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Model-Based Predictive Impedance Variation for
Obstacle Avoidance in Safe Human—Robot
Collaboration

Julian M. Salt Ducaju, Bjorn Olofsson, Rolf Johansson

Abstract—Human-robot collaboration (HRC) in manufactur-
ing environments requires that physical safety can be guaran-
teed. Control methods that implicitly regulate the interaction
forces between a controlled robot and its environment, such as
impedance control, are often used for safety in HRC. However,
these methods could be complemented by restricting the robot
operational space for additional safety guarantees. In this context,
obstacle avoidance might benefit from considering a prediction
of the controlled-robot motion and/or the behavior of the human
collaborator. To this end, we proposed to include linearized Safety
Control Barrier Functions (SCBFs) in a linear Model Predictive
Control (MPC) strategy for robot impedance variation online.
The convex optimization problem that was obtained from our
proposal presented two advantages compared to nonlinear MPC
alternatives. First, optimality was ensured in our method under
linearity assumptions on human guidance and linearized robot
dynamics, whereas a controller synthesized by nonlinear MPC
strategies would depend on the fundamental characteristics of the
problem. Second, our method enabled implementation at a faster
control frequency, thus allowing a rapid adaptation to changes
occurring in the robot environment. Finally, experimental val-
idation was performed using a Franka Emika Panda robot in
a human-robot collaborative scenario, and the stability of the
method was shown using Lyapunov theory.

Note to Practitioners—Modern-day industrial manufacturing
environments are characterized by collaboration between human
operators and robot manipulators. In this scenario, where hu-
mans and robots share workspace, physical safety is required.
This research aims to improve safety in human-robot collab-
oration by proposing a novel robot control strategy. In our
approach, the interaction forces between the controlled robot
and its environment were regulated implicitly using impedance
control, to allow, among other interactions, that an operator could
manually guide the robot. Then, obstacle avoidance was included
to modify the robot impedance behavior for restricting undesired
collisions with, for example, the operator head, while ensuring
stability of the method. Our main contribution is that the
proposed formulation allows to consider a prediction of the robot
motion and/or the operator behavior for robot obstacle avoidance.
It was shown in experiments with a real robot that adding
prediction capabilities reduced the risk of undesired collisions,
while also decreasing the robot trajectory error. Moreover, the
method could be implemented at a fast rate so that the robot
could react rapidly to changes in its environment. Also, this
implementation allowed to achieve a minimal variation with
respect to the nominal impedance behavior of the robot. To
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Fig. 1. A human-robot collaborative scenario where an operator was guiding
a Franka Emika Panda robot mounted on a table.

conclude, this method is intended for scenarios where a robot
is required to interact with its, possible restricted, environment:
for example, a robot with a drill attached to its end-effector that
is being guided to modify its trajectory, but where the operator
should not be allowed to accidentally be harmed; or a robot
performing a polishing task where a section of the polished object
should remain unpolished. Therefore, using the proposed robot
control strategy, a possible extension of this research would be to
provide an improved prediction of the human operator intention
depending on the desired robotic task and the role of the operator.

Index Terms—Physical human-robot interaction (pHRI), robot
safety, Model Predictive Control (MPC), impedance control,
Safety Control Barrier Functions (SCBFs).

I. INTRODUCTION

Former industrial settings, characterized by a fixed-structure
workspace, present limitations when addressing current man-
ufacturing trends, in which mass production has been replaced
for mass customization, i.e., smaller volumes of products are
manufactured during shorter time frames [1]. As an attempt
to improve human contribution, in terms of intelligence, dex-
terity, and responsiveness, in this rapidly changing industrial



environment, human—robot collaboration (HRC) has increased
its relevance in recent years [2]. Several methods for HRC
involve a physical interaction between humans and robots
(pHRI), such as kinesthetic teaching, where human guidance
is used to modify a robot trajectory [3]; or human-robot
cooperation, where a robot provides proactive assistance to
a human operator [4].

The most important requirement of any collaborative manu-
facturing scenario is that physical safety can be guaranteed for
all humans, robots, and any other actor present in the shared
workspace. To achieve this, indirect force control methods,
such as impedance control [5], [6], are often used. Impedance
control improves physical safety in HRC by implicitly regu-
lating the interaction forces between the controlled robot and
its environment, which also allows physical guidance of the
robot. However, the interaction-force regulation achieved by an
impedance-control strategy might not be sufficient to ensure
safety in HRC applications, e.g., if fragile equipment was
located in the shared workspace, or if further protection was
desired for the most sensitive body parts of human operators,
such as their heads. In these scenarios, it is necessary to
constrain the available operational space of the robot by
creating restricted zones that the robot should avoid.

Safety Control Barrier Functions (SCBFs) [7] have been
extensively used in recent years to bound the operational
space of robot manipulators [8]-[12] since they provide formal
forward-invariance conditions to ensure that a robot does not
leave a safe set of states, i.e., a robot that started its motion in
its allowed operational space would not invade a restricted
zone. To achieve a minimally-invasive modification of the
nominal behavior of the robot, SCBFs have been included
as inequality constraints in a quadratic optimization problem
whose goal was to minimize the difference between a nominal
control signal and a control signal that would satisfy the safety
requirements imposed by the SCBFs [7]. Convexity guarantees
in this formulation ensured optimality, and allowed a fast
execution of this safety strategy at the sampling frequency of
the controlled robot, which can be as fast as 1 kHz. Moreover,
in the context of HRC, SCBFs have been considered to adapt
the acceleration of a robot depending on a human-robot
separation distance [10], resulting in a safety improvement
for human-robot contacts. Then, regarding safety in pHRI,
SCBFs have been considered to modify an impedance control
structure for robot obstacle avoidance [11], [12].

Furthermore, so far, SCBF-based proposals to constrain
the operational space of robot manipulators [8]-[12] have
been formulated as 1-step quadratic optimization problem,
thus not containing prediction capabilities regarding robot
motion and/or the behavior of the operator. The advantages
of prediction for collision avoidance have been studied for
other types of robotic systems, such as legged robots [13]
and mobile robots [14], where SCBFs were combined with
Model Predictive Control (MPC) strategies to include longer
temporal-horizon predictions for safety improvement. How-
ever, nonlinear MPC strategies were proposed in [13], [14],
which caused their optimization problem to depend on the
fundamental characteristics of the problem, thus no guarantees
for global optimality could be provided from the obtained

solution. Additionally, the longer computational times of the
nonlinear MPC strategies prevented their implementation exe-
cuting at a fast rate, hence reducing the robot capacity to react
to changes in their environment, which is especially relevant
in safety-related robotic scenarios.

In this paper, we address the problem of improving safety in
HRC by considering a longer temporal-horizon prediction of
the behavior of both the controlled robot and the human oper-
ator involved. To this end, we propose to vary the impedance
behavior of a robot manipulator using a linear MPC strategy
that includes the forward-invariance condition of a SCBF
that is linearized at each time-step. This MPC formulation
presented results in a convex quadratic optimization problem
that could be solved at the control rate of a real robot
(1 kHz), while ensuring optimality in the proposed method
under linearity assumptions on human guidance and linearized
robot dynamics. Additionally, a Lyapunov function is used
to provide global asymptotic stability guarantees and real
experiments were performed to evaluate the method on a robot.

The paper is organized as follows: Sec. II introduces the
dynamics model used for impedance control of the robot
manipulator. Then, Sec. III presents a linearized barrier func-
tion for robot obstacle avoidance, which is used as a linear
inequality constraint in the optimization problem developed
in Sec. IV for safe human-robot collaboration. The method
proposed in Sec. IV was evaluated in simulations, included
in Section V, and experiments with a real robot, presented in
Section VI. Finally, a discussion is included in Sec. VII and
conclusions are drawn in Sec. VIIL

II. MODELING

First, we show how a Cartesian impedance controller acting
on the rigid-body dynamics of a robot can be written as a
Linear Parameter-Varying (LPV) model.

A. Robot Rigid-Body Dynamics

The rigid-body dynamics of the robot can be written in the
joint space of the robot, ¢ € R", as [15]

M(q)i+C(q,4)q+ Glq) =7+ 7 (1)

where M(q) € R™™ is the generalized inertia matrix,
C(q,q) € R™*™ describes the Coriolis and centripetal forces
effects, G(q) € R™ captures the gravity-induced torques, and
7 € R"™ represents the input torques, n being the number of
joints of the robot. Finally, 7¢** € R™ represents the external
torques.

Moreover, the rigid-body equation of the robot can be
rewritten in terms of its end-effector pose £ € R™ which is
composed by the end-effector’s position and orientation:

Me(q)é + Celq, )€ + Ge(q) = F + F™ 2)
where F' € R™ is the input force, and, for a fully-actuated
nonredundant robot (n = m), My € R™™, (¢ € R™*™,
and G¢ € R™ are equal to

M = J~ " (q)M(q)J*(q) 3)
Ce =J T (q)(Clg,§) — M(q)J " (q)J(q,9))T ' (q) (4
Ge = J " (9)G(q) (5)



assuming that the Jacobian relative to the base frame of the
robot, J(¢g) € R™*™, has full rank [16]; see [17] for a
review of Jacobian inversion techniques in the neighborhood
of singular joint configurations.

B. Robot Impedance Control

To achieve a Cartesian impedance control of the robot
end-effector [5], [6], i.e., a mass-spring-damper relationship
between the Cartesian pose variation from its reference, A =
&4 —& (&4 being the Cartesian pose reference) and the external
Cartesian force F°*t,

F& = Me()€ + (Ce(q.) + D)~ KAS  (6)
the input force F' in Eq. (2) should be equal to
F = KA¢ — DE+ Ge(q) ()

where K € ST, and D € ST*, (S44 denoting symmetric
positive-definiteness) are diagonal matrices that represent the
control-induced stiffness and damping, respectively.

Remark. The control-induced inertia was chosen equal to the
robot inertia M¢(q) to avoid inertia shaping [18, Ch. 3.2],
so that the input force F' would not require feedback from the
external forces.

Moreover, by  choosing the state vector as
= [AET ALT]T € R?™, the linearized system is

&= A(g, ¢)z + B(q)u ®)
where the input u € R™ is equal to
U= Fext (9)

and the matrices that define the system are equal to

Om I,
1= nfir @ - p|
OTYL

where I,,, € R™>™ represents an identity matrix, and M¢(q)
is invertible since J(gq) is also invertible [12, Lemma IIIL.1].
Furthermore, the impedance control resulting in Eq. (8)
has shown to be globally asymptotically stable [12]. For
completeness, a short version of the proof is provided here,
see [12, Lemma II1.2] for an extended version of this proof.

Proposition 1. The time-varying Lyapunov function

1 . | .

V(w,1) = SAC Me(q) AL+ SACTKAL + aAgT Me(q)A
i (12)

where x = [AET, AET]" shows the global asymptotic sta-
bility of the impedance robot behavior in Eq. (6) for o > 0
satisfying
mln( 2)\m,K
AM,D

9 /\WL,D ) >«
2(Anr e + kel|AE]])
(13)

>\m,K

b
AM, M

where Ay, 11 and A pr,11 are the smallest and largest eigenvalues
of a matrix 11, respectively, and k¢ is a positive constant such
that for all z,y,z € R™ [19]

|1Ce (z, y)=l| < Eellylll|=l] (14)

Proof. The Lyapunov candidate (12) is strictly positive for

>\m,K

a < (15)

AM, M
Moreover, considering that the matrix M (q) — 2C¢(q, §)
is skew symmetric [18, Ch. 2], the time-derivative of the

Lyapunov candidate (12) is equal to

V(x) = —aAETCe(q, ) AE + aAET M (q) A
—AETDAE — aAETKAE + aAETDAE (16)

Then, defining the upper bound on certain terms:

~AETDAE £ S AETDAE — Al |54 (17

aAéTMg(q)Aé < Oz/\M,IngASHQ (18)
—aA€"Celg AL < akol|ag]||| A 19)
it follows that
V() < —% [Aé — aAg]" D [AE — aAg]

1 .
+05A§T [%D - K] A£ - 5/\m,D||A§||2
take||Ag||[|AE| + axarar[[A€][F 20)

which is equivalent to
V(z) < —% [Aé —ang] " D[Aé—ang] D)
for
. d 22
(N Wharar, - koTag) 7@ @

Therefore, if o > 0 satisfies (13), the Lyapunov candidate
function V'(z) is strictly positive and its time-derivative V ()
is strictly negative. O

Additionally, since M¢(q), K, D e ST, a passive map
from the external force F'*** to A is guaranteed,

V< AETROR - % [Aé — aAg]" D [AE — aAg]
< AETFext (23)

where the passivity condition valid for passive environments
is defined analogously

V(z,t) — V(z,0) < /0 AEY(DVF™(r)dr (24)



III. ROBOT OBSTACLE AVOIDANCE

Robot obstacle avoidance can be achieved by defining a
safe set of robot states and ensuring that the robot would stay
inside this set. For this, a barrier function h : D — R was
defined for all x € D C R?™ based on the condition that the
distance from the robot position, p(x) € R3, to an obstacle
located at position pos € R? would always be greater than or
equal to a safety distance Ds; € R as

h(x) = [|p(x) = pobs|| = Ds = 0 (25)
which is equivalent to
h(z) = (p(x) = pobs)* = D3 20 (26)

The forward-invariance of the safe set C C D defined by
the barrier function in (26),

C = {z € R* | h(z) > 0} (27)

can be ensured if the following inequality constraint is satisfied

[7]

() + 7h(z) = 0 (28)
where v > 0.

Moreover, the forward-invariance condition (28) of the safe
set C can be rewritten for a variable z = [pT,pT]T as a
quadratic constraint

ZTA.2+B.z+C. >0 (29)
where
|3 I3
A, = [Is OJ (30)
B. = —2pgis [113, I3] 31)
C, = 7(pgbspobs - D?) (32)

which is equivalent to a quadratic inequality constraint in x

eV A,z + By +Cyp >0 (33)
since
z= { Pd } B (34)
O3><1

with A,, B, and C, defined analogous to A,, B,, and C,,
and where

(35)

and py is the Cartesian position reference. Also, 0, € R"*™
represents a zero matrix, and a zero-velocity reference was
assumed.

Furthermore, since including a quadratic constraint would
cause an optimization problem to be a Quadratically Con-
strained Quadratic Program (QCQP), which is NP-hard in
its general case, the quadratic inequality constraint (29) was
linearized around zine = [pl ,0]T, pint being the intersection
between the vector po—bj) and a sphere with center at p,p,s and
radius equal to the safety distance D,. Since this sphere-vector
pair would intersect at two points, pi,t would be chosen as the
closest of these two points to the position of the robot, p. The
linearized inequality constraint is equal to

(pint - pobs)T ([137 %13] zZ— pint) 2 0 (36)

which is equivalent to a linear inequality constraint in x (34)

Aprz < bpp 37)

with
Apr = (pint — pobs) " [I3; L) T, (38)
beE = (Pins — Pobs) " (Pd — Pins) (39)

Remark. The linear inequality constraint (37) satisfies the
Sforward-invariance condition in Eq. (28) of the safe set C,
and is equivalent to linearizing a protective surface that was
defined using an impedance variable equal to [13, %13] z
around the obstacle.

IV. MODEL PREDICTIVE VARIABLE IMPEDANCE (PVI)
CONTROLLER

A linear model predictive controller was designed to vary
the impedance behavior of a robot using the safety condition of
Eq. (37) defined in Sec. III to allow robot obstacle avoidance
for safe HRC.

A. Optimization Problem

The proposed model predictive controller solves, at every
sampling step k, an optimization problem that minimizes the
difference between the behavior of the robot and a reference
impedance behavior defined by reference states " and inputs
u” throughout a prediction horizon h,. This is equivalent to
the minimization of the cost function

kthp
LUkp) = > [(@] = 2) Q) — )
i=ht1
H(uf_y —ui1) T R(ui_y — ui—l):| (40)
with Uy p = [, .., ugyy, 4] € R™" being the sequence

of computed inputs to the system throughout the control
horizon (which was chosen to have the same length as the
prediction horizon, h, = hy,). Also, Q € 53 and R € ST, in
Eq. (40) are symmetric positive-definite matrices that penalize,
respectively, the system states and inputs variation from their
impedance reference at every time step.

The minimization of the cost function in Eq. (40) was
subject to two types of constraints. First, the robot should
exhibit impedance properties. To this purpose, the continuous-
time impedance model of the robot of Eq. (8) was discretized
using a zero-order-hold (ZOH) [20] sampling method

Tpgj = Papqj1 +Tupq 1 41

Ts
F:/ e*dsB
0

with Ts being the sampling period of the system, which affects
the duration of the prediction horizon.

Second, obstacle avoidance was implemented in the opti-
mization problem as an inequality constraint to ensure that
the states of the system fulfilled the linearized condition for
forward-invariance of Eq. (37) of the safe set C at every time-
step over the prediction horizon

P = eATS,

(42)

Aprayi; <Ibpp (43)



Remark. Note the use of superscript 7 in the inequality
constraint (43). This superscript highlighted that Jbpr might
take different values for each time-step k + j of the prediction
horizon since it would depend on the, possibly time-varying,
position reference pq, as seen in Eq. (39).

As a summary, the optimization problem solved at each
time-step k in the proposed Model Predictive Variable
Impedance (PVI) formulation is

Uy,

P IlIflch,} L(Uk.p)

S.t. Tpqy; = CI)(L']H,J',l + PukJrj,l, (44)

ABka+j <ijF Vj S [1,...,hp]

B. Human-Guidance Force Estimation

In addition to the estimation of the robot motion provided
by the equality constraint in Eq. (41), a prediction of human
guidance can be included in the optimization problem. To this
end, a linear model was chosen to describe the temporal vari-
ation of the external force throughout the prediction horizon
of the MPC. In discrete time, the external force was modeled
by

FE = FE + v (tegy — te) (45)

where 7y, is related to the estimated rate of change of this
signal over the prediction horizon, which is updated at each
sampling step k.

Moreover, the prediction of F kej‘rtj Vjell,..., hy| deter-
mined the reference input sequence,

T
Uty = [0 (i, 0)T] € R

used in the cost function of Eq. (40), as shown in the
continuous-time input (9) of the impedance-controlled system.
Additionally, the reference state sequence,

T
XIZ,P = |:($2+1)T’ ey ($Z+hp)T:| c Rthp (47)

determined by the desired impedance properties of Eq. (41)
and the reference input sequence Uy .

(40)

C. Optimality

Proposition 2. An analytic expression for the optimal solution
to the optimization problem presented in Eq. (44) can be
derived.

Proof. The optimization problem of Eq. (44) could be ex-
pressed as a function of the entire sequence of states over
the prediction horizon,

Xip = [Thy1r s Tpyp, |7 € RP (48)
Then, the equality constraint (41) is equivalent to
Xkyp = MpUkﬁp + Npl'k 49)
with M, € R¥mhoxmhy and N, € R?mhs*2m peing
r 0 ... 0
T r 0 (I)
M, = , Np = : (50)
: : o Dho
o1 P20 .. T

Moreover, the safety condition in Eq. (43) is equivalent to

PApp Xy, p < Pbpr (51)

with PAgp € R *hs and Phpp € R7» being
pABF = diag ([ABFa e ,ABF]) (52)
Pbgr = ["bpr, ..., ""bpr]" (53)

where diag(-) forms a block diagonal matrix from a given
list of matrices. Also, Eq. (51) is equivalent, in terms of the
sequence Uy, ,, of inputs over the prediction horizon, to
TU,p < Wi+ Waxy, 54

where
T =PAgp My, W1 =Pbpr, Wy = —PAgrN, (59)

Additionally, if these expressions are rewritten in terms of
the error dynamics

ﬁk,p = Ulz,p — Uk.p, Xk,p = XZ,p — Xkp (56)
the cost function of Eq. (40) is equivalent to
L(Ukm) = XkT,prXk,p + 0I;F,pRpUk7p 7
where Q, = diag([Q,...,Q]) € Rmhwx2mhs apqg
R, = diag ([R, cee R] € R™h»Xmhy  and  the inequality
constraint (54) could be rewritten as:
Tef]k,p S Wl,e + WQ,ei'k (58)

where
T, = —T, Wi =Wy — UL, + Waaly, Wao = W (59)

Finally, since the system reference (X ,:’ » and Uy, ’ p) followed
the same desired impedance behavior that was imposed as an
equality constraint of Eq. (41) of the optimization problem, the
equality constraint in terms of the error dynamics is equivalent
to

Xip = MUy, + Np2y, (60)
for M,, and N, defined in (50).

Once the optimization problem (44) has been expressed in
terms of its error dynamics sequence, it is straightforward to
see that the cost function of Eq. (57), when considering the
equality constraint (60), is equal to

Lu(Ukyp) = Ul FUsp + 208 ,GEp + @ Hiy, - (61)

for

F= MEQpMp +R,, G= MEQprv H= N;;FQPNP
(62)
Then, Lagrange multipliers A could be used to form the
Lagrangian [21]

L(Uyy) = UF FU, , + 207 Gy, + &} Hiy,

20N (T Uy p — Wie — Wa oy, (63)



By completion of squares, this expression is equal to

LDy) = O+ P (6.7 [2])7F

Ty

(Ot PG [

]) + iy HEy —

R CECE IR

/\k /\k
—2\p (W1 e + Wa o) (64)
Therefore, the optimal control sequence is equal to
. 1 T1|Tk
Upp=—F 1[G T}] [AZ] (65)

where only the inequality constraints that were active at time-
step k were considered (7, and JAj). The minimal cost
function

minL(Uk,p) = L(Ol:,p)
=i (H—-G"F'G) 2y +

)" Tew FATE N (66)

was obtained from the optimal control sequence of Eq. (65).
O

D. Stability in Error Dynamics

Proposition 3. Asymptotic stability guarantees for the error
dynamics of the proposed PVI controller can be provided.

Proof. Since the equality constraint of the optimization prob-
lem in Eq. (41) ensures that both the solution obtained from
the PVI controller and the reference behavior of the system
(defined by the state and input references, ™ and u"), followed
the desired robot impedance behavior, the error dynamics
could be described with

&= A(q,§)% + B(q)(u" — u) (67)

where

—~—T1 T
F=a"—x=[At At |" (68)

Moreover, the Lyapunov function that was used to show the
global asymptotic stability for the system dynamics in Eq. (8)
can also be used to show the global asymptotic stability for
the system error dynamics of the proposed PVI controller by
replacing x for z in Eq. (12):

_ 1T ]l ~T ~ ~
V(%,t) = 748 Me(q) A€ + FAL KA+ aAET Mg (q)A¢
(69)

for analogous conditions on o > 0 as the ones in Eq. (13). O

V. SIMULATIONS

The empirical evaluation of the PVI method was started
by performing simulations with a two-dimensional double
integrator system, which might be used for robot manipulators
if their maximally-allowed accelerations are conservatively
chosen [22], [23]. The input u € R? to this system was equal
to the acceleration of the system

u=peR? (70)

with the position of the system being p = [ps,p,]T € R%
Additionally, analogous to the impedance controller for the
robot dynamics in Eq. (7), an impedance behavior could be

achieved for the double-integrator model with
u=ug+Au, up=KAp—Dp, Ap=ps—p (71)

such that the continuous-time impedance behavior of the

system, with state vector z = [ApT ApT]T € R? was
modeled by

_ 0o I (05}

x—{_K _D]x—k{_IJAu (72)

where K = kls and D = dI5, with k,d > 0.

Moreover, for the simulations performed, it was desired
that a system with initial position pg = [0,0]T followed a
trajectory determined by a constant speed of 0.4 m/s along
each direction, which yielded a position reference at each
discrete time-step k equal to:

Pdk = pdk—1+ 0.4 E] T, (73)
with T being the discrete-sampling period of the system,
which was chosen as 0.1 s for this simulation. The PVI
controller of Eq. (44) was used to achieve robot obstacle
avoidance, and the resulting optimization problem was solved
using the convex optimization solver CVXGEN [24]. For this
simulation, the obstacle was located at pgps = [2,1.5]T m,
with a safety distance of Dy = 0.5 m.

Furthermore, the control-induced stiffness and damping
were chosen as k = 1 and d = 1/ for v = 1.5 and the
total simulation time was 10 s. Also, regarding the parameters
of the MPC optimization problem, the control and prediction
horizons were chosen as h, = h. = 10, and the states and
input penalization with respect to their reference in the cost
function of Eq. (40) were Q = I, and R = 0.1, respectively.

Robot Path
35f Reference Path 4
Forbidden Area
3-| e Obstacle Position b

z [m]
Fig. 2. Simulated path traversed by the robot compared to its reference path.

Figures 2 and 3 show the simulation results of modifying the
impedance behavior of a two-dimensional double integrator
for robot obstacle avoidance using PVI. Determined by the
PVI controller, the system closely followed the reference until
a detour was commanded to avoid the forbidden area that



surrounded the obstacle (Fig. 2). Once the commanded detour
was not needed anymore for obstacle avoidance, the system
was able to converge to its nominal path. Additionally, the
input commanded to the system is shown in Fig. 3. The
conservative acceleration values seen in this figure justified
the use of a double integrator model for this simulation.

Input [m/s?]

Time ]

Fig. 3. Temporal evolution of the input signal throughout the simulation.

VI. EXPERIMENTS

The empirical evaluation of the proposed method was
extended with a series of experiments performed with a real
robot in an experimental setup that allowed human-robot
collaboration. The PVI solution was compared to a previous
formulation [12] where prediction was not considered, to
highlight the benefits of using a model-predictive scheme in
these collaborative applications.

A. Experimental Setup

The experimental setup that was used to evaluate the method
on a real robot consisted of a Franka Emika Panda robot [25]
mounted on a table (as seen in Fig. 1). This robot has seven
rotational joints, n = 7 > 6 = m, so, the last joint was locked
at 07 = m/2 rad, and only the first six joints of the robot
were controlled. In addition, the controller was running at the
sampling rate of the Panda robot, equal to 1 kHz, using a
single PC (Intel Xeon CPU E3-1245, 3.7 GHz, 4 cores, 64-
bit), and CVXGEN [24] was used to obtain the optimal control
of Eq. (65).

Moreover, the nominal robot impedance that enabled HRC
by allowing an operator to guide the robot was defined by a
control-induced stiffness, K in Eq. (7), equal to 150 N/m for
the translational degrees of freedom and equal to 10 N/rad
for the rotational degrees of freedom, and a control-induced
damping, D in Eq. (7), equal to 2v/K for all degrees of
freedom [26]. Also, the internal controller of the Franka Emika
Panda robot [25] took care of the gravity compensation, and
provided the remaining dynamics parameters that were needed
to implement Eq. (7).

Furthermore, regarding the parameters of the MPC opti-
mization problem for the experiments, both the control and
the prediction horizons lasted 1 s, divided into ten discrete-
time steps (h, = h. = 10) that were equally spaced at 0.1 s.
Also, the penalization of the states and inputs with respect to
their reference in the cost function of Eq. (40) was chosen as
@ = Ig and R = 0.113, respectively, and all the experiments
presented lasted 10 s, ¢ € [0, tmax = 10] s.

B. Robot Obstacle Avoidance in Free Motion and Influence of
the Selection of v

The behavior of the robot was evaluated for a scenario
where, in the absence of external guidance force, the nominal
impedance behavior of the robot would have resulted in an
unmodified robot path, p,,, that collided with an obstacle,
as shown in Fig. 4. Figure 4 also shows the 3D plot of
the path p, traversed by the PVI-controlled robot. The initial
position of the robot relative to its base frame was equal
to pg = [0.358, —0.2,0.395] m, and the final position of the
robot was equal to pp = po + Ap for Ap =1[0.1,0.5,0.1] m.
The position reference of Eq. (6) of the robot was defined to
increase linearly with time

Ap

tIIl ax

pa(t) = po + t (74)

Also, the obstacle was placed at pops = [0.4,0.0,0.45] m and
the safety distance was equal to Dy = 0.05 m.
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Fig. 4. 3D rendering of the path p traversed by the end-effector of the MPC-
controlled robot for different values of ~ (28). The unmodified path, pun,
showed the path that the robot would follow with its nominal impedance
behavior. The plotted sphere was centered at the obstacle position pops and
its radius was equal to the safety distance Ds.

As seen in Fig. 4, the PVI-based strategy was able to avoid
any collision between the robot and the obstacle. Additionally,
this controller allowed that the path followed by the robot
converged toward the unmodified path, p,,, once the robot
passed the obstacle. Moreover, it is also observed in Fig. 4
that the selection of v in the forward-invariance condition in
Eq. (28) of the safe set C had a significant influence on the
behavior of the PVI-controlled robot, i.e., a higher value of
v yielded a less conservative solution, where the robot got
closer to the obstacle during the trajectory execution. Indeed,
this observation was supported when the temporal evolution
of the barrier function h of Eq. (26) was analyzed, as depicted
in Fig. 5. Even though the PVI-solution avoided the obstacle
for all the analyzed values of ~, it can be seen in Fig. 5 that
the robot motion was less conservative for higher values of ~.
This was also observed when analyzing the minimum distance
between the robot and the obstacle (D), and the duration



of the deviation from the nominal impedance behavior (t4y;),
as seen in Table 1.

0.07 T T T

0.06 -

0.03 -

0.02 -

0.01 -

o . . . . . . . . .
0 1 2 3 4 5 6 7 8 9 10
Time [s]

Fig. 5. Temporal evolution of the barrier function h in Eq. (26) throughout
the experiment for different values of v in Eq. (28).

TABLE I
PERFORMANCE METRICS AS A FUNCTION OF 7y

v= 1 v= 3 v = 5
Dinin 13.7cm | 10.1 cm | 8.7 cm
tdur 6.2 s 45 s 3.6 s

Furthermore, Fig. 6 shows the difference in the commanded
forces to the robot, F' in Eq. (2), along each Cartesian direction
depending on the choice of v compared to the unperturbed
impedance solution with no robot obstacle avoidance. Select-
ing a higher value of v allowed the robot to achieve a less
conservative solution where a smaller deviation with respect to
the nominal impedance behavior, both in terms of the amount
of time deviating from the nominal impedance behavior, and
in terms of the magnitude of the deviation, was observed.
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Fig. 6. Commanded force F' in Eq. (2) to the robot along each Cartesian
direction x,y, z throughout the experiment for different values of =~ in
Eq. (28).

C. Comparison with a I-step Solution in Free Motion

The collision-avoidance situation in free motion described
in Sec. VI-B was used for comparing the PVI solution with
respect to a 1-step formulation [12], which was also executed

at the sampling frequency of the robot, i.e., 1 kHz. The same
value of v = 5 in Eq. (28) was used for both formulations. The
advantages of considering a prediction of the robot motion for
robot obstacle avoidance were apparent in this situation.

First, the PVI-controlled robot was able to stay less time
at risk by acting earlier to modify the nominal impedance
behavior, as shown in Fig. 7, where the temporal evolution
of the velocity of the robot end-effector is depicted. It can be
seen in Fig. 7 that before ¢ = 4 s, the PVI-controlled robot
had started to move away from the obstacle, while the 1-step
controller commanded the robot to keep a velocity close to
zero in all its components until after ¢ = 6 s.
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Fig. 7. Temporal evolution of the velocity of the robot end-effector along
each Cartesian direction x,y, z for the PVI-controlled robot compared to a
1-step controller formulation [12].

Moreover, the robot-motion prediction, combined with the
utilization of the temporal evolution of the desired impedance
behavior of the robot throughout the prediction horizon, al-
lowed the PVI controller to reduce the trajectory error. This is
seen in Fig. 8, which showed a comparison of the trajectory of
the PVI formulation and the 1-step formulation with respect to
the unperturbed impedance behavior of the robot, i.e., without
collision avoidance. The PVI controller was able to provide a
closer tracking of the reference impedance trajectory, which
was quantified using the Mean Absolute Error (MAE) between
the nominal (unperturbed) and the actual position of the robot
end-effector

N
Zk:o ‘pun,k - Pk|

N

where N = f -ty and f = 1000 Hz since experimental data
were recorded in these experiments at the sampling rate of the
Panda robot (1 kHz). For the trajectory described in Fig. 8, the
position MAE of the 1-step controller was 0.0553 m, whereas
the position MAE of the PVI controller was 0.0185 m, which
implied a reduction of 66.5% of the position MAE. Also, for
the PVI controller, the deviation from the nominal trajectory
lasted 3.8 s, compared to the 5.8 s that it lasted for the 1-step
controller.

Additionally, it should be highlighted that not only did the
PVI controller execute a collision-avoidance strategy earlier
than the 1-step alternative, but also, since it was able to
consider a prediction of the robot motion and the desired robot
behavior throughout its prediction horizon, the PVI controller

MAE(p) = (75)



could pursue a different, and better, path for obstacle avoidance
than its 1-step counterpart.
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Fig. 8. Trajectory followed by the robot end-effector along Cartesian direction
x,y, z for both the predictive controller (PVI) and a 1-step controller [12],
with respect to the unperturbed, nominal, impedance behavior.

D. External Force Prediction

An additional advantage of the PVI strategy is that it could
include a prediction model of the external force applied to the
robot by a human operator guiding it throughout its prediction
horizon, which could be used to improve the performance
of the system. The low-complexity linear model for external
force prediction introduced in Sec. IV-B was evaluated and
compared to a model that considered a constant external force
throughout the entire prediction horizon. For this constant-
force model, both the value of the external force at the current
time and a zero value of the external force were considered
as its constant value.

Additionally, the linear model could be estimated based on
sensor data available at the estimation time

fe = Fot et —te) (76)
where Ffﬁ‘z is the prediction made at time ¢, of the value of the
external force at time t. The slope rj of the linear model was
chosen proportional to the Cartesian acceleration of the robot
at time ¢, which was recalculated at the sampling rate of the
robot using a least-squares method that considered the previous
N, = 10 values of the Cartesian acceleration as a moving
average to avoid the detrimental effects of measurement noise,

N,. - . -=
it (te—i —tn, ) (Pr—i — Pn,)
SN (i — I, )2

where ¢, and ENT are, respectively, the averages of t;_; and
Pr—qi fori € [1,...,N,].

Moreover, the accuracy of the different models proposed
to estimate the guidance force was studied for a situation
where an operator was trying to move the robot away from
its nominal trajectory. Because of the impedance behavior of
the robot with respect to its reference, the operator would

TR X a7

be required to apply a greater force to move the robot
away from its nominal trajectory, the further away the robot
was positioned with respect to this trajectory. Therefore, the
external force would be expected to increase linearly in this
scenario. To evaluate the accuracy of these models used to
predict the external force, the MAE between the predicted
and the actual external force was computed for each time step
j of the prediction horizon h, as
o [Fo s = Fi¥oasl
N
where j = [1,...,hp], N = f-tmax, and f = 1000 Hz because
of the sampling rate of the robot, as in Eq. (75). The external-
force MAE for the different estimation models is shown in
Fig. 9 for an experiment where the guidance force was exerted
along the negative z-direction.
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Fig. 9. Mean Absolute Error (MAE) of the predicted external force along
the negative z-direction throughout the PVI prediction horizon for different
models.

As seen in Fig. 9, the linear model significantly outper-
formed the constant model that used the initial external force
measurement as its constant value. Also, both of these models
clearly outperformed the constant zero model, except for the
last time-steps of the prediction horizon, where the current
state of the robot was not useful for predicting the external
force. Moreover, the advantage of using the linear model with
respect to the constant model became more evident when an-
alyzing the temporal evolution of the predicted external force
in each of these two models compared to the measured force.
This is seen in Fig. 10, where the results of the prediction of
the human guidance situation for a prediction time of 0.5 s
(j = 5) are shown.

As expected, the constant model appeared as a delayed ver-
sion of the measured external force signal, with a delay equal
to the prediction time, which was equal to 0.5 s in Fig. 10. On
the other hand, the linear model was able to achieve a faster
response to the changes in the measured external force, which
might be useful for safety-critical scenarios.

E. Comparison with a 1-step Solution during Human Guid-
ance

To obtain a fair comparison between the proposed PVI con-
troller and a 1-step controller in a human-guidance situation,
the same external force should be applied to the robot for each
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Fig. 10. Predicted external force for a human-guidance situation along the
negative z-direction. F*** denotes the measured external force and ESXt

ze
Fcex“, and FleXt denote the zero, constant, and linear predictions of the
external force, respectively, for a prediction time of 0.5 s.

of these two controllers. To this end, a simulated guidance
force f4(t) was used. The simulated force fs(¢) consisted of
a sinusoidal signal with an amplitude of 30 N and a period
of 3 s (to resemble the external force originated from human
guidance seen in Fig. 10), and was applied to the robot along
the negative z-direction
.27

fs(t) = =30 sm(?(t —2)), t€[2,3.5]s (79)

Moreover, the trajectory used to compare the PVI so-
Iution to a 1-step controller in this human-guidance situ-
ation considered that the initial position of the robot was
po = [0.357,—0.2,0.395] m, and that the desired position of
the robot varied linearly (Eq. (74)) during 10 s until reaching
the final reference position pp = [0.357,—0.2,0.1] m. Ad-
ditionally, the obstacle was positioned to intersect with the
nominal trajectory: pons = [0.357,—0.2,0.2] m with radius
equal to Dy = 0.05 m.

Figure 11 shows the 3D plot of the path pp traversed by
the robot controlled using the PVI formulation, compared with
the path obtained when using a 1-step controller alternative
without predictive capabilities, p;. It can be seen that, for the
human-guidance scenario illustrated in Fig. 11, even though
the 1-step controller started deviating from the nominal tra-
jectory earlier than the PVI controller (¢ = 1.4 s for the 1-
step controller versus ¢ = 2.35 s for the PVI controller), the
longer-time prediction of the robot motion and the guidance
force allowed the PVI-controlled robot to circuit the obstacle.
On the contrary, whereas when the robot was controlled using
a 1-step formulation it got stuck in the surroundings of the
obstacle.

F. Human Guidance for an Assembly Task in the Presence of
an Obstacle

The proposed PVI controller was evaluated in a collabora-
tive scenario that involved human guidance with an obstacle
present in the shared workspace. Manual guidance of a robot
could be used to correct the Cartesian reference, £; in Eq. (6),
for a robot assembly task after the requirements of this task
had changed, e.g., a peg-in-hole task where the position of the
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Fig. 11. 3D rendering of the path traversed by the robot end-effector

controlled using PVI, pp, compared to the path traversed by the robot end-
effector controlled using a 1-step controller, p1, when a simulated guidance
force fs in (79) was applied to the robot along the negative z-direction. The
plotted sphere was centered at the obstacle position pops and its radius was
equal to the safety distance Ds.

hole had changed. Additionally, a camera mounted on the same
table as the robot was present in the shared workspace to be
used for visual quality inspection of the workpieces involved in
the assembly [27]. From the human-guidance perspective, an
accidental collision between the camera and the guided robot
should be avoided to refrain from any damage to the camera or
the other workpieces and to obtain a valid manual correction
for the robot trajectory. An overview of the experimental
scenario is shown in Fig. 12.

Fig. 12.
guiding the robot to teach a peg-in-hole task in the presence of an obstacle
(a camera).

A human-robot collaborative scenario where the operator was

In this experimental scenario, the human operator was
instructed to manually guide the robot to achieve its task
completion, i.e., the insertion of the peg in the hole, in the
shortest time and path possible. However, the presence of the
camera in the shared workspace would condition the manual



trajectory correction. The initial position of the robot relative
to its base frame was equal to po = [0.3, —0.19, 0.683] m, and
the position reference of the robot varied linearly (Eq. (74))
during 10 s until reaching the final reference position
pr = [0.087,0.34, —0.55] m. Also, the camera was placed at
Pobs = [0.38,0.0,0.33] m and the safety distance was equal
to D, = 0.05 m.
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Fig. 13. Input force, F' in Eq. (2), commanded to the robot by the PVI
controller of Eq. (44) compared to the reference robot impedance behavior in
Eq. (7) for an assembly task in the presence of an obstacle.

A comparison between the input force, F' in Eq. (2),
commanded to the robot when using the proposed PVI con-
troller, and the reference robot impedance behavior for this
collaborative scenario was shown in Fig. 13. It can be seen in
Fig. 13 that the PVI controller allowed the robot to behave in
an equal manner to the reference robot impedance behavior,
until a force input variation was necessary to avoid that the peg
would invade the safety distance with respect to the camera.
Then, it is also shown in Fig. 13 that after the manually-
guided robot stopped being at a risk-of-collision situation, the
PVI controller allowed the robot to resume the reference robot
impedance behavior.

Moreover, the external force recorded from human manual
guidance for this collaborative scenario is shown in Fig. 14.
The response of the human operator to the robot impedance
variation commanded by the PVI controller can be seen in
Fig. 14. Additionally, the prediction of the external force
obtained using the linear model in Egs. (76) and (77) is shown
in Fig. 14 for a time ({ = 1.5 s) when the PVI controller
started to command a robot impedance that differed from its
reference to achieve obstacle avoidance. It can be observed
in Fig. 14 that the linear model accurately predicted (with a
MAE at ¢ = 1.5 s equal to 1.4 N for the entire prediction
horizon) the guidance force applied by the human operator at
this time.

Furthermore, the optimization problem formulated in
Eq. (44) for the proposed PVI controller took on average
95.8 us to solve for this experiment, with a standard deviation
of 20.6 us, using a single PC with the hardware specifications
described in Sec. VI-A.
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Fig. 14. External force recorded from the manual correction for an assembly
task in the presence of an obstacle, and prediction at time ¢ = 1.5 for the
external force between ¢ = 1.5 s and ¢ = 2.5 s using the linear model in
Egs. (76) and (77).

VII. DISCUSSION

In this paper, we have proposed an approach to include
SCBFs in a linear MPC strategy so that a longer-time horizon
prediction could be considered for safety in HRC. A compari-
son of the proposed method with alternative methods found in
literature is discussed in this section. Also, possible limitations
and extensions of the proposal are commented.

A. Comparison of the Proposal with Alternative Methods

The advantages in terms of safety obtained by consider-
ing a prediction of both the motion of the controlled robot
manipulator and the human collaborator, compared to 1-step
formulations [12], were shown in the experimental evaluation
presented in Sec. VI. First, this prediction allowed a reduction
of the trajectory error and decreased the time where a risk of
obstacle collision was present. Additionally, the prediction ca-
pabilities of the proposed method prevented that the controlled
robot would get stuck near an obstacle and allowed the robot
to converge to its nominal trajectory after the obstacle.

Moreover, the linear MPC considered in our method satis-
fied the forward-invariance condition of Eq. (28) for the set of
robot states that guaranteed safety during HRC, and resulted
in a convex quadratic optimization problem that was solved
within the control frequency of a real robot, i.e., in less than
1 ms, which is significantly faster than the computational time
of previously proposed nonlinear, nonconvex, MPC formula-
tions, i.e., around 40 Hz [13] and 35 Hz [14]. Also, multi-layer
strategies where a slow nonlinear MPC solution was combined
with a faster 1-step quadratic optimization problem solved at
the control frequency of a robot (400 Hz in [13]), would not
allow the use of a longer-time prediction at a fast rate to rapidly
adapt to changes in the robot environment.

Additionally, the control signal obtained from nonlinear
MPC would depend on the characteristics of the problem,
whereas, as shown in Sec. IV-C, optimality was guaranteed in
our proposal under linearity assumptions on human guidance
and linearized robot dynamics, to achieve convexity in the



optimization problem formulated in Eq. (44). It becomes ap-
parent that inaccuracies occurring when modeling the dynamic
behavior of the robot and the manual robot guidance might
compromise the performance of the proposal. However, in
Sec. VI, the proposed formulation that includes such linearity
assumptions was experimentally evaluated in robot obstacle
avoidance scenarios, and suitable results were obtained both
in the presence of manual robot guidance and in its absence.

Furthermore, previous contributions also considered varying
the impedance behavior of a robot using MPC, although
they did not integrate SCBFs to enforce safety constraints
[28], [29]. Additionally, contrary to the proposed method, the
dynamics of the robot was not considered in the problem
constraints of these MPC formulations, and only the robot
kinematics were considered. Disregarding the robot dynamics
in this context was shown to cause potential safety violations
[11], critical in human-robot collaborative scenarios. Also, the
computational time achieved in [28], [29] caused their imple-
mentation executing at slow frequencies and/or considering
only a small number of discrete time-steps in their prediction
horizons.

B. Possible Limitations and Extensions of the Proposal

The guidance force that would be exerted by a human
operator cannot always be predicted. The experimental val-
idation provided in Sec. VI showed how a basic linear model
could be used to predict the temporal variation of the external
force signal based on sensor data available at computation
time. The mass-spring-damper behavior imposed by the nom-
inal impedance controller in Eq. (6) defined the relationship
between the human guidance force and the robot deviation
from its reference trajectory which motivated the selection of
this linear model. However, the sensor data available might
not always provide an accurate prediction, e.g., it can be
seen in Fig. 10, how the external-force data recorded before
human interaction had started could not be used to predict the
increase in external force shown in this figure. Additionally,
an accurate prediction of early instances of human guidance
force was achieved using this linear model for a collaborative
scenario in the presence of an obstacle, as shown in Fig. 14.
Accurately predicting such increases in guidance force would
allow anticipatory action for safety-critical scenarios.

However, the prediction for other instances of human
guidance might not be as accurate, as shown in Fig. 9,
which provided the external force MAE for an entire hu-
man guidance event. In addition, the complexity of pHRI
in industrial environments might exceed the guidance force
scenarios considered when evaluating the proposed method.
For example, they could involve unexpected or accidental
human-robot interactions. The reduced computational times
achieved by the proposed method would be advantageous
in these, possibly rapidly-changing, scenarios. Nevertheless,
more complex strategies that incorporate further information
regarding the intention of the human operator [4], [30], and/or
consideration of biomechanical models of the human operator
and measure the corresponding muscle activity [31], could
be integrated with our method to improve the prediction of
physical human-robot interaction.

Moreover, even though the reference trajectory in the ex-
periments was chosen as a straight line with constant speed,
the nominal impedance dynamics, shown in Eq. (8), resulted
in a PVI reference velocity of variable speed. This can be
seen in the trajectory plot of Fig. 8 (yellow dashed line).
Additionally, the proposed method provided valid empirical
results under curved trajectories with non-constant speed.
These variations in speed were induced by the application of
the proposed method for obstacle avoidance in earlier time-
steps of the experiments, as seen in the 3D path rendering of
Fig. 4 and in the velocity plot of Fig. 7. For these reasons,
the proposed method should remain valid for more complex
reference trajectories, especially since such trajectories would
be considered in the optimization problem of the PVI method,
as seen in Eq. (41).

Furthermore, the empirical evaluation of the proposed PVI
method in Secs. V and VI considered a fixed obstacle, i.e.,
Pobs 10 Eqs. (38) and (39) would be constant. However, the
proposed method would be able to encode a position-varying
obstacle in its optimization problem, as seen in Eq. (43).
An overview of methods to detect the obstacle motion and
suggested additional sensors needed for this was provided
in [32]. Additionally, the aforementioned fast implementation
of the proposed PVI method would be beneficial to handle
possible inaccuracies in the modeling of obstacle motion.

VIII. CONCLUSION

Safety in HRC can be improved by considering a longer
prediction time horizon of the motion of the controlled robot
and the human-collaborator guidance. To this purpose, stable
impedance behavior of a robot manipulator was varied by
including linearized SCBFs for robot obstacle avoidance in
a linear MPC strategy that ensured optimality. Our MPC-
based proposal was evaluated in experiments using a real robot
manipulator that was controlled at a fast rate (1 kHz) to allow
fast reaction to changes occurring in the robot environment.
These experiments showed that adding prediction capabilities
to a robot controller led to a reduced time at risk of collision,
improved obstacle bypassing, and decreased the trajectory
error caused by obstacle avoidance.
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