation of handover signals s;, and should
be assumed to be defined in shared frame if nothing else is stated.

We split signals into 80% learning data, 20% validation data. The dataset
is split per participant pair, ensuring there is a representative distribution of
signals from each pair in learning and validation data. Learning data is used
as input to the TeLEx [1] algorithm, discussed in Sect. 3.2.2. Validation
data is used to measure the performance of learned STL sub-formulas output
by TeLEx. Using validation data sub-formulas are filtered further in order
to identify STL sub-formulas that model handovers well. It should be noted
that validation data is used to validate only the STL model, and should not be
confused with the data used in Sect. 4.2 to evaluate controller performance.

3.2.2 STL-model

Our goal is to create an STL-formula describing a handover during the reach
phase, refered to as the reach specification (¢reach). We define the model as a
conjunction of two distinct sub-formulas;

¢reach = CbK A ¢trajectory (319)

Firstly, ¢ inspired by Kshirsagar [4], specifying that in any handover plan
the giver-taker hands must meet; Secondly, our novel specification @yajectory, @
conjunction of STL sub-formulas resulting from our STL-inference process,
which models the reach trajectory of a human-human handover.

We focus mainly on our contribution, @yjeciory, and the STL-inferrence
method, based on TeLEx [1]. We then present the structure of the reach
specification, how it draws inspiration, and how it fits in with the framework
presented by Kshirsagar [4].

3.2.2.1 STL-inferrence

Our goal is to learn an STL-model @yjeciory describing the trajectory of the
reach phase of a human-human handover, based on a dataset. Given an STL
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Figure 3.6: Learning process flow. STL templates are optimized in TeLEx
to fit learning data. Optimized predicates are evaluated using validation data,
and satisfactory predicates are included in the reach specification.

template formula, we use parameter synthesis to find the specification that will
best describe the handover dataset.

For each of the dimensions, s{, of the handover signal, we want to find STL
formulas of the form:

Pm € {D[am,bm] (Cm < Sio < dm) ’

, (3.20)
<>[am,bm] (Cm < Sio < dm)}

where a,b € N5 are time intervals in discretized time steps for the temporal
operator, ¢,d € R are the upper and lower bounds imposed on dimension 5{0
of the handover signal, starting at time ?.

We fed the learning data described in Sect. 3.2.1 into TeLEx [1], described
in Sect. 3.2.2. STL templates ¢ are optimized with learning parameters (3 and
~v. We used 5 = 80, v = 0.01 for all templates. To guide the learning process,
parameters were synthesized over successive, overlapping time intervals, set
by learning parameter bounds ¢, = t, € {[0.0,1.0],[0.5,1.5]}. TeLEx
considers STL defined over a real-valued time domain, and as such t,,1;,
correspond to the temporal bounds a, b before discretization. Learning bounds
for parameters c, d are set to cover the domains of respective dimensions of
handover signals observed in the learning data.

Since the outcome of the parameter optimization process are susceptible
to local minima, each template is optimized multiple times to obtain multiple
candidate sub-formulas. These are then further filtered so that only sub-
formulas modeled by a fraction ey,jgaion Of validation signals are used. The
condition is defined as:

0 otherwise

k .
1 1 if Sj }: Om
Evalidation < E UEZO { (321)
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where s, is a signal in the validation set as described in Sect. 3.2.1, with a
total of k signals in the set. We use the value €yigaion = 0.9 implying at least
90% of validation handover signals will model each sub-formula. The sub-
formula that do satisfy this condition are included in a conjunction, to create
STL specification of the trajectory defined as:

n

(btrajectory = /\ Pm (322)

m=1

 is the set of optimized primitives from the learning process that define the
trajectory of a handover.

3.2.2.2 Inspired model

As defined in Eq. (3.19), ¢reach is @ conjunction. We now introduce the left
part of the conjunction, a reach strategy, inspired by [4], specified as follows:

b = Qrop (Ky < ep) (3.23)

k is defined as the maximum horizon of ¢, and ¢y, is a scalar tolerance. K is
the scalar distance between the giver and taker’s right hands with an offset (see
Sect. 3.3.1 for more details) defined by:

Ky = ||GY = TP + ok || (3.24)

The value of dx is an offset to accommodate the distance between giver-taker
hands at transfer, and should be tuned depending on the geometry of the object
being handed over.

The STL-formula ¢y represents a simple reach strategy that seeks to
minimize the distance between giver and taker right hands. It is inspired by
Kshirsagar [4], specifically the reach strategy labeled towards human. This
specification implies giver-taker hands should meet with the object between
them at least one time step to constitute a successful reach phase.
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Figure 3.7: Inferred STL specification for the feature 25 over dimension 2§ (¢)
of validation data signals.

3.2.2.3 Model structure

We define an STL specification for reaching phase of handover, as a control
strategy compatible with the STL handover framework in [4].

gb;each =1 (6 = (¢K A ¢trajectory)) =0 ( <<>[Ok Kt < 6[( /\ /\ @m))

m=1

(3.25)
where e is a starting condition for the handover, K is the distance between
the giver and taker’s right (see Sect. 3.3.1 for more details), ¢ is the set of
optimized primitives from the learning process that define the trajectory of a
handover. ¢ is defined by the maximum horizon of .

Since our focus lies in the reach phase of a handover we can omit parts
of Eq. (3.25) to simplify the problem. Our planner will consider the STL
specification defined in Eq. (3.19), reitterated here

n
¢reach = ¢K A ¢trajectory = <>[0 k] Kt < gk /\ /\ Pm
m=1

3.2.2.4 Inferred STL Specification

To demonstrate the output of our STL-inferrence method we present a small
excerpt from @uajeciory- The inferred STL specification contains 113 sub-
specifications in the form of Eq. (3.20). A part of the inferred STL, ¢,,,
containing all sub-formulas constraining the relative x-axis position feature,

2Q = 2% — 29, is presented:
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Table 3.1: Inferred values of STL specification for the feature zQ
Sub-formula | Real time (s) Discrete time Spatial
m ta,,  ty,,  Gm bin Cm dm,
1 0.58 1.30 2 7 —0.397 —-0.274
2 0.19 092 0 5 —0.475 —0.363
3 0.83 119 4 6 —0.388 —0.269
4 0.29 054 1 3 —0.655 —0.240
5 0.79 096 3 5 —0.393 —0.267
COp7(—0.397 < 28 < —0.274) A
o5 (—0.475 < 28 < —0.363) A
Oe)(—0.388 < 28 < —0.269) A (3.26)
O 31 (—0.655 < 28 < —0.240) A

O 5 (—0.393 < 28 < —0.267) A ...

here time intervals have been discretized with dt = 0.2 seconds, following
a = floor(t,/dt), and b = ceil(t,/dt). Values t, and ¢, are the real-valued
time bounds output by TeLEx, before discretization. The values output by
TeLEx, and their discretized counterparts resulting in Eq. (3.26) are shown in
Table 3.1.

Fig. 3.7 shows a representation of the specifications in Eq. (3.26). For the
complete specification and experiments, see our repository™.

3.3 STL-based Planning

So far in this chapter we have defined a handover signal, s, and learnt an STL-
specification modeling the reach phase, ¢yeacn. As stated in Sect. 3.1, signals
denoted without a frame denote shared frame signals s©. We now present how
we can generate a handover signal from the STL-model.

The goal of our planner is to utilize the STL model of the reach phase,
inferred from human-human handover data, (., to generate motions for
a robot in a human-robot handover. The trajectory should then be replaned
throughout the handover, in order to incorporate new information into the plan,
as shown in Fig. 3.8. The problem is formally defined as:

*github.com/paragkhannal/STLHandovers/
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Figure 3.8: Diagram of the planner at current time ¢,

Problem 1 Given a data-driven STL specification, ¢eacn, 0f human-human
handovers, and a partially executed motion plan s = {sy,St,,---, St}
generate a robot motion plan 3" = {37 5\ ..., 3] } generated at current
time t,,, so that the human-robot handover maximizes the STL robustness.

The planner is generated by expressing Problem 1 as a MILP problem.
We build upon the MILP encoding of STL models [5], discussed in Chapter
2.1.2. The encoding of [5] is modified to fit our problem, adding the notion of
replaning time, t;cpian, the time at which a plan is generated. With our encoding
the starting point of the signal of interest, ¢, in addition to ¢ cpian, this allows for
optimization of quantitative STL robustness, Eq. (2.3), with consideration to
future sub-formulas of an STL-specification, disregarding the contribution of
past observations to robustness, before ¢,cpi.n. Some modifications to decrease
solving time are also made.

3.3.1 Handover Planner

The handover is considered a discrete-time system:

Stz’+1 = f(8t07 Styy .- Sti) (327)

where s, is the state of the handover at time ¢,.

The generated signal starts at ¢y, defined at the handover starting condition,
e, and the length of the signal N = ||¢||, is set to cover the horizon of
the STL specification ¢, with a constant sample time, dt = t;,; — t;. In
practice, the sample time is set to d¢ = 0.2s to match both the specification
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and hardware properties, such as frequency of human movement capturing,
computational power, etc. For our learned specification, the signal length (V)
is approximately 2 seconds.

At any given time ¢; during the execution of the handover, we define a
handover planner /, given by:

H(p, 81,8t 5t,) = {801,18t1000 -+ Stn | (3.28)

The planner is a function that takes as input an STL specification ¢, and
previous positions of giver and taker s, ...s; for all time steps from
to to the current time step #;. The output is a predicted signal, 5! =
{81,,,:81, 0>+ 1y }» from the next time step ;, to the horizon of the STL
specification ¢ .

In addition to Eq. (3.3), synthesized handovers also contain a scalar K,
measuring the distance between the giver and the taker with an offset vector
dr. This is a necessary value to accommodate the offset grasp positions of
the giver and taker on the object. It is inspired by the reach strategy “towards
human” by Kshirsagar et al. [4]:

Kti = HGtz - th + 5K” (329)

The planner is used in a MPC fashion. At each time step, t;, the planner
solves the MILP problem to generate a full handover trajectory for giver-taker
that satisfies the STL specification. The first step of the output prediction,
§§+ _»is used for control of the robot.

3.3.2 MILP problem

We follow a similar approach from [5] to generate a controller that uses
a MILP problem by converting STL specifications into MILP constraints,
with our encoding of STL robustness as the objective function. The MILP
problem is defined by a set of variables, an objective function, and constraints,
categorized as model constraints and STL encoding constraints.

We define MILP variables representing each dimension of the handover
signal s, for all times ¢; € {to,t1,...,ty} following definitions Eq. (3.6)
including (3.29). At planning time f;cp.n We Will denote known, past states,
known states as s;, for t; € {to,t1, ..., tweplan }- The values of known positions
are set as constants in the MILP problem. By setting the values of known
positions, we also indirectly set the values of velocity and acceleration defined
by Eq. (3.30),(3.31),(3.32),(3.33) up to and including the current time step.
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Any constraints placed on acceleration or velocity will also limit the rate of
change of position in the next time step.

Future, unknown states, output by the planner at time ¢, = frpian are
denoted 5".

Model constraints are constraints used to define variables with strict
relationships, such as position and velocity. Model constraints don’t limit the
value of variables directly, instead they give access to the variables defined
in the handover signal Eq. (3.3) as well as (3.29). The STL specification
is then encoded giving access to robustness for all operators within the STL
specification.

In practice we encode a new MILP problem for each time step we re-plan
at, treplan € {to,t1,...,tn—1}. As we discuss in Sect. 3.3.2.2 the encoding of
our STL-model varies depending on when, during the handover, the trajectory
is planned.

3.3.2.1 Model constraints

Model constraints are enforced on the MILP-problem in order to gain access
to all components of s defined in Eq. (3.6). When solving the MILP-problem
any constraints imposed on variables defined here will indirectly constrain the
position trajectory of the robot.

The model constraints encode a simple motion model into the MILP
problem. Velocity and acceleration are constrained to position components
of s and s by:

Gt = (Gy, — Gy,_,)/dt (3.30)

= (T}, — th 1)/dt 3.31)

= (Gy, — 2G,, , + Gy, ,)/dt? (3.32)

=(T;, — 2T;,_, + T, ,)/dt? (3.33)

for all time steps ¢; € {to, ti,...,1t N} during the handover. The model uses

the sample period of the controller at d¢ = 0.2 seconds. Note that velocity and
acceleration signals defined at ¢, depend on position signals at ¢_; and ¢_,
positions before the handover starts.
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Relative signals are encoded by constraints:

Ati - Gti - Tti (334)
A, =Gy, — T, (3.35)
A, =Gy, — T, (3.36)

for all time steps ¢; € {to,t1,..., ¢y} during the handover.
Additionally, to reflect the physical abilities of humans and robots
acceleration is limited by constraints:

G, < G (3.37)
Ty, < Thax (3.38)

where G’max and Tmax are constants derived from the maximum acceleration
observed in our learning data.

Finally, we encode the signal K;, = ||G;, — T}, + dx||, defined in Eq.
(3.29). The signal K, is a scalar signal measuring distance between giver and
taker with an offset dx to accommodate the offset grasp positions of giver and
taker on the object. The encoding is based on the exact /;-norm [31], because
the /;-norm can be expressed in MILP programming using absolute values. It
is defined by the constraints in Eq. (3.39), (3.40) and (3.41):

0< K, <Mpf,; 0<K,,<M1-pf,)

0< K/, <Mpf,; 0<K,,<M1-pf,) (3.39)
0< K, <Mp;,; 0<K,, <M(1-pf))

Here M is a sufficiently large number. Continuous variables K" 2 Ky, . and
binary variable p;*, € {0, 1} are introduced in Eq. (3.39) and constrained so

that K;*, > 0if and only if K, , = 0, and K, , > 0if and only if K;", = 0.

+ -

Kti,:r - Kti,:): - xG>ti - xTati + 5K7x
+ -

Kti,y - Kti7y - yG,ti - yT,ti + 5K,y (3'40)
+ - _

Kti,z - Kti,z - ZGyti - ZTati + 5sz

In Eq. (3.40), either K;{ . or (=K, ) are constrained to equal each
contributing axis of Eq. (3.29). The resulting set of constraints enforce the
absolute value function K t* T K, . = |Gy —T}, . — 0Kk .| Variables relating

(3
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to y and 2z dimensions are similarly defined.

Kti = (Kttx + Kt;:p) + (Ktjy + Kt;;;) + (Kttz + K?f?,z) (341)

Finally, K, is constrained to the sum of absolute values, Eq. (3.41), following
the definition of the /,-norm. By using such encoding we consider the distance
vector for all time steps from handover start ¢, till the end of STL specification
tN.

3.3.2.2 STL encoding to MILP

In [5], STL-formulas are encoded as MILP constraints on system variables,
generating a MILP problem used to synthesize a motion plan. The method for
encoding an STL formula to MILP constraints by the authors of [5], presented
in Sect. 2.1.2, is mostly reused, with modifications to temporal operators to fit
our problem.

Through modifying the encoding we aim to reflect the quality of the
future signal 5, with regards to the STL-specification ¢re,ch, as opposed
to exactly encoding STL-robustness of the full signal s, as in [5]. In the
structure of Pyajectorys EQ. (3.22), the STL-robustness of a signal is governed by
(8, Puajectorys to) = miny, (p(s, ¢m, o)), defined in Eq. (2.3), where each sub-
formula ¢,, is a temporal operator, operating on different time intervals of the
signal. A signal performing poorly on one instance of ¢ will have robustness
limited by that sub-formula, and therefor, an initially poorly performing signal
will then have limited, low robustness. Optimizing the robustness of a
signal for a partially completed handover with poor initial performance will
therefore not yield a signal optimized for robustness of later sub-formulas.
Our modifications aim to address this, modifying the temporal boundaries of
operators to allow optimization of partially completed signals, disregarding
poor initial performance.

We introduce the MILP variables associated with the new encoding

T e (3.42)
denoting the encoded robustness of STL-function ¢ for a signal starting at ¢,
evaluated at ¢.p1n. Here t; € R, @ € N is the discrete time starting point of
the signal and is equivalent to ¢ in the notation of [5]. If the STL-function ¢
contains no temporal operators we define the value of rf:’trep]an (s) = p(s, 0, t;)
following qualitative semantics of STL defined in Eq. (2.3). If ¢ does contain
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temporal operators the value of r is defined by Eq. (2.3) where the intervals
of temporal operators are redefined by Eq. (3.44),(3.45),(3.47),(3.48). E.g. if

o1 = D[a',b’]¢2 :

Tgftreplan(s) = p(s, 91, 1) = p(s, D[a;Nt

4> replan

) Ga,t;) (3.43)
assuming ¢, doesn’t contain any temporal operators. Since our specification
doesn’t contain any nested temporal operators these definitions are sufficient.

It should also be noted that if ¢, < ¢; Our encoding also produces an
identical problem as [5], even if ¢ contains temporal operators, resulting in the
value ri’treplan(s) = p(s, ¢, t;), defined by Eq. (2.3).

The new subscript, differing Eq. (3.42) from the notation of [5], Zrepian
denotes the current time, when the trajectory is replaned. At time #pjan all
past states (S¢_,, S¢_y, Stgs Sty - - - » Sty) A€ known, encoded as fixed constants
in the MILP problem. Future states (S, 1, Stupunsor - - - » Styy) are unknown,

flexible variables, to be evaluated when optimizing the MILP problem.

3.3.2.2.1 Always In order to allow re-planing of a partially completed
handover, we reduce the time scope for which we evaluate the signal,
considering future signal, without regard for past performance. In the encoding
of always the variables defined in Eq. (2.15) and (2.16) are replaced with

al, = min(N, max(i + a, replan + 1)) (3.44)

t; :treplan

by = min(/V, max (¢ + b, replan)) (3.45)

t; 7treplan

Y trtn® Uty ten» V> TEPIAN, 4, @ and b are time indexes, defined in a time

series relative to the start of the handover at time ¢,. Robustness is defined for
a signal at time ¢;, 7 € N, and ¢,cpian, replan € N is the current time step.

An example using a simple STL function is shown in Fig. 3.9. While
Lreplan < titq, in Fig. 3.9a, the current time is before the time interval of the
always operator, and the values of ai\;tmplan = t;14, €quivalent to the encoding
by [5]. During the interval of the always operator, ;14 < treplan < tits, Fig.
3.9b, the encoded interval ignores current and past states so that the robustness
metric only depends on future, planned states. After the time window of
the always operator, trepian > tiys, Fig. 3.9c, the encoded interval is empty,
containing no time steps. With an empty interval no constraints are enforced
on the encoded robustness of that sub-formula, which, in the context of our
problem (Maximizing rfo‘t're;laz = minm(r;f)’ft’repm) ) ignores that sub-formula.
In all three cases past state performance does not limit the future robustness.



Generating Handovers through Data-driven STL Specifications | 45

35 - 35 . - 35
- - =7
25 - 25 _ 25
-
2 - 2 / 2
« » »

0.5 05 0.5

0 2 4 6 8 0 2 4 6 8 0 2 4 6 8
replan replan replan

(a) treplan < tita (b) tita < treplan < titb ©) tivp < treplan

Figure 3.9: Modified encoding of an always operator, ¢ = O 5(1 < s < 3).
The solid line is the past signal s and the dashed line is the plan 8P, The
box shows upper and lower, temporal and spatial bounds in ¢, and the colored
area shows the scope evaluation. In all cases the robustness of the past section
of the signal, before ;cpian, does not limit the encoded robustness.

Given the formula ¢, = U, 02, the always operator is then encoded as a
conjunction over time.

N
btivtreplan
é1 _ ¢2
7Afzﬁtreplan - 7ati/ytreplan
i — N
Zliativtreplan (3'46)
#1 _ ; P2
rtiatreplan - . N mlnN rti/ 7treplan
¢ e[ati,t byt ]

replan replan

The conjunction over time is then encoded following [5], layed out in Sect.
2.1.2.3,Eq. (2.9), (2.10), (2.11). The value defined is defined by the minimum
encoded robustess of ¢, at time t; between time-steps [a]f, by, |
defined in Eq. (3.44) and (3.45) respectively.

3.3.2.2.2 Eventually Considering the semantics of STL, for the eventually
operator to be satisfied, it is sufficient that the sub-formula is satisfied once
during its interval. Following the quantitative semantics of STL, Eq. (2.3),
robustness of the eventually operator is defined by the maximum robustness
of the sub-formula at any time in the interval. Therefore our modified encoding
should consider the full interval of an eventually operator when planning
during the interval. The encoded robustness should be equivalent if the
maximum sub-formula robustness occurs in the past known signal s, or future
planned signal 5. However, if the entire interval is in the past the eventually
operator should not be considered, as with the allways operator.
The intervals for encoding of the eventually operators are defined as
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Figure 3.10: Modified encoding of an eventually operator, ¢ = $pag(1 < s <
2). The solid line is the past signal s and the dashed line is the plan §P!*", The
box shows upper and lower, temporal and spatial bounds in ¢, and the colored
area shows the scope of evaluation. The operator is evaluated over the full time
scope til no part of the plan §P'** may improve the encoded robustness.

N min(N,i + a) ifreplan < 7 + b
N (3.47)
e min(V, replan + 1) otherwise

bﬁtmpm = min(/N, max (i + b, replan)) (3.48)

The first case of Eq. (3.47) is defined for all times before ¢;,;, and bﬁftmphm is
defined by (3.45).

Given the formula ¢, = (402 the eventually operation is then encoded
as a disjunction over time following [5], described in Sect. 2.1.2.4, using Eq.
(2.9), (2.13), (2.11).

N
bti*treplan
®1 _ b2
rtiytreplan - 7,ti/ytreplan
i —qN
¢ _ati’treplan (3.49)
rf,lt = max rf 2,
5 Ureplan . [ N bN ] 3/ »lreplan
ve ati 7treplan’ ti’treplan

Here the time interval [ay, .by, . |is defined by Eq. (3.47) and (3.48)
respectively. The value is defined by the maximum encoded robustness of the
sub-formula ¢, for time steps ¢;; in the encoded interval.

To demonstrate the modified intervals an example is shown in Fig. 3.10.
Similarly to always operators, with t..p., < a preceding the interval, the
encoded interval is unchanged, shown in Fig. 3.10a. When planed during
the interval ¢, , < tieplan < tits, Fig. 3.10D, the full interval is still encoded,

allowing a signal to maximize robustness of the operator at any time step,
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before or after planning time f,.p.,. Finally, after the interval tcpian > 240,
Fig. 3.10c, the interval is empty.

3.3.2.3 Objective function

The objective function of the MILP problem is to maximize encoded STL
robustness at every time #epian € [to, t]. In other words, the encoding aims at
finding a control sequence that maximises STL robustness:

arg max rf(;f;‘f:pm" (3.50)
s.t. < Model Constraints > (3.51)

< STL Constraints > (3.52)

r?;{;replan Z 0 (3'53)

where s = s;, + &, is the concatenation of the already executed handover
sy, and the planned handover §;; that remains to be executed. The encoded
robustness of ¢, for a signal at the start of the handover ¢ is maximized,
while respecting Model Constraints, STL Constraints and an aditional
constraint on ¢x. The Model Constraints are discussed in Sect. 3.3.2.1,
Eq. (3.30)-(3.41). STL Constraints are constraints enforcing the encoded
robustness of STL formulas and sub-formulas, described in Sect. 2.1.2 and
3.3.2.2.

We place no constraint on encoded robustness of ¢, being positive, as
is done in [5]. In the case that a handover following the trajectory model
Gurajectory 1S MOt achievable, the planner should still find the trajectory with
highest robustness possible. However, in Eq. (3.53) we place a constraint on
the encoded robustness of ¢y . This constraint guarantees that any generated
handover plan will reach a transfer state where giver-taker hands meet.

3.3.2.4 Inequality encoding

In addition to the above mentioned modifications we leverage the maximizing
sense of the objective to simplify the encoding. The authors of [5] presented
an exact encoding, obtaining the exact robustness for every r when solving
the MILP problem. By removing lower bounds from Eq. (2.11) we express
robustness as an inequality, upper bounded by robustness. Eq. (2.11) is
replaced by:

P ST (L= pi, M (3.54)

tiytreplan — tnvtreplan
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resulting in a modified encoding of conjunctions, disjunctions, always and
eventually operators. By maximizing encoded robustness variables the exact
value is obtained. The objective function, Eq. (3.50), maximizes encoded
robustness of the reach specification, rfgf’;‘f:plan. This in turn maximizes the
formulas limiting sub-formula, which repeats recursively, resulting in one
branch of the sub-formulas of @, With encoded robustness maximized to
their exact value. Importantly, inequality encoding results in identical value
of rf(;f;‘f:pm as using the exact encoding, and it was found to reduce computation
time.

To summarize, conjunction and disjunction encodings enforce the

relationships:

m

SO = /\ ¢n = rziatreplan S rrgn(rzt}replan) (3'55)
n=1
m

(‘0 = \/ ¢TL A Tiytrep]an S mjx(ri?trep]an) (3‘56)
n=1

Temporal operators always and eventually are encoded as conjunctions and
disjunctions over time respectively. With our encoding they enforce the
relationships:

— i ; ¢
90 - D[a’b]ﬂs A rtiytreplan S ./e[ N mlnbN }(Tti/ ﬂfreplan) (3‘57)
v ati’treplan7 tivtreplan
— P ¢
90 - <>[avb]¢ A Tti:treplan S .,6[ N ma)éN (rtil ,treplan) (3'58)
v ativtrep]an7 tivtreplan

The encoded time interval variables a;f, and by, = are defined for the
always operator in Eq. (3.44) and (3.45), while for the and eventually operator
they are defined in Eq. (3.47) and (3.48). We can see the upper bound of
the encoded robustness for any of conjunctions and disjunctions is equivalent
to robustness relationships given in Eq. (2.3), and replacing the temporal
boundaries in the temporal operators, always and eventually allso follow Eq.
(2.3).
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3.4 Controller for Human-Robot Handovers

For human-robot handovers we use modelling of the handover given as:

an _ an — ¢ —
Stypir — ( Sa, +1,8Tt 417 Ath) —f(Sto,Stl,...,stn) =

H<¢reach7 Sto; St17 ey Stn>

(3.59)

Based on the current observed state of handover at ¢,,, including robot hand
position and the human hand position, we use the planner to generate the next
planned state of the handover, §?n+1, at time ¢,,4.1, from which we obtain v, ,:
the control signal for position-velocity control of the robot hand. Depending
on the role of the robot the control signal is defined differently. With the robot
as giver the control signal is defined by:

(3.60)

ut"+1 = SthJrl

With the robot as taker:
(3.61)

Uty = STtn+1

Additionally, because the planner can plan for all time steps to the end of
the STL specification, ¢re,ch, We extend Eq. (3.59) for the planner at time ¢,
to output the planned robot control for time steps ¢,,.1 to time ¢. For a robot
taker the control sequence becomes:

n an
[ut”H’ Uty gr - } [ 5Ty nt1’ Ttn+2’ T STtN] (3.62)
H (Cbreachv Stm St1’ s 7Stn)
The planning sequence [u?n+ U s ,qu} could be used as open-loop

control if replaning is not possible.

The planner uses the encoded hand-gripper distance KZ, defined in Eq.
(3.24), to predict handover time. outputs planned handover time and position
as described by Eq. (3.65) in Sect. 3.4.2.

The start of the time series ¢ is defined by a handover starting condition,
e = True. The planning window is set, N = ||¢reacn||, to cover the horizon of
the STL specification, ¢reach, With a constant sample time, dt = ¢, — t;. The
sample period in our implementation is set to dt = (0.2 seconds.

At time ¢;, we define a handover planner /, given by:

H (breachs Sty Stys - - - St;) = {St1+17 T (3.63)
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The planner is a function that takes as input an STL specification ¢reach,
and previous positions of giver and taker sy, ...s;, for all time steps from
to to the current time step ¢;. The STL specification is used to construct a
MILP problem, while previous positions of giver-taker are used to constrain
variables in the problem. The MILP problem is then solved, in our
implementation using Gurobi [11]. The output is a predicted signal, § =
{8415 8,.00 -+ 31y }» from the next time step #;,, to the horizon of the STL
specification t .

Inside the planner the problem is represented as a MILP optimization
problem. STL constraints, ¢e,cn, and model constraints are encoded as MILP
problems as described in Sect. 3.3.2.2 and 3.3.2.1 respectively.

3.4.1 Planner initialization and handover trigger

As mentioned in Sect. 3.2.2, handover trigger e is needed which defines the
start of handover, denoted by time ¢;. In our experiments, handover was
triggered when the human picked up the object from a fixed location on the
table.

At a time, t{,, before the handover trigger, e, the planner must be
initialized. It is initialized using the current state of the giver and taker,
Sy = {Gta,G%,Tta,Tté, Gté - Ty, K%}, to generate a trajectory, 8° for a
possible handover starting from the current state.

H ($reacns s1) = {82, 8%} (3.64)

After initialization of the planner, before the handover trigger, the
approximated trajectory is updated according to Eq. (3.64). This implies the
planner is ready to output a handover at any time, and the optimizer can take
advantage of a initial states.

3.4.2 Simulated handover

To demonstrate the planner we present a method to simulate handovers, using
handovers from the dataset [2]. The simulation allows prediction of handover
time, handover location, and reach phase trajectory s;, based on the partially
completed handover trajectories s; of giver and taker. These can be given by
recorded handover signals, or one can be updated from the previous planner
output in order to simulate a human-robot scenario.
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For each planned trajectory the predicted handover time, t 5, is given by:

o o . ~ n
N = aZI;g[nITJI\;}I'l Kti < 5success (365)

where f(t” denotes the predicted inter-hand distance, Eq. (3.29), at time
t;, evaluated by the planner at time step n. N is the horizon of the STL
specification, N is the predicted handover time-step. Ogyccess = 0.1 (10cm)
is a tolerance defining a successful handover.

The predicted handover location is giver and taker position taken from the
predicted handover signal §le . If the robot acts as giver we define the handover

location as G?N/, or if the robot acts as taker, Tt" -
The handover time of a successful handover is defined by:

; .
N' = a:'eg[olzl;fl]n Kti < §success (366)

When this condition is fulfilled the handover is considered successful, and the
planner stops. The handover is not successful if the condition Eq. (3.66) has
not been met when the end of the specification is reached at time % .

The handover location of a successful handover is given similarly to
predicted handover location, by the handover signal at the handover time sy, .
These times, and positions should not be confused with the handover time and
location of the recorded handover, that are given in the dataset [2].

The planned trajectory for one such handover is presented along with
human trajectories in Fig. 3.11 and Fig. 3.12. This simulation is configured
so that both giver and taker positions are updated from a recorded handover
signal. At %y, the planner outputs a trajectory such that the predicted
handover time occurs at tg, = t;. At later time-steps (frepan = 1, t2,13),
with more information available, output trajectories are updated taking into
account the recorded positions of human giver-taker, to be closer to the actual
trajectory of giver and taker; while the handover time prediction is updated
correspondingly, settling on a prediction at ¢ 5, = t4, given by K 5’4 < Osuccess-
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Figure 3.11: Planner outputs for a validation handover in z-direction, towards
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Chapter 4

Results and Analysis

In this chapter, we present experimental and simulation results regarding the
performance of the handover planner. We present results of simulated human-
robot handovers using the planner, including various quantitative metrics to
measure motion plans.

4.1 Experimental validation

In this chapter, we present an experimental setup demonstrating the use
of our planner for human-robot handover control, A human-robot handover
experiment is was conducted, as shown in Fig. 4.1. Human participant
stands across an 0.8 m wide table from the Baxter robot. The human picks
up an object from a designated pickup area on the table and hands it to the
robot using their right hand. The robot, in the role as taker, responds to the
humans movement by reaching with their right arm in a motion produced by
the controller.

The human right hand and chest are tracked by an Azure-Kinect camera
mounted to the torso of the robot. The shared frame O is defined at the
midpoint of the human chest and an assumed robot chest position, shown
in Fig. 4.1. Tracking of the human right hand and robot right gripper are
transformed into the shared frame O as G© and T respectively. The planner
generates solutions to planning problem using the Gurobi solver, version
10.0.2 [11]. The planner, motion-tracking and robot control run in a ROS
framework, running at 5 Hz, limited by the human-tracking update speed.

The handover is initialized by a handover trigger e, as defined in Sect.
3.4.1. In the experiment the handover is triggered by the givers hand leaving
a designated pickup area on the table, indicating they have started reaching.
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(b)
Figure 4.1: Human-to-robot handover experiment (a) Experimental setup (b)
Visualization with tracked frames in Rviz

The handover trigger e defines the starting point of the handover at ¢, however
the planner is initialized earlier, at ¢, < ¢y, as discussed in Sect. 3.4.1. This
allows the solver [11] to utilize previous plans as an initial state for the next
solution, following Eq. (3.64).

At the handover trigger, at ty, the pre-initialized planner computes a
planned trajectory based on the current state of the handover s;,, outputting the
planned trajectory [37 , 87 ..., 8 ], as shown in the diagram of the planner
in Fig. 3.8. The first step in the robot motion is given by the component Tg of
§?1, for the robot as taker. Following this, at each time ¢,,, the planner generates
a trajectory, and the robot is commanded to move to the next step T%ﬁ the
taker component of 57, the plan for step ¢,,1, generated at ¢,,.

Using this planned trajectory we can also find a predicted handover time,
th following Eq. (3.65), and subsequently also predicted handover location,
T

The planner updates the robot position recursively till the handover time
tn: is detected, given by K, < Osuccess> aS the human and robot hands are
close enough to both form a grasp on the object. We set dgyccess = 10 cm in
our experiment. If no handover is detected, the controller stops at the end of
the STL specification, at ¢ .

4.1.1 Human-robot experiment

Using this experimental setup, our planner was assessed through human-
robot handover experiments, with 5 right-handed participants, performing 5
handovers, passing an object to the robot. The planner successfully generated
robot motion plans based on the learned STL-specification, leading to effective
handovers.

Plans generated during one handover are presented in Fig. 4.2 and 4.3. At
the start of the handover, the plan generated at ¢, predicts the handover at ¢,
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Figure 4.2: Human-robot handover experiment, human-robot tracking and
planner output in the X-axis at : (a) ty, predicted handover at t7; (b) %o,
predicted handover at ¢5; (c) t4, predicted handover at t;; (d) tg, predicted
handover at g
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Figure 4.3: Human-robot handover experiment, human-robot tracking and
planner output in the Y-axis at : (a) ty, predicted handover at t7; (b) %o,
predicted handover at t5; (c) t4, predicted handover at t;; (d) ¢g, predicted
handover at g

equivalent to 1.4 seconds after the handover start. As the robot motion plan
is executed by the controller the robot and human approach each other. At
subsequent time-steps the robot position is updated by the motion plan, and
motion tracking has updated the human position. With more data available
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the the handover time prediction at ¢, is updated to t5, and at ¢, the prediction
is at t7, also updating the predicted handover location. Finally, at ¢5, with more
information available, the prediction is updated to tg. At tg the planner stops
as giver-taker hands come close enough to both grasp the object, showing the
validity of our planner in a real-time human-robot handover scenario.

We can notice some expected, and some unexpected behaviours in these
figures. Firstly, in 4.2a we can notice the similarity between planned robot
trajectory (red dashed line), and final robot trajectory (blue dashed line). We
should expect these lines to coincide for 0.2s, as the next step in the motion plan
commands the robot movement, however, impressively robot plan and true
robot plan overlap for 0.8s when generated at ¢y. The motion plan generated
for humans (green dashed line) in the same figure follows a similar shape
to the true human trajectory (magenta dashed line), but has a larger error of
approximately 10cm.

Secondly, in Fig. 4.2 we can notice the handover location prediction
remains quite consistent through all four plans. The human hand position at
the handover location prediction remains between 1.6 to 1.8m, shifting less
than 20cm between predictions. This shows the planner was able to make an
accurate prediction of handover location early on in the X -direction (world
frame, origin at robot base, pointing towards human).

Putting this in perspective we observe Fig. 4.3, looking at the Y-
direction (robots left). The handover location prediction moves significantly,
as well as human and robot plans, with each update of the plan. Ideally we
should see progressively smaller corrections as the planner updates with more
information available, which can be observed when comparing the update from
Fig. 4.3a-4.3b to the update Fig. 4.3c-4.3d. The poor initial performance
as compared to the X-axis in Fig. 4.2 may be a symptom of the trajectory
specification, Eq. (3.22), being weaker in the Y -axis, implying the need for a
larger or more refined specification with more relevant subformulas specifying
Y -axis trajectory. With the limited testing performed a definitive conclusion
on the cause can not be drawn.

4.2 Simulation

In this section we present simulation results in which the handover
planner generates a robot trajectory against recorded human-human handover
trajectories from [2]. Handover signals labeled as Reversed handovers from
pair 1-12 are used for the simulation, because these handovers were not utilized
in the learning process. We mainly simulate handovers from setting 1 in
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the dataset, constituting the same experimental setup as the learning data our
planners based on. To evaluate the planners flexibility and robustness towards
different handover scenarios comparisons are made against handover data in
settings 2 and 3, where the object transferred has added mass, and the giver
has their eyes closed respectively.

The controller and simulation method is described in Sect. 3.4. When
simulating a human-robot handover in which the robot acts as giver, the human
trajectory is updated from the taker in a recorded human-human handover;
while simulating a robot taker, the human trajectory is giver. The signal is
discretized to dt = 0.2 s, and the handover trigger is defined at {) = —1.13
seconds for all handovers. Signals in the dataset [2] are defined such that the
handover time is at ¢y» = 0, placing the human-human handover time closest
to tg. Handovers are assessed on accuracy of handover location, handover
time, and reach trajectory, as compared to the recorded handover. Maximum
velocity and acceleration of planned handovers are also assessed in order
to evaluate smoothness of handovers. Notably, the simulation is performed
offline, so calculation time is not considered. It should also be noted that
simulating a handover against recorded human motion is not equivalent to
human testing. The recorded human will not react to the robots motion as
they would in a human-robot handover scenario.

We define success ratio as the ratio of successfully completed handovers
to signals in the dataset.

Successful handovers

< o — 4.1
uccess ratio Attempted handovers @b

A successfully completed handover fulfills the condition in Eq. (3.66).

Handover time prediction error is defined by the difference between the
handover time defined in the dataset, and the predicted handover time, .,
given in Eq. (3.65). In the dataset handover time is defined at time 0, thuss
temporal error is given by 7.

Handover location prediction error is defined by the difference between
the planned position at the predicted handover time, and the human-human
handover location obtained from the handover signal. With the robot as giver
the error is defined by:

IG}, — Glnaserol (4.2)

where G(‘fa"mset’o is the position of the giver in the recorded handover given in
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the dataset at time 0, defined as the handover time. With robot as taker:

w W
HTtN, - Tdataset,O” (4‘3)
where T}, o is the position of the giver taker in the dataset at time 0.

Trajectory error or root mean square error (RMSE) is defined as the root
mean square error between the output trajectory of the robot and corresponding
human trajectory in the recorded handover. Trajectory error when robot is
giver is given by

2

(4.4)

N / n dataset,t,,

N/
RMSE = | > |GY -Gy,
n=0

Where N is the predicted handover time-step. G} and Gy}, are the giver
position at time ¢,, from the planner and recorded handover respectively.
When robot is taker the position signals are replaced by respective taker

signals. RMSE is instead given by

n dataset,t,,

1 N ,
RMSE = \| = |1}V — T}, 45

4.2.1 Open loop vs Closed loop performance

We evaluate the first planner output, open loop, a plan that takes only the initial
position of giver-taker as input. Then we compare it to the trajectory resulting
from our handover planner feedback in a MPC framework, closed loop.

In Table 4.1 we see the average results for a set of 1287 handovers in
the normal setting, setting 1 of the dataset [2]. The normal setting is the
same setting as learning data, where participants hand each other an object,
separated by a table. We also evaluate the performance of the controller against
recordings from setting 2 and 3 of [2], to investigate the versatility of our
controller. Table 4.2 shows average results from 170 handovers in setting 2,
in which the object has an added mass. Table 4.3 shows average results of 192
handovers in setting 3, where the human giver closed their eyes.

In the normal setting, setting 1, we see the success rate of 29% and 66%
for robot giver and taker respectively. Success rate in this context measures
the ability of the planner to produce a motion plan in which human and robot
meet, and a handover is detected according to Eq. (3.66). The same measure
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Robot as Giver Robot as Taker
Open loop Closed loop Open loop Closed loop
Success ratio - 0.29 - 0.66
Location error [ u| 0452 0.061 0.464 0.063
ol 0175 0.023 0.171 0.031
Temporal error [s] | —0.088 —0.210 —0.095 —0.157
p o| 0285 0.171 0.282 0.156
. ul| 0574 0.524 0.797 0.717
Peak velocity [m/s] "1 a7 0.086 0.393 0.134
. o | 2.388 2.000 3.386 2.964
Peak acceleration [m/s*] | "o 0.378 1.610 0.716
. u| o 0.149 0.066 0.150 0.085
Trajectory RMSE [} - |93 0.023 0.080 0.030

Table 4.1: Average and standard deviation results over 1287 handovers from
setting 1 of [2]

is not applicable to open loop plans, since they per definition fulfill Eq. (3.66),
because any planner output must contain a handover location where predicted
human and the robot plan meet (see Eq. (3.53)). While this is not equivalent
to success rate in a human-robot user study scenario, we can get an idea of the
planners performance.

We compare values in Tables 4.1, 4.2 and 4.3, covering the normal (1),
weighted (2) and blind (3) settings from the dataset [2]. The controller is
based on data in setting 1, so we should expect best performance in Tab. 4.1,
however success ratio for setting 2 is significantly higher, while setting 3 is a
similar level. Location error in open loop in settings 2 and 3 are lower than
the normal setting, showing the handover location prediction is more accurate
in these cases. This shows the versatility of the controller in settings differing
from the learning data. We notice a trend that the planner has higher success
when controlling the taker rather than giver.

Location error tells us the distance from recorded to predicted handover
location. It should be noted that closed loop average handover location only
includes successful handovers, and as per survivors bias closed loop location
error must be very low, or the handover would not be classified as successful.
The error for open loop trajectories is lower for settings 2 and 3 as compared to
normal setting 1. This may be due to the human-human handovers in settings
2 and 3 being carried out more methodically and consistently due to added
weights and impaired vision, as opposed to setting 1 handovers where the
simpler handovers allow more variation in human-human handovers.
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Robot as Giver Robot as Taker
Open loop Closed loop Open loop Closed loop
Success ratio - 0.51 - 0.75
Location error [m] 7 0.168 0.052 0.366 0.54
o 0.124 0.023 0.088 0.023
Temporal error [5] W —0.236 —0.234 —0.214 —0.197
p o | 0236 0.174 0.255 0.178
. 7 0.522 0.535 0.644 0.630
Peak velocity [m/s] | (903 0.125 0.301 0.121
. 91 M 2.001 1.891 2.728 2.608
Peak acceleration [m/s”] | 'eqq 0.380 1.403 0.570
. 7 0.105 0.061 0.129 0.077
Trajectory RMSE [m] | 0.018 0.058 0.022

Table 4.2: Average and standard deviation values over 170 handovers from
setting 2 of dataset [2]

Trajectory RMSE tells us the difference between the robot trajectory and
the recorded human trajectory. It should be noted that closed loop results are
only available for successful trajectories, giving them clear survivor bias, as
all successful handovers plans must per definition start and end at the same
locations as their human counterpart. Here we see that settings 2 and 3, have
lower error than the normal setting (1), reinforcing the trend seen in location
error.

Temporal error shows handovers are on average detected early which may
be explained by early detection of the handover. Eq. (3.65) should detect the
start of the transfer phase by proximity, while handover time in the dataset is
defined by the intersect of giver-taker grip forces, occurring some time during
the approximately 500ms long transfer phase. Keeping in mind the duration of
the transfer phase, the standard deviation could also be explained by detecting
different parts of the transfer phase.

Peak velocity and peak acceleration give us an idea of how smooth
the handover motion is. As a baseline, evaluating recorded human-human
handovers in [2] yields average peak velocity and acceleration of 0.63m/s,
3.35m/s? for a human giver, and 0.78m/s, 6.05m/s? for a human taker
respectively. Comparing Table 4.1 we see our plan velocity averages are
£+10% relative humans, showing handovers are planned with human-like
velocity. Acceleration is as low approximatly 30% and 50% lower than human-
human handovers for giver and taker respectively, indicating smooth motion.
The correlation between velocity of the robots and humans is of interest
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Robot as Giver Robot as Taker
Open loop Closed loop Open loop Closed loop
Success ratio - 0.23 - 0.67
Location error [m] i 0.193 0.063 0.355 0.65
o 0.129 0.024 0.081 0.024
Temporal error [s] 1 —0.200 —0.138 —0.221 —0.256
p o 0.244 0.168 0.224 0.201
) 14 0.508 0.464 0.674 0.693
Peak velocity [m/s| | oc7 0.089 0.273 0.133
. 91 M 2.157 1.860 2.695 2.778
Peak acceleration [m/s%] g1 0.349 1.190 0.634
. ! 0.120 0.070 0.131 0.081
Trajectory RMSE [m] | 61 0.018 0.065 0.026

Table 4.3: Average and standard deviation values over 192 handovers from
setting 3 of dataset [2]

since velocity and acceleration were implicitly defined through the data-driven
specification discussed in Sect. 3.2. This shows our data-driven method
successfully captures properties of human-human handovers and applies it to
human-robot handovers.

4.2.2 Handover time prediction

Time error in successful handovers Time error in all handovers
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Figure 4.4: Average error in predicted handover time for successful 4.4a and
all 4.4b handovers respectively.

In Fig. 4.4 we graph the average prediction time error at time f;epjan. The
final prediction of a completed handover persists, so the value at ¢,, is the
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average for plans generated at ¢,, and all earlier completed handovers. The
value at t; corresponds to the Closed loop case in Sect. 4.2.1. We separate
handovers with the robot in the role of giver and taker. We also plot prediction
error for only successful handovers, and all handovers. It should be noted that
time can only be predicted in 0.2s increments, the finer values are a product of
averaging the result of a large number of simulation runs. Simulations were
based on 1287 handovers, run with the robot as giver and taker, for a total of
2574 runs.

Looking at the successful handovers in Fig. 4.4a we see consistent negative
error, predicting the handover between 0.1 to 0.2s early. While with all
handovers, Fig. 4.4b, the average prediction is negative until ¢, then increases.
Many failing handovers predict handover time at the end of the specification,
at t7. This could potentially be used to detect failing handover plans early.

Taker prediction error consistently smaller than Giver error. The
specification or the method may be better suited for controlling the taker. In
the coming sections we can see a trend of better performance with the robot in
the taker role.

4.2.3 Handover location prediction

Location error in successful handovers Location error in all handovers
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Figure 4.5: Distribution of error in predicted handover location for successful
4.5a and all 4.5b handovers respectively. Center line is the median value,
the box outlines the upper and lower quartiles, whiskers show non-outlier
maximum and minimum, and dots show outliers.

The distribution of predicted location error for each time-step is shown in
Fig. 4.5. As before data are split by giver and taker, and successful and all
handovers respectively. Here the distribution is represented by a box plot. The
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center line is the median value, the box outlines the upper and lower quartiles,
whiskers show non-outlier maximum and minimum, and dots show outliers.

We note that the location prediction in successful handovers improves over
time. In Fig. 4.5a the mean location error is initially approximately 0.2m,
and later, as the planner has more data available the mean location error is
reduced to less than 0.1m. We see the same trend in Fig. 4.5b for the robot as
taker, where the mean decreases over time. It should be noted that a successful
handover is detected by proximity to the opposing hand, following Eq. (3.66),
which limits the possible location error for successful handovers.

Looking at the set of all handovers in Fig. 4.5b we see the error can be
very large. With smaller errors we may expect a human counterpart is able to
correct the error to complete the handover, however with errors as large as 1m
it is not reasonable to expect such a correction. This highlights a drawback in
the system where the planner will sometimes generate a solution which doesn’t
correlate with successful handovers.

4.2.4 Trajectory error

Trajectory RMSE in Fig. 4.6 shows the distribution of root mean square
error between the planned robot trajectory and corresponding recorded human
trajectory, from start of the handover to current predicted handover time. This
demonstrates how the planner trajectory is similar to a human trajectory in
the same situation. This measure is used as an objective measure of human
likeness.

Similarly to the handover location prediction error discussed in Sect. 4.2.3
we see a negative trend for successful handovers in Fig. 4.6a, and for taker in
Fig. 4.6b. This indicates the planner will more closely approximate human
motion as more data becomes available, and the MPC implementation with
feedback contributes to a human like motion.

4.2.5 Peak Velocity and Acceleration

InFig. 4.7 and 4.8 we observe the average maximum velocity and acceleration
for plans generated at different times during the handover. This measures
the smoothness of motion in the handover trajectory. To reiterate, recorded
human-human handovers in [2] yields an average maximum velocity and
acceleration of 0.63m/s, and 3.35m/s? for a human giver, and 0.78m/s, and
6.05m/s* for a human taker respectively.

Looking at Fig. 4.7a and 4.8a we see that most plans are generated with
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Figure 4.6: Distribution of RMSE between planned trajectory and human
trajectory for successful 4.6a and all 4.6b handovers respectively.

comparable or lower velocity and acceleration than human counterparts. The
planner generates smooth, successful handovers. In outlier cases successful
plans initially plan higher velocities and acceleration, which are not apparent
at t7, showing how plans are improved over time as the planner updates. It also
shows that no plans with velocity greater than 1.3m /s or acceleration greater
than 5.0m/s? succeeded. It may be reasonable to limit the domain for the
planner so that no such plans could be generated.

Repeating an observation from Sect. 4.2.1, the similarity between
robot plan and human velocity and acceleration shows our data-driven
method successfully captures properties of human-human handovers. This is
reinforced in Fig. 4.7b and 4.8b where we initially see similarly human like
values, showing both successful and unsuccessful handovers follow the trend.
After t, we see increased values as the planner has likely entered a state where
a successful handover is impossible while maintaining smooth motion.

4.3 Summary

We have shown our controller can generate human-robot handovers, both in
simulation and in a physical robot, interacting with a human. Experimental
results show the planner is valid for real time human-robot handovers.
Simulation results show properties of velocity and acceleration are captured
in the data-driven model and are applied to the output plan. Handover time
is predicted with some accuracy. Handover location and trajectory RMSE
show that successful handovers have trajectories approximating human-human
handovers. Velocity and acceleration of simulated plans indicate smooth
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Figure 4.7: Distribution of maximum velocity for successful 4.7a and all 4.7b
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handovers. Comparison with handovers from setting 2 and 3 in [2] indicate
our method is flexible to handover scenarios differing from learning data.

It should be noted that from our current results we can not draw strong
conclusions about human-likeness. As discussed in Sect. 2.2.3 human-
likeness is best evaluated in a comparative user-study, comparing similar
handover controllers and recording the users experience. Our human-robot
experiment did not go into such depth and should be seen as a proof of
concept. We consider objective measures of human likeness by comparing
values for handover time and location prediction, trajectory, and peak velocity
and acceleration obtained in simulation with the values extracted from human-
human handovers. While it is impossible to judge a humans subjective
impression in simulation, we gain some insight in human likeness from
analyzing quantitative metrics of the planned handover.



66 | Results and Analysis



Conclusions and Future work | 67

Chapter 5

Conclusions and Future work

5.1 Conclusions

In conclusion, we introduce a data-driven, STL-based handover controller,
capable of generating human-inspired robotic trajectories for human-robot
handovers. We used TeLEx based [1] STL-inference to learn an STL-
specification from a dataset of human-human handovers [2], defining the
reach phase of a human-human handover. The learnt STL-specification is
used to generate a handover planner, that can generate the STL-based human-
like motions for both giver and taker in a human-robot handover. Finally,
we demonstrate use of the planner in a human-robot experiment, and test its
performance in simulation.

5.2 Future work

Looking forward, there is much room for further development. A first
step is further development to test our controller for human-robot handovers
with the robot acting as giver. Further, varying objects used in human-
robot experiments would test generalizability of our method to other objects.
Experimenting with left handed to right handed handover scenarios may also
be of interest. On a more granular level, the modified MILP encoding we
present is problem specific, but if generalized to apply to a wider range of
STL formulas could prove a valuable tool.

Finally, a comparative user study would bring much insight to the planners
performance relative other comparable controll methods. Our planner is made
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available to this end in our repository” to facilitate this.

*github.com/paragkhannal/STLHandovers/
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