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Abstract—This paper presents a new method for injecting a user interface in which the human commands are weighted.
human inputs in mixed initiative interactions between humas However, in order to set the human command weighting, this
and robots. The method is based on a model predictive control approach relies on the human operator to be constantly aware

MPC) formulation, which inevitably involves predicting the e —_
gysteri1 (robot dynamics as well as hzman inputsi))into thegfume. of the difficulty of the task and the capabilities of the rgbot

These predictions are complicated by the fact that the humans ~ While simultaneously recognizing the state of the systeth wi
interacting with the robot, causing the prediction method tself regards to the autonomous task-completion. In [11], thedrum
to have an effect on future human inputs. We investigate and input weighting is determined by a designed threat assegsme
develop different prediction schemes, including fixed andariable function such that high threat levels lead to higher autionat
horizon MPCs and human input estimators of different orders .
Through a search-and-rescue-inspired human operator stug we and lower threat Ievel§ lead to more hurr_1an control. SI|_d|ng
arrive at the conclusion that the simplest prediction methas levels of autonomy will also be present in our formulation,

outperform the more complex ones, i.e., in this particular ase, albeit implicitly in that we will not insist on any formal

less is indeed more. assessment of the difficulty of the task. Rather, the autausm
Index Terms—human-robot interaction, model-predictive con- controller will ensure that the task is completed and, belyon
trol, mixed initiative initeractions. that, the human user may inject any input signals.

Task completiois central to the work in this paper and none
of the previously mentioned references do indeed guarantee
that the task actually gets done. For instance, [12], [113],[

Despite advances in autonomous robotics and automatipfs], [16], [17] present methods for composing autonomous
some tasks still require human intervention or guidance ¢ntrol actions with teleoperation, but they do not contain
mediate uncertainties in the environment, or to manage thfmal guarantees for task completion.
complexities of the task. In response to this, robot con- Specifically, in [16], the authors present a method of com-
trollers have been designed that combine the strengthspding user intent with obstacle avoidance through a fuzzy-
both autonomous agents, which are adept at handling lowggic scheme. The control is applied to an assistive walking
level, repetitive control tasks, and humans, whom are soIpergevice, where one of the two control sources are used based
at handling higher-level cognitive tasks. Researchershé ton g decision table of fuzzy inputs. The resulting behasor i
Human-Robot Interaction field refer to this asxed initiative a smoothed trading-oﬂ‘ of control authority between useat an
interactions or dynamic autonomy (e.g., [1], [2], [3], [4]).  obstacle avoidance algorithm and not concurrent contrsl. A

Previous work on mixed initiative interactions has pl'lrhﬂrl we know from hyb”d control, Switching between two stable
focused on the development of effective graphical user iBontrollers does not guarantee stability and this workheeit
terfaces or haptic feedback to relay task-dependent datagi§cusses nor presents any such results.
the human, and to relay human control information to the Similarly, the authors in [13], present a traded and shared
automatic controller or autonomous, robotic agent (e%}., [ control where the shared control is actually a divided apphno
[6], [7], [8], [9], [1Q]). In this paper, we largely ignore i iy that the automated control drives five degrees of freedom
issue. Instead we focus on the deSign of the actual Contéﬁ)id the human Operator fu”y controls the sixth degree of
laws and simply assume that the human operator already Ra®dom. This essentially means that each is controlling de
some effective means of interacting with the system. coupled aspects of the systems. The operator and automatic

Connected to the notion of mixed initiative interactions i§0ntr0| never Concurrent|y share control over the samecispe
that of sliding levels of autonomy.g., [2], whereby a human of the system. In [17], the authors propose a weighted sum of
operator may influence the system at varying degrees, ffjpicabstacle avoidance control and human input with the weights
as a function of the difficulty of the task. In [8], this cont&p are determined by measuring smoothness, effectiveneds, an
realized by allowing the user to set the autonomy level thhou safety of each control signal. However, this method gives no

. o _ . guarantees of obstacle avoidance in the face of human operat
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and allows full operator control when safe, while modifyingdere f : R™ x R™ — R"™ represents the robot dynamics,
the commands if not safe and stopping the vehicle if need wéth z; € R™ being the state of the robot, and where the
While effective in avoiding collisions, the resulting coviter human operator is issuing the commangss R™, as shown
may prevent the user from ever reaching the intended goal.Figure 1(a). We will formulate task completion in terms of
While the work in [12] contains a "shared control” modemaking the system reach a set of target states” R™, and
it is really a supervisory control type where operators givachieving this with direct human control may, for a various
high-level control commands through a collaborative aaintrof reasons, not be feasible, desirable, or necessary. Hhnis p
paradigm, e.g. giving human speech-like commands suchaighe task will thus be offloaded to an automatic controller,
"Drive left.” In [14], the authors take a unique approach avh as proposed in [20]. The problem we address in this paper is
ing the autonomy "probe” the operator by intervening in theltimately to devise a controller that drives the systemuaohs
task when the autonomy decides there a discrepancy betwaeway that both the state constraints are satisfied (low-leve
what it senses about the task and what the human does. Ltikek) and the human operator’s “intentions” for the system
the previous methods described here, there are no guasanteshavior (high-level task) are respected as much as pessibl
that these autonomous interventions are accomplishing thén order to preserve the human operator’s intentions —
task. without having to establish informed estimates of what ¢hes
In contrast to these methods, [18] does indeed presenintentions might actually be — the control law will be desgn
mixed initiative controller that guarantees a certain leve in such a way that it minimizes deviations from the human
task completion. The strategy in [18] is based on navigati@mput while also ensuring that the state constraints aisfieat.
functions combined with human inputs to drive a differeintidlo this end, we replace, in (1) by a control inputuy,
drive robot around obstacles to a specific goal representedrbsulting in
the global minimum of the navigation function. The operator Try1 = flop, up), (2)
can drive the robot away from the planned navigation fumctio
path but, once the user stops issuing commands, the cemtrolyhere the idea is that, should somehow be “close” toy
will drive the system towards the goal state again, witfthe human input), as shown in Figure 1.
guaranteed task completion as long as the human operator
stops issuing commands eventually. Uk
In this paper, we frame the mixed initiative interactionltpro
lem as a model predictive control problem, following theiati
work in [19]. The proposed approach makes a distinction
between low-level (automatic controller) tasks and higvel
(human) tasks, with completion guarantees associatedtigth
low-level tasks without the need for strong assumptions on
the human input signals. The technical difficulty assodate
with this approach is that it requires the prediction of hama
inputs into the future. And, said predictions will influenibe
performance of the robot which, in turn, will change the hama (b) Human-in-the-Loop Control
inputs. So, care must be taken when constructing the piewdlict
methods and one of the key investigations in this paper fig- 1. Control methodology for the proposed MPC-based Himahe-
how one should handle this “prediction-human” feedbaCDIOOIO-Op fonr:rloller: Thle Pproposed (iontroller will stay closetle human input
signal while completing a lower-level task.
As such, we propose and develop a number of different
strategies of increasing complexity and sophisticatiand a gpgyring that a system will reach some target set while
compare these strategies through a human operator studyying close to the human inputs requires some way of
The experimental human operator frial is based on a seargfagicting where the human operator intends to drive the
and-rescue inspired, cooperative human-robot navigaiski gystem which, in turn, requires a prediction of future hu-
The main finding in this paper is that due to the complean operator inputs. In Section I1I-A, two such methods of
connections between the human inputs and the predictipgRyeasing levels of complexity (zero-order hold and syste
methods, the simpler methods outperform the more elaborgignyification) are presented. For the purpose of the ctirren
Ones. discussion, we simply assume that we somehow, at every time
instantk, have a predicted sequence of human input values,
II. MIXED INITIATIVE INTERACTIONS AS ANMPC denoted byV; = {vg,...,vk+N,—1}, WhereN, € N is the
prediction horizor.

. . . .. We now need to find the control sequené¢és =

In this section, we devt_alqp t_he t.)aS'C framevv_ork that W'guk, .., Uk+N,—1}, that minimizes its deviations fronyy,
allow us tq c_:ast mixed |n_|t|at|ve lnteracn_onS In terms of e ensuring that the state, at the end of the sequence,
model pr_edlc_tlve control ac_Uons. Suppose_ﬁrst that t_h_edm"msatisﬁes the state constraint, i.e., that y, € X;. The only
operator is directly controlling the robot, with dynamidsen

L+l

Tpy1 = f (g, vp)

(a) Direct Human Control

U Lht1

%k J Control

Ty = flan, up)

A. Problem Formulation

by 1We use the subscript in the horizon N, to allow for the prediction
Trt1 = [T, vE). (1) horizon to vary and, thus, depend &n



input in;, that will actually be applied to the robot is the firstin that the prediction horizon is allowed to vary and that the
one, i.e.u. After that, a new predicted human input sequenderminal constraint is given in terms of a set that may not
is found and a new input sequence is computed. The recedaugtain any equilibrium points. However, convergencelissu
horizon optimal control problem that is solved at each time and thus task completion guarantees — can still be given.
instantk is thus given by To this end, we will rely on the so-called dual-mode MPC
. technique from [21] and [22], where the system is driven

min Vi, Ve, Ur), () {0 the constraint set by the MPC, and then another (locally

(%Yéwiant) controller is employed within the constraint. Sehis

where the cost is given by a sum of instantaneous stage ¢ ) ;
9 y 9 second mode is technically needed for the convergencesesul

ket Nk —1 to hold, and we will simply assume that, when in the terminal
Vn, Violli) = L(vi, us), (4)  constraint set, the human input will be used as the "locally
=k invariant” controller. Thus, we require that the human apar
subject to the constraints must not be “stupid” in the sense that it will not actively
force the system away from the goal set once it has been
Thr1 = f(Tr, uk), (5) Y Y I

reached. Phrased in other words, the operator is capable to
Tryn, € Xf (6) keeping the system in the constraint set and we let the set

We will refer to this problem a®y;pc, and we note that the of the corresponding admissible human inputs be denoted by

cost (4) is designed to penalize deviations from the hum&n- V(z), wherez € X;. ] .
command in order to preserve human intent while the terminal Ve must moreover make some (mild) assumptions on
state constraint (6) guarantees that the state constvefith e Stage costl, namely that it is bounded below by a
is required for the lower level task, is enforced at the end 8ffunction, which gives us a positive and increasing cost
the time horizon. Without this terminal constraint, the oh Wit respect to the norm of the difference between the
would simply equal the predicted human input. However, tman inputs and the control inputs. The cost is furthermore

presence of the terminal constraint will most likely cause t assumed to be zero when in the terminal constraint set, which
control to deviate from the human input is consistent with the human operator providing the invaria

The choice of horizon)V, is critical in that a largeN;, control action in that set. The final assumption needed to

requires that the future prediction of the human input B&'SU® task_co_mplenpn IS th_at the goal set can '”de_e‘?' be
accurate over a long time horizon. Otherwise the computé%aChed' This is particularly important when the predictio

control will not accurately reflect the intent of the user — ilgorlzor} is allowed to vary, since too short a horlzon may
will still reach the target state though since this is a ha@j€rwise prove problematic. We here summarize these four

constraint. If Ny, is too small, the control effort attempts to?SSUmptions:

reach the constraint set within a small amount of time, n@akin

the deviations from the human input potentially quite largeAl L(vg, ux) > v(||(ur —v)||) for some K-functiony, with

As such,N;, must be short enough so that the prediction of L(0,0) =0 .

future user inputs is valid yet long enough to ensure that tfe2 L(vk,vx)=0 for all v, € V(z) .

user intentions are respected. A3 The setX; is positively invariant under contrel € V(z)
Dynamic, sliding autonomy is achieved by this controller  in the sense thaf(z,v) € Xy, Vo € Xy, Yo € V().

in that any human operator input (the control seque¥ige A4 There exists a lower boundi/ > 1 such that the goal

that drives the system to the goal set at the end of the control Set is reachable from all states over any time horizon

horizon will be used as given (i.e. fully manual control)thfs N=>M.

is not the case, the system will seek to correct the comman@rpeorem 2.1 (Task Completion): Under the assumptions
while trying to also respect the operator intent. In this yithg A1-A4, the state will converge to the constraint sk, as

human operator can be a detached supervisor or have a more, . \yhen the first element in the optimal solution to
active role depending on how close the human commanﬁj:apc is applied at each iteration.

come to carrying out the lower-level task. Additionallylife
human provides no inputs whatsoever, the robot will simpl . . L
satisfy the low-level task without any human interventitul( e move on to the different, candidate prediction methods

autonomy). We thus have a control architecture that su;apolrlpder cg?&derau?nr,] some wor_ds STUId be_ salgla.boult thle
varying levels of autonomy without any need to explicitl§eison"’: . (?[_ness Od tthe assutmpltlons.h _ssumfptl?n 'Sffr?rt
specify the levels of autonomy, not restrictive an e particular choice of stage cost tha

we will use in the operator trials will simply be given by
_ L(u,v) = u— ]
B. Task Completion Assumptions A2 and A3 ensure that once the system reaches
A number of results have been obtained establishing asyntipe terminal set, the stage cost is zeroed and the system
totic stability for MPCs (e.g., [21], [22], [23], [24]). The will not be driven out of the constraint set, i.e.= v (the
stability arguments typically rely on a terminal consttaam applied control is the human input) ang ;1 = f(xg, ur) €
cost that penalizes deviations from an equilibrium poirite T X V z, € Xy, with v € V(z). These two conditions imply
formulation in this paper differs from previous formulai® a “strong” assumption in that we assume that the bounds on

The proof of this theorem is given in Appendix A, but before



the human operator control and the ability of the operatorputs, and this method not only serves as a way to use past
is sufficient for keeping the state within the constraint sétformation to predict future human inputs, but we will be
once this set has been reached. In other words, the hunadéfe to gauge the performance of this prediction and, as a
operator is trusted with the control to maKe invariant. We consequence, update the prediction horizon accordingly.
argue that this is a reasonable assumption because once th& time k, let the N, € N past and current human input

system has converged to the state constraint set, it sheuldvhlues be denoted by, = [vi_n,,- .., vx]T, and

obvious to the human operator that large incorrect command

inputs will not be beneficial. Finally, Assumption A4 is in Vk=N;=N, - Vk=N,

essence a controllability assumption, which may or may not H, = : : :

hold, depending on the robot dynamics. Vkh—2-N. ... Up_2 ’
Vk—1—N, cee V-1

IIl. DESIGNCHOICES .
) o ) wjth model parametersy = [¢n,,...,¢1] that must be
The strength of Theorem 2.1 is that it is quite general anfhiarmined from the past data.

it allows us to combine human inputs with guaranteed task-l-he least squares problems, — Hy¢”, is then solved,
completion for a large class of robotic systems. Howevediving the parameters

when actually deploying it, a number of design choices must

be made. This section focuses on these choices. And, as ¢ = (HL Hy,) (s} Hy). 7

the overall aim is to understand what constitutes good such ] - ] ) )
choices, a variety of different methods must be investiatd 1OWeVer, the quantity,H;; Hy) is potentially singular, so the

We do not intend to cover all possible such methods, but rattt&Venberg-Marquardt procedure [25] is used to regulatize t
derive methods with increasing levels of complexity sinoe dnatrix, resulting in

_explicit aim is _to_investigate if humang prefer_ simpl_er orrmo ¢ = (HTHy + 61) " (sT Hy), 8)
involved prediction methods when interacting with robotic

systems. We will thus start with a discussion of the predicti for some smallb € R. The collection of past, current, and
methods used, followed by a way of updating the predicti@ne time step in the future human inputs is givenspy; =
horizon in an adaptive manner. The last design considerdio [vx—n,+1, - ., vk + 1]7 = Gsi, where

be discussed involves how to actually solve the mixed itivea

MPC in an effective manner for linear systems with quadratic 0 (1) (1) 8
costs.

G=1 : : : | e RNaXNs
A. Human Input Prediction Methods 0 0 0 e 1

As already noted, we need to be able to predict human ON, ONe-1 OGNz o D
inputs in order to solveP;;pc. In this section, we discuss From the last row, we have the predicted human input one
two such prediction methods, although we note that other suime step into the future, i.evu, 1 = @si.
methods are conceivable. The first is Zero-Order Hold (ZOH), Similarly, the predicted human input two time steps in the
where only the current human input is needed to make theure is obtained usingy 2 = Gspy1, With v 1o = @spy1.
prediction, which constitutes the simplest possible mtati Repeating this procedurd/;, — 1 times, the future human
method. The second method is prediction by Least Squaiegut sequence is obtained, = {vk,Vkt1,. .., VkiN, } =
System Identification (SID), which requires that we store gy, ¢sy, ..., dsksn,—1}2
certain number of past human inputs, which thus represents a
more complex (higher-order) prediction method.

1) Zero-Order Hold Prediction (ZOH):The ZOH predic-
tion method simply says that the future human inputs will all As there is an inherent trade-off between prediction harizo
be the same as the current human input. And, as such, il prediction quality, we may want to be able to adaptively
method represents one extreme of the complexity spectr@gjust the horizon as a function of the prediction qualitydA
in that a less involved prediction method can hardly b@ order to measure the performance of the human prediction
envisioned. Giveny, the predicted human input sequence tat timek, we propose to utilize the system identification model

B. Adaptive Prediction Horizons

be used inPy;pc, is thus given by obtained at the current time and produce a human input signal
backwards in time for the length of the current control honiz
Vi = {0k, Uk -+, Uk} The performance measure is a cost on the deviation from this
Although this prediction is simple (and inaccurate), ithtie Signal to the actual human input signal recorded over tha.ti
shown to be Surprising'y effective in experimentation. If the deviations are |arge, then the predICted model is not

2) Least-Squares System Identification (SIEjman input accurate (i.e. not performing well) and the horizon showdd b

allows us to make predictions that reflect longer-term tsend ,, _ _ o .
When using SID, there is always an initialization period uiegd to

in the human inputs. For mStanC_e* _a system !dennﬁcat'%@cumulate past human input values before the actual syistemtification
approach would make better predictions of periodic humaan commence. We use ZOH for this initial period in the experits.



the human input model is performing well and the horizon caand L;, = BT (AN«—1)T 4

be increased. As such, we have a closed-form solution to a version of
In light of this discussion, we will try to find the horizon tha the optimal control problem that needs to be solved every

minimizes the deviations in the predicted and actual humgéime step, instead of having to numerically solve a potdgtia

input signals based on past data. For more details on th@mputationally intensive constrained quadratic progrém

method for choosing control horizons, see [26]. However, #% subsequent section, we will use the closed-form saiutio

the particulars of this design method are not fundamenthieo when evaluating the different design choices in the expemim

developments in this paper, we simply refer the reader th [26al operator trial.

What is, however, of fundamental importance is the manner in

which the human operator responds to varying time horizons. IV. HUMAN OPERATORSTUDY

And, although they are designed to improve the performange : . .

of the MPC controller, it will in fact turn out that the human&' Experimental Considerations o )

operator inputs change significantly in response to varyingThe purpose of the human operator studies is rr_wultl—faceted

horizons, making the usefulness of this method somewH8t that we not only want to gauge the effectiveness of

dubious in contexts where the “environment”, i.e., the humahe lower-level control in an experimental setting, but,reno
inputs, is coupled to the prediction horizon. importantly, we investigate whether or not human operators

are afforded the freedom required to accomplish highestlev
_ tasks. In addition, we would like to measure overall task
C. Solving the MPC performance of different versions of the controller versus

The framework for mixed initiative interactions proposed i Manual control as well as any operator workload differences
this paper utilizes model predictive control and this imes And, as already hlnt_ed at, it turns out that due to t_he complex
solving an optimal control problem at each time instantsThnd unknown coupling between the user behaviors and the
is potentially computationally quite intensive, and in spmprediction methods used, the most effective mixed initéati
instances even infeasible. Therefore, if a closed-forratami MPC strategy corresponds to the simplest one. In fact, the
could be found this would significantly improve the usapilit versions of the prediction methods used are Zero-Order Hold
of the proposed methodology. The following section detailith Fixed Prediction Horizon (ZOH), Least Squares System
such a closed-form controller for the specific case of norrtdentification with Fixed Prediction Horizon (FSID), Least
squared stage costs, linear dynamical systems, and linegqrares System Identification with Variable PredictioniHor
state constraints, which corresponds to the scenario undep (VSID), and pure, Manual Control (Manual).
investigation in the user-studies, detailed in the follugyi The experimental scenario under consideration is inspired
sections. by a search and rescue operation navigation task where three

If the robot dynamics are given by a linear, completel oints of interest are given (where potential victims may be
controllable systema,+1 = Azy + Bug), the cost is given efore the task begins. The automatic controller is comradnd

by to drive the robot to any one of these points (low-level task)
k- Nj—1 while the human operator is to guide the robot to the points in
Vy, = Z l|vi — ug|? the order deemed appropriate by the operator. The human also
k K3 3 k) .
—k has the power to influence the path taken by the robot to each

of these points. During the task, the human is also asked to
identify a possible, new area of interest (where there coeld
additional victims) on the way between two of the predefined
paints. The human must then actively alter the robot path to
Wit this point. This scenario requires sliding autonomytiat

the human involvement ranges from a little to a lot of oparato
[hteraction with the automatic controller.

The search and rescue-inspired scenario is depicted in
Figure 2, where the predefined goal points are labeled as Goal
uzpt _ LZMT(MLL*MT)fl(b_ MANk g, — MLVy) + v, 1, Goal 2,_ and Goal 4, whereas t.he mid-task goal-point is

9) Iabele_d Point 3. The low-level task is to ensure that the trobo
where the linear operatod, : H — R”, and the adjoint does indeed reagh one of the prede_flned goal pqmts_(Goa]s 1,
operator,* : R — #, are given by 2, and 4). The high-level task consists of choosing in which
order the goals are visited as well as visiting the goal point

and the task is modeled by the constrair(t; + N) € X; =

{z | Mz = b}, one can solv®,, pc analytically as long as the
human input sequences are sufficiently regular. In pagicul
if the human input sequences belong to the Hilbert space
square-summable sequentédenoted byH), in [19], P pc

was solved as a direct application of Hilbert's Projectio
Theorem, following the procedure in [27]. In particulareth

optimal u;”* at timek is given by

ket Ve —1 _ not predefined as a goal (Point 3) in-between Goal 2 and

Lty = Z AN By, Goal 4. The operator is situated in the same room as the task
=k environment and has full view of work environment, as shown

L = {BT(ANHT BT(AM=2)T .. BT}, in Figure 3. The laboratory environment does not simulate

SNote that technically speaking, we need different Hilbgoaces for “Note that the key feature s pc that enables this closed-form solution
different prediction horizons, but this does not changetldng about the is that the stage cost does not depend om, which is why no Riccati
solution since the optimization problem is resolved at yv@me instant. Equations need to be solved.



Mobile Robot . . . .
the constraint set in the optimal control problem is

Xf =X; UXy UXy. (11)
. Goalt This goal set is a union of three linear sets and is, as such,
h Polut 3, not a linear set. However, what we do in practice is solve

three optimal control problems analytically — resultinghinee
different candidate control values — and then select thérabn
signal that best matches the human input. And, once a goal
point is reached, the operator is given full manual contool t
o=, stay at this goal point or move on to another goal point. These
_ _ B human issued commands are supplied by way of a video game-
e e e oo o oo e o like gamepad with joystiks, shown in Figure 3. The joystick

Goal 3), while the user specifies the order the goals areetisind influences allows the operato_r to issue change-in-positi(_)n commands i
the robot path so as to visit Point 3 on the way to the final go#itp the global frame without regard to the orientation of theatob

Human-chosen paths

B. Results

The user study procedure employed is detailed in Appendix
B and in this section, we report on the findings from said user
study. The robot is defined as successfully reaching a goal
point if its position is recorded as being within a 10 cm ball
around the goal. A total of 40 trials were conducted, and in
all 40 trials, the robot successfully reached all three & th
goal points, demonstrating low-level task completion. ®or
importantly, the operators in every trial were able to gutue
robot in the specified goal order given by the test admirtistra
as well as visiting Point 3. As a result, it can be concluded
Fig. 3. Navigation Task Evironment with Khepera Mobile Robohe that operators and the robot were able to complete both low-
joystick shown is used as the operator interface. level and high-level functions with the manual control as

well as complete high-level functions while the three diffet
versions of the mixed-initiative controller ensured losw|
the same robot mobility, situational awareness, and warklotask completion. The repeated-measures approach to these
challenges found in actual search and rescue operatiohs, dxperiments isolates the effects of the different corgrsli
it successfully serves the purpose of requiring the humanithout the effects of operator-to-operator variability.
robot team to operate at different levels of autonomy, asin order to evaluate any performance and workload differ-
well as provide information about the efficacy of the differe ences between manual control and the three versions of the
prediction schemes. proposed controller, we analyzed the total task completion

The experiments aree conducted using a differential dritiene (i.e. time to reach Goal 4) and NASA TLX workload data.
mobile robot (Khepera Ill) wirelessly receiving commandFigure 4 shows the task completion times for each parti¢ipan
from a Ubuntu PC running the Robotic Operating Systemith each of the four controllers. The ZOH controller reedlt
([28]). Localization information is supplied by a VICONin the fastest completion times acroal participants. The
motion capture system giving planar position and orieatati mean completion times for each controller are as follows5 46

A low-level unicycle controller (for example see [29]) thasec for ZOH, 60.8 sec for Manual, 76.3 sec for FSID, and
takes in planar change-in-position commands and outpité.1 sec for VSID. As such, it is clear that the least complex
velocity and angular velocity commands allows us to usedd the mixed initiative MPC outperformed the more complex
discrete-time, linear control system model to command tivariants as well as the pure, manual controller. The rewtti
mobile robot: and p-values for each pairwise test were ZOH versus Manual

T = Th + (10) (t(10)= 3.071, p=0.0133), ZOH versus FSID (t(10)= 5.798,
p=0.0002), and ZOH versus VSID (t(10)= 5.056, p=0.0007).
wherez = (z1,22)T are the planar Cartesian coordinates dfising the convention that p-values less than 0.05 are deemed
the robot, which provides the discrete system dynamicseteedtatistically significant, we can see that the ZOH controlle
to formulatePy;pc. statistically significantly out-performs the other cofigcs.

The low-level task that must be solved by the controller Workload is measured using the NASA TLX survey and our
corresponds to ensuring that the robot reaches one of tee thanalysis is carried out over the total raw NASA TLX scores.
goals, each of which is modeled as a linear constraint: b;, The raw total scores for all participants are plotted in Fégu
for i = 1,2,4, whereb; is the planar goal location for goal5 where we see a trend that the workload scores for the ZOH
i, 1 =1,2,4. (Note that we index these 1,2,4 since those ao®ntroller tend to be less compared to the other controllers
the four predefined goal points.) Hence, Xar= {« | « = b;}, The mean raw scores for each controller are as follows: 30.7
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Fig. 4. Task completion times for all participants Fig. 5. Raw Total NASA TLX Workload survey scores for all peigiants.

Participant Choices for Prefered,
Frustrating, Trusted Controllers

-
o
y

for ZOH, 51.4 for Manual, 51.4 for FSID, and 53.6 for
VSID. A repeated measures pairwise t-test was performec
for the ZOH controller against the other three controllers t
test the hypothesis in this paper. The resulting t-value @nd
values for each pairwise test are ZOH versus Manual (t(10)=
3.898, p=0.0036), ZOH versus FSID (t(10)= 2.938, p=0.01165)
and ZOH versus VSID (1(10)= 3.318, p=0.0089). Hence, the
ZOH controller was shown to statistically significantly leav

a lower operator workload than manual control and the other
prediction methods. The results of these human studies hav
shown that not only will the mixed-initiative control schem
guarantee low-level task completion, but we have shown that _ _ S
numan operators have the freedom to accompiish high-leflf % ! e fsus stane furier of patcpeneicans,
tasks with benefits to performance and operator workload tHyught they could trust the most.

this particular experiment.

Prefer
+— — W Frustrating ——
Trust

# of Participants
o = N WA 01O N o0 O

[ [ Ol [ i

ZOH Manual FSID VSID
Controllers

The reader may note that the TLX scores for Participant 1
are very close and a look at that participant's completioreti
will show that except for the FSID controller, those times ar In this paper, an MPC controller is presented that combines
close as well. One interpretation of these results is thiat thhuman input signals with an automatic control signal to
operator is more skilled at the task and hence the assistapegeduce a controller with naturally sliding levels of aubomy.
from the autonomous controller has less effect. In additio® \While theoretical results give low-level task completiamag
NASA TLX scores are highly dependent on the participantintees, experimental results with human operators shotv tha
individual viewpoint of the amount of workload, so scoresymathe control scheme allows for high-level task completiothwi
vary greatly between participants as seen in the lower vergpecific benefits to performance and operator workload for a
scores of Participants 5-8. This dispersion in TLX scores hgpecific search-and-rescue-motivated mobile robot ntiviga
been accounted for by the repeated measures experimemagk. These benefits were shown to be statistically significa
conducted in this experiment as the aforementioned statiist with the Zero-Order Hold with Fixed Horizon version of the
analysis focuses on the differences in performance of eagintroller.
controller for a particular subject, rather than the abolu
scores across all participants and controllers.

V. CONCLUSIONS
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APPENDIX

A. Proof of Theorem 2.1

The proof is based on showing that the value function goes
to zero ask goes to infinity by proving that the value function
is bounded above by a value function that converges to zero,
for both the expanding, constant, and contracting horizon
cases.

We will use u,jpfv as shorthand for the optimal control
sequence of Iengtwk at time k, and note that this sequence
really is a function of the human inputg, n, over the same
horizon as well as the state of the system at time k.
Similarly, we will Ietufea denote a feasible (not necessarily
optimal) control sequence.

Now, by Assumption A4, there exists a horizaW,, such
that M < N, for all &, i.e. all horizons are bounded
from below by M. At time k£ with human inputVy »y =
{vk, Vk+1,---,V6+rm—1}, let the following be an optimal
control and state sequence using the horiZah,
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Then, at timek + 1, a feasible control and state sequence
for the reference horizod/, given human inpu¥y41 v =

{Vk41, Vhr2, .- VR )} IS
fea _ opt opt
k4+1,M {uk+1,M7 e Uk M1, Mo Vk+M }
fea _ opt opt opt
k+1,M {xk-i-l,M? o Ty M—1> T M M ThAM+1 h

with (by Assumption A3)a}%,, 1/ Tkrm+1,m € Xy, and

dwherea:,HMH = f(xZTM,MvUHM)- For both the expanding

and contracting horizon cases (of which the constant horizo
is a special case), we will show that the optimal costs are
bounded above by this feasible cost over the horizbnand

that this feasible cost converges to zerokas» oo. We do

this by showing that a feasible cost over horiz8) can be
constructed whose value is equal to the feasible cost over
horizon M. And, by necessity, the optimal cost is bounded
by this vanishing, feasible cost.



Case 1 Ny < Ni11 (Expanding Horizon) maximum of three times. Then, the participants were given a
A feasible control and state sequence for the human ingtaining session with each of the controllers before penfog
Vi.N, attimek is given by a concatenation of two sequencethe task with recorded data. Each training session codsisgte
fea o opt a maximum of three attempts at the given task. Each recorded
Upn, = Ui A0kears o Uk N -1} run was followed by a NASA TLX workload survey. The order
ka_;‘;k = X,ff}\‘} ATk M1y TR N, of the four controllers were counter-balanced to account fo
' , any ordering effects. After the four trials, the participawere
where the second sequenceAif’y, is entirely contained in given an exit survey comparing the four controllers.

Xy, as per Assumption A3. For each trial, the participant was asked to drive the robot t
If we now advance time one step to+ 1, the corre- Goal 1, then Goal 2, then to pass through Point 3, on the way
sponding feasible sequencb%[ and Xifﬁ Nei, @€ to Goal 4 as seen in Figure 2. The ordering of the goals was

obtained by removing the first ‘element from " the' feasibleet before the trials by the study administrator and were the
sequences at timg and then concatenating these sequencesme for every participant. The controller was programmed
With {vk Ny -+ oy Uk N -1} @A {Zk Ny +1, - - TN, T with Goal 1, Goal 2, and Goal 4 given a priori however, Point
respectively. Since the new states stay in the target seth@nd3 was not part of the low-level task. Moreover, the controlle
last control signals are equal to the human inputs, no ext&s not given the order in which the goals must be visited.
cost is incurred, as per Assumptions A1-A3. Therefore  |n this way, human control naturally shifts from a superwso
VM(WH,Mﬂ;ﬁi,Aﬂ Vs, (Ves, NHl’ugﬂ Nert): ggieltoé control towards that of a more manual control to visit
which establishes the bound in the expanding horizon case.
Case 2 Ny > Ni11 (Contracting Horizon)
This part of the proof is similar and it also involves
the construction of the same suitable, feasible sequences
at time k& as beforeu,f‘j\‘} and ka‘j\‘,’ As the horizon is
contracting, the difference now is with the construction of
the subsequent sequences, where instead of the sequence
length increasing, it is now decreasing due to the contrgcti
horizon, andL{,C+1 Ny, and ij‘; N.., are again obtained
by removing the first element from the feasible sequences at
time k£ and then, just as before, concatenating these sequences
with {vg4n,,- .- 7Uk-i—Nk+1—l} and {&g+ N, +1, - - - xk+Nk+1}
respectively. Again, due to Assumptions Al-A4,

fea _ fea
Vm (Vk-i-liM’ukJrl,I\l) = VNk+1 (Vk+1,Nk+1’uk+1,Nk+1)'

What remains to show is that the upper bound given by the
fixed horizon feasible sequence (over horiZdi does indeed
have a cost that converges to zero. Since

Vive Vv Uit ) < Ve Vv UL %) = VirVieoar, ULST)

(12)
convergence would have been established if we can show that
VM(Vkﬂ]\,{,ukjf]\lj[) — 0 ask — oo. But, once the target set has
been reached, this feasible control sequence lets theotontr
inputs be given by the human inputs. And, per Assumption A3,
the corresponding cost is zero, from which the convergence
result is established, following the argument in [21] and][2

]

B. User Study Procedure

Ten operators were recruited for the experiment from the
Georgia Institute of Technology community. None of the eper
ators have had previous experience with mobile robot céntro
The participants were between the ages 20-30 with 3 female
participants and 7 male participants. The participantsl rea
standard written instructions on the task and then physgical
shown the task environment with verbal instructions on how
to complete the navigation task. The participants were first
allowed to practice the task using only manual control for a



