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Abstract— This paper presents a novel slip-suppression con-

troller for a two-fingered robotic manipulator, where the goal

is to minimize the slip distance without using excessive force.

To do this, we consider monotonic PI (MPI) control, which

is a nonlinear extension of linear proportional-integral (PI)

control. The advantage of MPI control is the fact that the

normal force of the gripper is prohibited from decreasing

during the transition from predominantly proportional control

to predominantly integral control as occurs in the case of linear

PI control. The performance of the MPI control is compared

to linear PI control for a range of controller parameters, and

the tradeoff between the maximum normal force and the total

slip distance is efficiently captured by Pareto-front analysis.

The robustness of MPI is assessed by considering uncertainty

in the body mass and friction parameters, as well as the effect

of measurement noise and actuator dynamics.

I. INTRODUCTION

One of the main challenges in controlling robotic end
effectors is to determine the grip force necessary to avoid
slippage of an object without applying excessive grip force;
this requirement is critical for fragile and delicate objects.
Slip suppression is thus particularly important when manip-
ulating objects with uncertain or varying mass and surface
roughness.

The first stage of slip suppression is to detect the onset
of slip. This requires a sensor that can detect motion of the
object relative to the end effector. Optical sensors are used to
detect slip in [1], [2]; slip detection based on the tangential
(shear) force derivative is presented in [3]–[5]; slip detection
using strain gauges is reported in [6]; and center of pressure
tactile sensors are used to detect slip in [7].

Various techniques for slip suppression are presented in
literature. The control algorithm in [1], which is based
on tactile and optical sensors mounted on the fingertips,
regulates grip pressure and prevents object slippage during
manipulation. In [3], slip suppression is addressed using
nonlinear model predictive control. A proportional-derivative
shear-force feedback control and adaptive slip prevention
algorithm are explored in [4], [6]. In yet another approach,
the controller in [2] adjusts the grip force based on the slip
distance. Normal force is typically regulated by feedback
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from force sensors or tactile sensors, which are extensively
used in prosthetics and robotics [8], [9].

According to human physiology, humans adjust their grip
force in response to sensed friction [10]–[12]. Results in [13]
show that the friction force between the skin and grasped
object is essential for determining a force that is sufficient
for a secure grip. Various friction models describe the
friction force as a function of the normal force, slip velocity,
and friction parameters [14]–[18]. The relation between the
normal (grip) force and the tangential (friction) is essential
for modeling the dynamics of a slipping body, simulate slip
events, design and validate the control laws [19]. In [20],
[21], slip models based on Coulomb friction are used for
slip-suppression control design. The LuGre friction model is
used for online slip prediction and compensation in [22].

From the control point of view, the problem of slip
suppression can be viewed as a problem of finite-arc-length
stabilization, which implies that the closed-loop trajectories
converge to an equilibrium state in a finite distance [23]. A
sufficient condition for finite slip distance (FSD) is finite-
time convergence (FTC) [24]. The converse it not true,
however, since FSD may be achievable with exponential
convergence of the velocity to zero.

In this work, we develop and analyze a slip-suppression
controller for a two-fingered robotic end effector. The end
effector holds a rigid body of arbitrary shape, which moves
(slips) in a vertical plane. A simulation model of the end
effector with Coulomb friction is used to simulate slip events
and assess performance of the slip-suppression controller.

Although the normal force is limited in practice by prop-
erties of the hardware, the goal is to minimize the slip
distance without applying excessive force and thus obtain an
efficient tradeoff between normal force and slip distance. We
consider monotonic PI (MPI) control, which is a nonlinear
extension of linear PI control. The advantage of MPI control
is the fact that the normal force of the gripper is restricted
from decreasing during the transition from predominantly
proportional control to predominantly integral control, as
occurs in the case of linear PI control. The performance of
MPI control is compared to linear PI control for a range of
controller parameters, and the tradeoff between the maximum
normal force and the total slip distance is efficiently captured
by Pareto-front analysis. The robustness of MPI is assessed
by considering uncertainty in the body mass and friction
parameters, as well as the effect of measurement noise and
actuator dynamics.

This paper is organized as follows. Section II describes
the dynamics of the end effector-body system and friction
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model. Section III covers control architecture, convergence
analysis, and numerical investigation of the closed-loop
response. Robustness analysis including robustness to con-
stant disturbances, uncertain friction, actuator dynamics, and
sensor noise is given in Section IV. Section V summarizes
discussion on the results, conclusions and future work.

II. END EFFECTOR-BODY DYNAMICS AND FRICTION
MODEL

Consider a body with mass m held by a two-fingered
robotic end effector, the schematic view of which is shown in
Fig. 1, where q(t) is the position of the body relative to the
zero reference on the end effector, fn(t) � 0 is the normal
force applied by the end effector in response to the normal
force requested by the controller, fd(t) is the disturbance
force applied to the body, and ff(t) is the friction force
applied to the body due to fn(t). Gravity with acceleration g

acts along the x-axis. If q̇ = 0 then the body is fixed relative
to the end effector fingers, and thus no slipping occurs. If
q̇ 6= 0, then the body is slipping relative to the end effector.

Since the force on the body due to gravity is mg, the
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Fig. 1. Two-fingered robotic manipulator and body.

effect of a constant disturbance is to either increase the effect
of gravity (if the disturbance force is positive) or decrease
the effect of gravity (if the disturbance force is negative).
Hence, robustness to mass uncertainty is equivalent to robust
rejection of uncertain constant disturbances. Therefore, there
is no need to consider the case of constant disturbances.

The equation of motion of the body is given by

mq̈(t) = mg + fd(t) � ff(t), (1)

where friction force ff(t) is defined by the friction model. In
terms of the velocity v(t)

4
= q̇(t) of the body, (1) becomes

mv̇(t) = mg + fd(t) � ff(t). (2)

The disturbance force may be positive or negative, hence, the
body may be moving upwards. Note that fn is physically
constrained to be nonnegative. However, throughout the
paper, we assume that v(t) is nonnegative, and thus this
constraint is satisfied for all control laws. Thus, the primary
objective is to prevent the body from slipping downwards.

The slip distance �(t) is defined as

�(t)
4
= q(t) � q(0) =

Z t

0
v(⌧) d⌧ � q(0) � 0, (3)

and thus the asymptotic slip distance is given by

�1
4
= lim

t!1
�(t). (4)

Consider the Coulomb friction model given by [15]

ff =

(
fCsgn(v), v 6= 0,

min(|fd|, fst)sgn(fd), v = 0,

(5)

where the Coulomb friction force fC and the static friction
force fst are given by

fC = µfn, (6)
fst = µstfn, (7)

where µ > 0 is the sliding friction coefficient and µst > 0
is the static friction coefficient. Stick condition occurs when
v = 0. A particular nonlinear effect captured by this friction
model is stick-slip, which is a consequence of lower friction
force during slip. During stick, the direction of the friction
force is defined by the direction of the disturbance force fd.
During slip, the friction force ff is equal to fC or �fC,
depending on the sliding direction.

III. SLIP-SUPPRESSION CONTROL

The slip-suppression controller regulates the normal force
fn in order to bring the slip velocity v to zero with the
smallest possible slip distance without excessive normal
force. The block diagram of the control system is shown
in Fig 2, where the gripper-body dynamics are given by
(2), friction model is given by (5) and (6), and w represents
sensor noise, which is assumed as the Gaussian white noise.
The normal force requested by the controller and applied
by the actuator mechanism is fn. The reference command
is vref = 0, and thus the slip-velocity error e is defined by
e(t) , vref(t) � v(t) = �v(t). The controller is represented
by either linear or nonlinear PI control law.

Manipulator-body
dynamics-

+

Controller

fd + mg

fn ff v

Z
q

e

w

Friction
model

vref = 0

Fig. 2. Feedback control architecture.

Consider the PI controller

ḣ = v, (8)
fn = KIh + KPv, (9)

where KP � 0 and KI � 0 are the proportional and integral
gains, respectively.

A. Convergence Analysis
For convergence analysis, note that the proportional term

KPv in (9) is essential for stabilization assuming no constant
disturbance, while the integral term KIh rejects the effect of
gravity and constant disturbances.

First, we consider stabilization without constant distur-
bance. The closed-loop dynamics with a linear proportional
control are given by

mv̇ = �ff = �µfn = �µKPv. (10)



Solving (10) yields

v(t) = v0e
�µKP

m t
, (11)

which shows that the slip velocity decays exponentially for
KP > 0.

For PI control considering a constant disturbance (gravity),
the closed-loop dynamics are given by

mv̇(t) = �µfn(t) + mg

= �µ(KPv(t) + KI

Z t

0
v(⌧)d⌧) + mg. (12)

Differentiating (12) yields

v̈ +
µKP

m

v̇ +
µKI

m

v = 0. (13)

Since (13) is a linear second-order ODE with constant
positive coefficients, the slip velocity decays exponentially
with or without oscillation depending on whether (13) is
underdamped or overdamped, respectively.

B. Numerical Investigation

For numerical study, let m = 1 kg, µst = 1, and µ = 0.7.
1) Effect of KP and KI on the Closed-Loop Performance:

To study how feedback gains KP and KI effect the closed-
loop performance, we consider two cases, namely fixed KI

and varying KP, and vice versa. First, let KI = 30 N/m and
KP 2 {10, 20, 30} N-s/m. The corresponding closed-loop
response with v0 = 1 m/s is shown in Fig. 3. Next, let KP =
10 N-s/m and KI 2 {10, 20, 30} N/m. The corresponding
closed-loop response with v0 = 1 m/s is shown in Fig. 4.

Although these cases demonstrate how KP and KI affect
the closed-loop performance, they do not provide a method-
ology for choosing PI gains that provide an efficient tradeoff
between MNF and TSD. The next section addresses this
problem in terms Pareto optimality.
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Fig. 3. PI control with v0 = 1 m/s, KI = 30 N/m, and KP 2 {10, 20, 30}
N-s/m. a) shows the slip velocity; FTC is achieved with KP = 10 N-s/m.
b) shows the slip distance; FSD is achieved with all values of gains. c)
shows the normal force, and d) shows the corresponding MNF and TSD
values. Note that larger KP yields larger MNF and smaller TSD.
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Fig. 4. PI control with v0 = 1 m/s, KP = 10 N-s/m, and KI 2
{10, 20, 30} N/m. a) and b) show slip velocity and slip distance, respec-
tively; FTC is achieved with KI 2 {20, 30} N/m, while FSD is achieved
all considered gains. c) shows normal force, and d) show corresponding
MNF and TSD values. Larger KI yields larger MNF and smaller TSD.

2) Pareto-Optimal Front for PI Control: Motivated by
multi-objective optimization, we apply Pareto efficiency
analysis to construct the Pareto-optimal front that is the
optimal tradeoff curve between MNF and TSD obtained for
a given range of feedback gains. Pareto-optimal curve also
allows to determine the corresponding Pareto-optimal gains
from the given range.

We consider stabilization and gravity compensation with
v0 = 1 m/s. Let KP range from 10 N-s/m to 100 N-s/m,
and KI range from 10 N/m to 500 N/m. For each pair
KP, KI, the MNF and TSD values are computed for a fixed
simulation time equal to 10 sec, and result to suboptimal
MNF/TSD values as shown in Fig. 5 a). Next, the suboptimal
MNF/TSD values are removed yielding the Pareto-optimal
front, as shown in Fig. 5 a), where each point on the Pareto-
optimal front represents optimal tradeoff between MNF and
TSD. This procedure results to a set of Pareto-optimal gains
KP and KI that correspond to the MNF-TSD points on the
Pareto-optimal front, as shown in Fig. 5 b). Figure 6 a)
and b) show the Pareto-optimal gains versus TSD and MNF,
respectively. Note that TSD approaches zero as MNF goes
to infinity. Hence, it is possible to attain arbitrarily small slip
distance using high levels of normal force.
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Fig. 5. PI control with v0 = 1 m/s. a) shows the resulting tradeoff
between MNF and TSD, and highlight the Pareto-optimal front. b) shows
the corresponding values of the Pareto-optimal gains.

3) Monotonic PI Control: For PI control, Fig. 3 and
4 show that fn decreases after reaching peak value. This
decrease may, however, lead to an increase in the slip
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Fig. 6. PI control with v0 = 1 m/s. a) shows the Pareto-optimal gains
KP and KI versus MNF, while b) shows the same gains versus TSD.

distance as compared to maintaining the normal force. Since
the tradeoff between MNF and TSD only considers the
peak value of the normal force, we propose a modified PI
control where fn can only increase but not decrease. In
the modified control law, at every time step, the current
value of fn is compared to its value at the previous time
step, selecting the largest of these two values to be used
at the next step. The resulting fn is thus monotonically
nondecreasing as a function of time, hence the controller is a
monotonic PI control law. Although the modified controller
does not change MNF, it may reduce TSD in cases where
fn given by the PI control decreases. Note that, whereas PI
control is linear, MPI is nonlinear. The closed-loop response
for MPI control with v0 = 1 m/s, KP = 10 N-s/m, and
KI 2 {10, 20, 30} N/m is given in Fig. 7, which show that
monotonic PI yields faster velocity convergence and smaller
TSD as compared to conventional PI control.
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Fig. 7. MPI control with v0 = 1 m/s, KP = 10 N-s/m, KI 2 {10, 20, 30}
N/m. a) and b) show slip velocity and slip distance, respectively; note that
FTC and FSD is achieved with all three values of KI. c) shows that fn
does not decrease after MNF is reached, while d) shows the corresponding
MNF and TSD values.

4) Pareto Analysis of MPI Control: For Pareto analysis,
we consider stabilization and gravity compensation with
v0 = 1 m/s. Let KP range from 10 N-s/m to 100 N-s/m,
and KI range from 10 N/m to 500 N/m. Each pair KP, KI

yields suboptimal MNF/TSD values, shown in Fig. 8 a).
Removing suboptimal MNF/TSD values, yields the Pareto-
optimal front, with the corresponding Pareto-optimal gains
KP and KI, as shown in Fig. 8. Figure 9 a) and b) show
the Pareto-optimal gains versus TSD and MNF, respectively.

Same as for PI control, TSD approaches zero as MNF goes
to infinity.
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Fig. 8. MPI control with v0 = 1 m/s. a) shows the resulting tradeoff
between MNF and TSD, and highlights the Pareto-optimal fronts, while
b) shows the corresponding values of the Pareto-optimal gains. For MPI
control, suboptimal MNF/TSD points are significantly less scattered as
compared to PI control.
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Fig. 9. MPI control with v0 = 1 m/s. a) shows the Pareto-optimal gains
KP and KI versus MNF, while b) shows the same gains versus TSD.

5) Dependence of MPI Control on Initial Velocity: To
investigate the effect of initial velocity on the closed-loop
performance, consider v0 2 {1, 2, 3} m/s, and construct
Pareto-optimal fronts for KP ranging from 10 N-s/m to 100
N-s/m and KI ranging from 10 N/m to 500 N/m. Figure
10 shows the Pareto-optimal front and corresponding Pareto-
optimal gains. For all considered v0, TSD approaches zero as
MNF goes to infinity. Furthermore, MNF and TSD increase
as v0 increases.
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Fig. 10. MPI control with v0 2 {1, 2, 3} m/s. a) shows the Pareto-optimal
front, while b) shows the corresponding Pareto-optimal gains KI and KP.
Note that the corresponding Pareto-optimal gains are essentially the same
for all values of v0.

IV. ROBUSTNESS ANALYSIS FOR MPI CONTROL
A. Robustness to Actuator Dynamics

Actuator mechanism adjusts the position of the end ef-
fector fingers to apply the normal force fn according to the
request from the controller. Due to the internal dynamics
of the actuator, the applied normal force may differ from
the controller request. Let normal force applied by the end
effector is given by

ḟn = �(1/Tact)fn + u. (14)



where u is the normal force requested by the controller,
and Tact is the time constant that defines the bandwidth of
the actuator dynamics. For robustness analysis to unmodeled
actuator dynamics, consider Tact 2 {0, 0.05, 0.1} s and,
using MPI control, construct Pareto-optimal fronts for KP

ranging from 10 N-s/m to 100 N-s/m and KI ranging from
10 N/m to 500 N/m. Figure 11 shows the Pareto-optimal
fronts and the corresponding Pareto-optimal gains.
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Fig. 11. MPI control for stabilization and gravity compensation with v0 =

1 m/s and Tact 2 {0, 0.05, 0.1} s. a) shows the Pareto-optimal fronts, while
b) shows the corresponding Pareto-optimal gains KI and KP for each value
of Tact.

B. Robustness to Constant Disturbances (Uncertain Mass)
As it was mentioned above, robustness to constant dis-

turbances is equivalent to robustness to mass uncertainty.
We consider m 2 {0.8, 1, 1.2} kg, and, using MPI control,
we construct Pareto-optimal fronts for KP ranging from
10 N-s/m to 100 N-s/m and KI ranging from 10 N/m to
500 N/m. The Pareto-optimal fronts and the corresponding
Pareto-optimal gains are shown in Fig. 12.
C. Robustness to Uncertain Friction

To assess robustness against uncertainties arising from
friction parameters uncertainty, we increase and decrease of
the nominal friction parameters by 20% and, for each case,
applying MPI control, construct Pareto-optimal fronts for KP

ranging from 10 N-s/m to 100 N-s/m and KI ranging from
10 N/m to 500 N/m. Note that smaller friction coefficients
yield a more slippery surface, and thus a larger slip distance
is expected. Figure 13 shows the Pareto-optimal fronts and
the corresponding Pareto-optimal gains.

D. Robustness to measurement noise
In numerical study, measurement noise is simulated as

a bandlimited Gaussian white noise with zero mean. To
investigate robustness of the MPI controller to measurement
noise, we consider two levels of noise, namely, level 1 with
power spectral density 10�5 and level 2 with power spectral
density 10�4, and construct Pareto-optimal fronts for KP

ranging from 10 N-s/m to 100 N-s/m and KI ranging from
10 N/m to 500 N/m. The Pareto-optimal fronts and the
corresponding Pareto-optimal gains are shown in Fig. 14.

V. DISCUSSION

This paper presents a novel force-feedback control for slip
suppression for a two-fingered robotic end effector. Under the
assumption that slip velocity is measurable, the controller
determines the normal force to bring the slip velocity to
zero as quickly as possible and with the smallest possible
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Fig. 12. MPI control for stabilization and gravity compensation with v0 =

1 m/s and m 2 {0.8, 1, 1.2} kg. a) shows the Pareto-optimal fronts for KP
ranging from 10 N-s/m to 100 N-s/m and for KI ranging from 10 N/m to
500 N/m. b) shows that the Pareto-optimal gains KI and KP are essentially
the same for all considered values of m.
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Fig. 13. MPI control for stabilization and gravity compensation with
v0 = 1 m/s. a) shows the Pareto-optimal fronts, where Modeln stands for
the friction model with nominal parameters, while Model� and Model+
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by 20%, respectively. b) shows that the Pareto-optimal gains KI and KP
are essentially the same for the considered values of friction parameters.
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Fig. 14. MPI control for stabilization and gravity compensation with
v0 = 1 m/s and measurement noise. a) shows the Pareto-optimal fronts with
measurement noise of level 1, 2, and without measurement noise. Note that
measurement noise does not significantly effect the Pareto-optimal fronts.
b) shows that the Pareto-optimal gains KI and KP are essentially the same
for considered noise levels.

slip distance. Since gravity represents a constant disturbance,
we focus on the disturbance-rejection problem with a step
disturbance, which corresponds to uncertainty in the mass of
the body, which, in practice, may be unknown. A convenient
approach to disturbance rejection is proportional-integral
(PI) control, which is effective despite uncertainty in the
external disturbance. Note that, since the friction model is
nonlinear and, by assumption, uncertain, classical optimal
control strategies are not applicable.

The Pareto-front analysis is based on the tradeoff between
two performance metrics, namely, maximum normal force
(MNF) and total slip distance (TSD). The goal of the numer-
ical study was to determine the resulting MNF and TSD val-
ues for a range of the feedback gains, and obtain the Pareto-
optimal front. Analysis of the closed-loop response with PI
control showed that, when the control action transitions from
predominantly proportional to predominantly integral, the
normal force decreases. This phenomenon suggested a novel



modification of linear PI control, namely, the MPI control
law, which more efficiently utilizes the normal force without
increasing MNF. An immediate benefit of MPI control is that,
for a range of proportional and integral gains, the resulting
MNF and TSD values are clustered more closely along the
Pareto-optimal front. In practical applications, the Pareto-
optimal front can be used to determine a feasible set of
feedback gains for the MPI control law. Assuming that an
estimate of the maximum allowable normal force and body
length are available, for a given initial slip velocity and mass,
these bounds form a feasible rectangle in the MNF/TSD
space. If at least some arc of the Pareto-optimal front lies
inside the feasible rectangle, then each PI feedback gain
corresponding to each point on the enclosed arc of the Pareto-
optimal front is feasible, as shown in Fig. 15. However, if
no arc of the Pareto-optimal front lies inside the feasible
rectangle then slip suppression is impossible for the given
initial velocity, mass, and friction level.

POF for v(0) = v0 and mass m

Feasible Pareto front

fn bound

Body length

TSD

MNF

Fig. 15. Pareto-optimal front (POF) for given v0 and m; the feasible Pareto
front is defined by upper bounds on the allowable normal force fn and the
body length.

VI. CONCLUSIONS
In this work we proposed a novel slip-suppression control

law for a two-fingered robotic end effector, where the objec-
tive is to minimize the slip distance without using excessive
force. As a nonlinear extension of linear proportional-integral
(PI) control, the normal force specified by the monotonic
PI (MPI) control law is prohibited from decreasing during
the transition from predominantly proportional control to
predominantly integral control as occurs in the case of linear
PI control. Using Pareto-front analysis to compare MPI to
PI control, MPI was found to provide performance that was
consistently closer to Pareto optimality in terms of the trade-
off between maximum normal force (MNF) and total slip
distance (TSD). Robustness analysis of MPI control focused
on robustness to constant disturbances, uncertain friction,
actuator dynamics, and measurement noise. Future research
will consider Pareto analysis of MPI control with alternative
friction models as well as implementation of MPI control
with minimal knowledge of the friction characteristics.
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