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In recent years, researchers have been developing
tools to allow human operators to work with multiple robots. To this end, results for autonomous
systems can be helpful, e.g. controllability analysis [1], null-space approach [2], containment control [3]. On the other hand, results from teleoperation systems show that the shared control method
is helpful in producing safe and efficient humanrobot-interaction systems [4].
Among existing studies on shared control [5, 6],
most approaches can be seen as variants under the
policy blending framework (1),
u(t) = (1 − λ(t))uT (t) + λ(t)PS (uH (t)),

(1)

in which human input uH (t) is first projected onto
a safe/permissible space by PS , then blended with
an autonomous control signal uT (t) by a weighting
function λ(t). However, this kind of methods does
not explicitly address the control objectives of uH
and uT , and a blend of actions as in (1) may be unsatisfactory for both sides. With such a potential
defect, this method may not always be suitable
for multi-agent systems, since control objectives
for such systems, like formation adjustments and
group separations, can be complex.
To solve this problem, the method in [7] is extended and an optimization based shared-control
framework is proposed. In this framework, control
objectives are expressed as cost functions and actions are computed by minimizing a blended cost.
The framework is formulated using the model pre-

dictive control (MPC) method, which allows theoretical analysis on the stability of the closed-loop
system. An experiment of one human operator
controlling a four-robot system is also presented.
The shared control framework. In general, a
shared control system tries to balance between a
local task and a collaboration task. The local task
considered here is to stabilize the system around
the origin and the collaboration task is to comply
with human control intentions.
For a system described by
x(k + 1) = f (x(k), u(k)),

(2)

the proposed controller framework consists of three
components, a task model, a human model, and a
task balancing algorithm, as shown in Figure 1.
These components are formulated as follows.
First, the task model captures the local task for
the autonomous controller. It consists of a pair
of cost functions lT (x, u) and gT (x), a set of state
and control constraint sets X, Xf and U, and a
prediction window N , such that the local task is
defined by the following optimization problem PT :
PT :

min
z∈Z(x(k))

VT (z) =

N
−1
X

lT (zj ) + gT (xN ),

j=0

where In = {0, . . . , n}, z = {zj = (xj , uj )}j∈IN
is a sequence of virtual control inputs and states,
lT (zj ) is a shorthand for lT (xj , uj ), and Z(ξ) =
{z|x0 = ξ; xj+1 = f (xj , uj ), xj ∈ X, uj ∈ U, ∀j ∈

* Corresponding author (email: chenjie@bit.edu.cn)
c Science China Press and Springer-Verlag GmbH Germany 2017

info.scichina.com

link.springer.com

Fang H, et al.

January 2018 Vol. 61 014201:2

Sci China Inf Sci

Human
operator

Input
device

Human
model

Task balancing
algorithm

Task
model

Figure 1

Controller

Structure of a shared control system.

IN ; xN ∈ Xf } is the set of feasible solutions. The
optimal cost minz∈Z(x) VT (z) is denoted as VT∗ (x).
The MPC controller induced from PT is denoted
as the nominal controller, and is assumed to be a
stabilizing controller to the system in (2).
Second, the human model is designed to capture the collaboration task. It contains some algorithms to interpret human inputs such that at each
time k, a reference signal rk = {rj|k }j∈IN is generated for the shared control system. Furthermore,
it contains a pair of collaboration costs lH (x, u, r)
and gH (x, r) that penalizes deviation from such
reference signals. The collaboration task is thus
to minimize the following cost function:
VH (z|r) =

N
−1
X

lH (zj , rj|k ) + gH (xN , rN |k ).

j=0

Third, the task balancing algorithm is an algorithm that at each time k, generates a weighting
sequence λk = {λj|k }j∈IN with λj|k ∈ [0, 1] to help
balance the local task and the collaboration task.
Given these components, an MPC controller is
constructed which, at each time k, solves the following optimization problem P:
P:

min
z∈Z(x(k))

V (z|rk , λk ) =

N
−1
X

Robot
system

lj (zj ) + gN (xN ),

j=0

where the stage and terminal costs are defined
as lj (z) = (1 − λj|k )lT (z) + λj|k lH (z, rj|k ) and
gN (x) = (1 − λN |k )gT (x) + λj|k gH (x, rN |k ).
Let κz (z) be a function that extracts u0 from
z. The control law is then u(k) = κz (zk∗ ) with
zk∗ = arg minz∈Z(x(k)) V (z|rk , λk ).
Given a stable nominal controller for the task
model, it is desired that system designers can
choose from a wide range of human models and
task balancing algorithms without destabilizing
the closed-loop system. In the following, a class
of such models and algorithms is characterized.
Theoretical analysis. The stability of the shared
control system is investigated under the following
assumptions.

Assumption 1. VT∗ (x) is continuous, and there
exists γ, α ∈ K∞ and an auxiliary controller κf ,
such that ∀x ∈ XN : γ(kxk) 6 VT∗ (x) 6 α(kxk)
and ∀z ∈ Z(x), ∃z ′ ∈ Z(f (x, κz (z)) satisfying
that VT (z ′ ) − VT (z) 6 −γ(kxk) [8].
Assumption 2. There exists a σ ∈ K such that
∀x ∈ X , u ∈ U: 0 6 lH (x, u, r) 6 lT (x, u) + σ(krk)
and 0 6 gH (x, r) 6 gT (x) + σ(krk).
Assumption 3. The weighting function satisfies that ∃δ
p > 0, ∃σM ∈ K such that ∀k, kλk k∞ 6
1−δ and µ(kλk k∞ )α(kxk k) 6 σM (krk k∞ ), with
µ(s) = s/(1 − s) and α from Assumption 1.
We note that Assumption 1 is well-adopted in
literature to design stable MPC systems; Assumption 2 in essence requires that lH , gH be in the
same scale as lT and gT does; and Assumption 3
can be interpreted as that the local task should
have more priority if the state error is large and
the human reference signal is small.
The main result is as follows.
Theorem 1. If Assumptions 1 – 3 hold, the
MPC controller that optimizes problem P renders
the closed-loop system input-to-state stable (ISS).
∗
Proof.
At time k, denoting z ∗ , zT
respectively
as the minimizer to V (·|rk ), VT (·), let z ′ be the
extended solution of z ∗ at time k + 1 as in Assumption 1. Let V∆ (z|rk ) = V (z|rk ) − VT (z),
λ̄ = maxj∈IN {λj|k } and r̄ = maxj∈IN {krj|k k}.
Along the state trajectory, from optimality
and Assumption 1, we obtain that VT∗ (xk+1 ) −
VT∗ (xk ) = VT∗ (xk+1 ) − VT (z ′ ) + VT (z ′ ) − VT (z ∗ ) +
∗
∗
VT (z ∗ ) − VT (zT
) 6 −γ(kxk k) + VT (z ∗ ) − VT (zT
).
Furthermore, from Assumption 2, we obtain
∗
∗
that VT (z ∗ ) − VT (zT
) = V (z ∗ |rk ) − VT (zT
)+
∗
∗
∗
∗
VT (z ) − V (z |rk ) 6 V∆ (zT |rk ) − V∆ (z |rk ) 6
(N + 1)λ̄σ(r̄) + λ̄VT (zk∗ ).
Then, from Assumptionp3, with σr (s) = (σM +
(N + 1)σ)(s) and σλ (s) = µ(s) + µ(s), we obtain
that VT∗ (xk+1 )−VT∗ (xk ) 6 −γ(kxk k)+σλ (λ̄)σr (r̄).
VT∗ is thus a continuous ISS-Lyapunov function
and the closed-loop system is ISS according to [9].
Experiment. An experiment was conducted
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where a human operator controlled the scaling and
rotation of the formation of a four-robot system
through a gamepad device. Details of the experiment are in the video attachments.
Conclusion. In this article, an optimizationbased shared control framework was proposed. A
class of collaboration cost functions was found, and
they will not destabilize the shared control system. Experimental results demonstrated how this
method can be used in facilitating interactions between human and multi-robot systems.
Acknowledgements This work was supported by
Projects of Major International (Regional) Joint Research Program NSFC (Grant No. 61720106011), National Natural Science Foundation of China (Grant
Nos. 61573062, 61621063, 61673058), Program for
Changjiang Scholars and Innovative Research Team in
University (Grant No. IRT1208), Beijing Education
Committee Cooperation Building Foundation Project
(Grant No. 2017CX02005), and Beijing Advanced Innovation Center for Intelligent Robots and Systems
(Beijing Institute of Technology), Key Laboratory of
Biomimetic Robots and Systems (Beijing Institute of
Technology), Ministry of Education.
Supporting information
The supporting information is available online at info.scichina.com and link.
springer.com. The supporting materials are published
as submitted, without typesetting or editing. The re-

January 2018 Vol. 61 014201:3

sponsibility for scientific accuracy and content remains
entirely with the authors.

References
1 Wang L, Jiang F C, Xie G M, et al. Controllability
of multi-agent systems based on agreement protocols.
Sci China Ser F-Inf Sci, 2009, 52: 2074–2088
2 Chen J, Gan M G, Huang J, et al. Formation control
of multiple euler-lagrange systems via nullspace-based
behavioral control. Sci China Inf Sci, 2016, 59: 010202
3 Chen F, Ren W, Lin Z L. Multi-leader multi-follower
coordination with cohesion, dispersion, and containment control via proximity graphs. Sci China Inf Sci,
2017, 60: 110204
4 Pratt K S, Murphy R R. Protection from human error: guarded motion methodologies for mobile robots.
IEEE Rob Autom Mag, 2012, 19: 36–47
5 Franchi A, Secchi C, Son H I, et al. Bilateral teleoperation of groups of mobile robots with time-varying
topology. IEEE Trans Robot, 2012, 28: 1019–1033
6 Saleh L, Chevrel P, Claveau F, et al. Shared steering
control between a driver and an automation: stability
in the presence of driver behavior uncertainty. IEEE
Trans Intell Transp Syst, 2013, 14: 974–983
7 Shang C, Fang H, Cai T, et al.
Mixed initiative controller for simultaneous intervention, a model
predictive control formulation. In: Proceedings of
IEEE/RSJ International Conference on Intelligent
Robots and Systems, Daejeon, 2016. 2805–2810
8 Rawlings J B, Mayne D Q. Model Predictive Control:
Theory and Design. Madison: Nob Hill Publishing
LLC, 2009. 115–125
9 Jiang Z P, Wang Y. Input-to-state stability for
discrete-time nonlinear systems. Automatica, 2001,
37: 857–869

