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Abstract— We develop a systematic approach to incorporating
uncertainty into planning manipulation tasks with frictional
contacts. We consider the canonical problem of assembling a
peg into a hole at the meso scale using probes with minimal
actuation but with visual feedback from an optical microscope.
We consider three sources of uncertainty. Because of errors in
sensing position and orientation of the parts to be assembled,
we must consider uncertainty in the sensed con�guration of
the system. Second, there is uncertainty because of errors in
actuation. Third, there are geometric and physical parameters
characterizing the environment that are unknown. We discuss
the synthesis of robust planning primitives using a single degree-
of-freedom probe and the automated generation of plans for
meso-scale manipulation. We show simulation and experimental
results in support of our work.

I. I NTRODUCTION

Manipulation and assembly tasks are typically character-
ized by many nominally rigid bodies coming into frictional
contacts, possibly involving impacts. Manipulation tasks are
dif�cult to model because uncertainties associated with friction
and assembly tasks are particularly hard to analyze because of
the interplay between process tolerance and geometric uncer-
tainties due to manufacturing errors. Manipulation at the meso
(hundred microns to millimeters) and micro (several microns
to tens of microns) scale is even harder because of several
reasons. It is dif�cult to measure forces at the micro-netwon
level reliably using off-the-shelf force sensors and good force-
feedback control schemes have not proved successful. It is hard
to manufacture general-purpose end effectors at this scale and
it is even more dif�cult to grasp and manipulate parts at the
micro and meso level than it is at the macro level. Finally, the
lack of good models of the mechanics of contact interactions
at this scale means that model-based approaches to planning
and control are dif�cult.

The mechanics of pushing operations and sliding objects
have been extensively studied in a quasi-static setting in [19,
22]. There is also extensive work addressing the analysis and
simulation of mechanical systems with frictional contacts [3,
14, 5]. In particular, semi-implicit and instantaneous-time
models for predicting motion and contact forces for quasi-
static multi-rigid-body systems have recently been developed
[25, 27]. We build on these models and time-stepping algo-
rithms discussed in these papers.

Modeling dry friction is a notoriously dif�cult problem
area. Estimations of friction parameters for pushed objects to
improve the control of pushing have been investigated previ-
ously on larger objects and with different strategies than the
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Fig. 1. Our experimental setup (left) and an image from the optical microscope
showing the peg and a probe (right).

Fig. 2. Planar manipulation with a single degree-of-freedom, dual-tip probe
and a passive single-tip probe. There are three sets of operations that can be
performed.

ones presented here. In [17], test pushes on different objects
with known support surfaces are used to estimate support
surfaces experimentally. It leaves the open question of how the
hypothesized support points for an unknown object should be
chosen. Similarly in [28], a method for estimating the friction
distribution of an object and the center of friction from pushing
the object several times is presented. In both of these papers,
a grid system ofN possible support points is applied to the
base of the object being pushed. The respective algorithms
determine the distribution of the normal force of the object at
these support locations. Similarly, estimates of surface friction
for meso-scale manipulation are experimentally determined
in [7]. In our experiments the support surface is coated with a
thin �lm of oil which circumvents the dif�culties of modeling
dry friction.

A good survey of motion planning under uncertainty is
available in [10, 15]. Pushing operations and the instantaneous
motions of a sliding object during multiple contact pushing is
examined and the manipulation primitive of stable rotational
pushing is de�ned in [16]. In [2], the bounds of the possible
motions of a pushed object are investigated. [23] presents
a comparison between the dynamic and quasistatic motions



of a push object. It is well-known that open-loop motion
strategies, without the use of sensors, can be used to eliminate
uncertainty and to orient polygonal parts [13, 11, 1]. In many
cases, the problem of positioning and orienting a planar object
with a random initial condition can be reduced to a planning
problem which can be solved using a complete, polynomial-
time algorithm.

In particular, the problem of �nding motion primitives that
rely on pushing and are robust to errors has received signi�cant
attention. A pushing control system with visual feedback for
open-loop pushing is described in [24] as a way to mitigate
the instability of pushing with point contacts. To remove the
uncertainty associated with robot pushing tasks, [4] establishes
stable orientation and positions by pushing objects with two-
point �ngers. The problem of planning pushing paths using
stable pushes with line contact is discussed in [18], and
conditions on the pushing directions are derived that ensure
that line sticking contact will always be maintained.

Sensorless orientation of parts is applied to micro-scale
parts in [20]. At the micro scale, sticking effects due to Van
der Walls forces and static electricity make the manipulator
motions and part release more complicated [12, 6]. Micro-
manipulators also have limited degrees of freedom when
compared to manipulators at the macro-scale. These problems
are addressed in [20] with a parallel-jaw gripper and squeeze
and roll primitives to orient a randomly oriented polygonal
part up to180� symmetry.

In this paper, we develop a formulation of the motion
planning problem for manipulation with friction contacts in-
corporating uncertainty at three levels: (a) Errors in estimates
of states (positions and orientations) of the manipulated object;
(b) Errors in actuation or input; and (c) Errors in geometric
and physical parameters characterizing the assembly task.
We consider the canonical problem of assembling a planar,
rectangular part into a planar, rectangular slot, but with a
single degree-of-freedom probe with two rigid �nger tips and
a second passive probe (Fig. 2), and with visual feedback from
an optical microscope (see Fig. 1). We address the automated
generation of motion plans for this assembly task. We argue
that it is appropriate to consider a quasi-static model of the
manipulation task with Coulomb friction at the contact(s)
between the probe and the object. The interaction between
the manipulated part and the oil-coated surface is modeled
using a viscous friction model. We explicitly model all three
sources of uncertainty through experiments and show how
motion primitives that are robust to these uncertainties can be
identi�ed. We describe a motion planner that can �nd motion
plans composed of motion primitives for this task and illustrate
the application through simulation and experiments.

II. M ODELING AND DEFINITIONS

The manipulation problem considered in this paper can be
studied in the framework of motion planning for systems that
are subject to both differential equations and uncertainties. In
this section, we will brie�y describe the framework for the
general problem and a general planning methodology based
on robust motions. The application of the general method in
the manipulation problem is described in Section IV.

Fig. 3. Robust motion primitives

A. Problem description
Assume that the motion of the control system in the given

environment is characterized by_x = f (x; u; p), in which x 2
X � < n is the state,u 2 U � < m is the input, andp 2
P � < l is the parameters for the system and environment.
Given a control~u : [0; t ~u ] ! U, a parameter history~p :
[0; t ~p] ! P , and a statex0 2 X for somet ~u > 0 (varies with
~u), the trajectory (a.k.a. motion) under~u and ~p from x0 is
~x(~u; ~p; x0; t) = x0 +

Rt
0 f (~x(� ); ~u(� ); ~p(� )) d� .

We consider three bounded uncertainties stemming from
sensing, control (actuation), and the environment.
1. Sensing uncertaintyWe assume that sensors can estimate
the global state of the system with bounded errorsu

x . Let
x and xs respectively represent the actual and sensed states
of the system. We havex 2 Bsu

x
(xs), in which B r (x0) =

f x j kx; x 0k � r g is ther -neighborhood of statex with respect
to a metrick�; �k on X .
2. Control uncertaintyWe assume that actuators will realize
the commanded control with a bounded errorcu

~u . Let ~u and
~ui respectively represent the actual and intended controls for
the system. We have~u 2 Bcu

~u
(~ui ).

3. Modeling uncertaintyWe assume that the geometry and
the physics of the underlying model are parameterized by~p
with bounded erroreu

~p . Let ~p and ~pn respectively represent the
actual and nominal parameter history. We have~p 2 Beu

~p
(~pn ).

Given a sensed initial statex init and a goal setX goal =
B � (xgoal ) for a speci�ed � and xgoal , the objective is to
compute a control~u (that may depend on feedback informa-
tion) which will drive the system fromx init to X goal under
uncertainties.

B. Planning with robust motion primitive
To solve the above problem is quite dif�cult. Because

complete algorithms are dif�cult to �nd except for the sim-
plest of problems, we pursue the synthesis of plans that
are obtained by composingrobust motion primitives. Robust
motion primitives are used to de�ne controls whose resulting
trajectories will preserve a speci�ed property of interest in the
presence of uncertainties. We model aproperty of interestby
a characteristic function,� , which maps a trajectory into0
or 1. If � (~x) = 1 , then we say that the trajectory~x satis�es
the given property and is called a� -motion. The admissible
set for a property � (see Fig. 3) isA � = f ~x j � (~x) =
1g. If the system has uncertainty boundeu = ( su

x ; cu
~u ; eu

~p ),
the uncertainty neighborhoodof trajectory ~x = ( x0; ~u; ~p) is
f ~x0 j kx0

0; x0k � su
x ; k~u0; ~uk � cu

~u ; k~p0; ~pk � eu
~p g. A � -

motion is a robust motion primitive only if its uncertainty
neighborhood is contained within the admissible set.

We can now consider thecomposition of robust motion
primitives. Let � 1 and � 2 be two properties. If there exists



a robust � 1-motion and a robust� 2-motion such that the
� 1-motion can be reliably appended to the� 2-motion under
uncertainties, then we say that it is possible to sequentially
compose the motion primitives.

Thus our approach to planning will involve the construction
of a set of robust motion primitives followed by their sequen-
tial composition. At this point, a graph search based motion
planning algorithm in [15] can be used to synthesize the com-
plete motion plan. It is worth mentioning that such algorithms
are not complete because they restrict the search space from
the original control space to a smaller one consisting only of
robust motion primitives.

In the next section we will describe our experimental testbed
and the speci�cs of the manipulation task before developing
models of the manipulation task and robust motion primitives
for the task.

III. T HE EXPERIMENTAL TESTBED

The mico-manipulation system (Fig. 1 left) consists of an
inverted optical microscope and CCD camera (for sensing
the con�guration), 4 axis micro-manipulator, controller, 5� m
tip tungsten probes, and control computer. There is a 4X
objective on the microscope along with a 0.6X optical coupler
producing a �eld of view (FOV) of 3.37 mm x 2.52 mm.
The CCD camera records the images in the FOV and sends
them to the control computer at30 Hz (lower frequency with
image processing). The micro-manipulator with controller has
a minimum incremental motion of 0.1� m along four axes,
with a maximum travel of 20 mm and with speeds ranging
from 1.6 � m/sec to 1.7 mm/sec. We consider two types of
probes, a passive Single-Tip Probe (STP) and an active Dual-
Tip Probe (DTP). The STP is passive and although it can be
positioned, its motion is not controlled during manipulation.
The DTP is actuated along one direction (thex-axis) and can
be used either for single or two point contact (see Fig. 2).

The control of the DTP is fully characterized byu =
(d2; vp; pt ) (see Fig. 3), denoting a push inx direction with
relative distanced2 with duration pt and constant speedvp.
In the experiments in this paper, we choose from one of three
discrete values of speeds:vp = 140.0, 75.0 or 7.4� m/sec. The
other two inputs are continuous.

As mentioned before, there are three sources of uncertainty.
The sensing uncertainty arises because of the limitation on
the magni�cation and resolution of the camera. Because with
our objective, each pixel subtends only 5.26� m, our errors
in positions are approximately +5 � m and the error in
estimating the orientation of our 1616� m � 837 � m part
is + 0.3 degrees. The control uncertainty exists only in the
probe position. The errors in probe position relative to the
part are also of the order of +5 � m. Errors in geometric
parameters stem from manufacturing imperfections. The part
is not a perfect rectangle as shown in Fig. 1. The tips in the
DTP are of different length, in which one tip is longer than
the other, re�ected in the angle� in Fig. 4 (right). However,
we assume the exact dimensions are known. The principal
source of modeling error stems from surface friction and the
coef�cient of friction between the probe(s) and the part. We
will discuss the dynamic model and the parameters governing
this model in greater detail in the next section.

IV. M OTION PLANNING WITH UNCERTAINTY

A. System dynamics

We use a quasi-static model for the system (inertial forces
are of the order of nano-newtons for the accelerations involved,
while the frictional forces are on the order of micro-newtons).
We assume the support plane to be uniform, and all pushing
motions of the probes to be parallel to this plane. The most
important assumption is about the support friction. Because
we coat the support surface with oil (Extra Heavy Mineral
Oil, LSA, Inc.), it is reasonable to assume viscous damping
at the interface. Based on experimental data we chose the
model f = Ev in which v = [ vx ; vy ; v� ]T is the velocity
of the part (peg) con�gurationx; y; � ; f is the corresponding
vector of forces and moments; andE is the damping diagonal
matrix with diagonal elementsex , ey = ex , and e� . The
coef�cient of friction between the probe and the part is� .
These parameters were computed by parameter �tting with
experimental results (see Section V-A). Finally, we assume the
only contacts that occur are between the probe and the part.
Although we consider the assembly task as our goal, we only
consider the problem of guiding the part into the designated
slot without any collisions with the environment.

From quasi-static analysis, we haveEv =P
i

�
wi

n � i
n + wi

t �
i
t

�
, where w denotes the wrench vector

and � the magnitude of the contact force, with subscripts
n and t indicating normal and tangential directions, and
the superscript i denoting the i th contact. Because of
space constraints, we do not write the entire model which
includes complementarity constraints for sticking, sliding and
separation, but instead refer the reader to [21, 27].

We note that the existence of a trajectory for the rigid-body
quasi-static model described above may be guaranteed under
the assumption that the generalized friction cone is pointed (by
pointed cone, we mean a cone that doesn't contain any proper
linear subspace). The proof of this result follows the lines
of [26] but is omitted because of space constraints. Therefore,
for the one-point contact case in Fig. 2 (left), existence is
immediately obtained from the linear independence of the
normal and tangential wrenches. When the probe pushes the
same side of the part with a two-point contact (Fig. 2 (center)),
it is also easy to see that the friction cone is again pointed,
and thus a solution will always exist. The remaining two-
point contact case corresponds to the two point contact in
Fig. 2 (right), for which it can be shown that the pointedness
of the friction cone holds if the distance between the points
of contact is large enough. This motion, which can be used
to rotate the part is discussed later in the next subsection.
Finally, if we derive robust motion primitives that guarantee
sticking is maintained at one or two contact points, we
automatically obtain uniqueness of the trajectories by using
traditional arguments with the underlying differential algebraic
equation. We note that the uniqueness of contact forces does
not hold in general, even though part's trajectory is guaranteed
to be unique.

B. Properties of motions and admissible sets

There are many properties of interest for pushing primi-
tives for our meso-scale manipulation task,e.g., inputs that
guarantee motions with one (or two) sticking contacts or
input that guarantee desired clockwise (or counter clockwise
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Fig. 4. Pushing with one-point (left) and two-point contact (right). In the right
picture, the DTP is shown with the exaggerated misalignment between its two
tips for better visualization.

rotation) of the part. In the following, we will specially discuss
three types of properties for which robust motions can be
systematically constructed. The �rst property is to maintain
the one-point sticking contact with counter clockwise (or
clockwise) rotation. The second property is to maintain the
two-point sticking contact for the DTP. The third property is
that the orientation of the �nal state of the motion is close
to 0 or � radians (because the slot is horizontally oriented).
Suf�cient conditions for motion primitives that guarantee each
of these properties are presented below.

1) One-point sticking contact with counter clockwise rota-
tion: We only consider the case in which� 2 (0; � ) and the
probe pushes on the long edge of the part (see Fig. 4 left).
However, other cases, such as pushing on the short edge or
the right side of the part, can be analyzed similarly.

The following provides the conditions for a static point:
�
�
�
�
� n

� t

�
�
�
� =

�
�
�
�
d1d2ex cos� + ( e� + d2

1ex ) sin �
(e� + d2

2ex ) cos� + d1d2ex sin �

�
�
�
� >

1
�

(1)

� n = �
ex vp(d1d2ex cos� + ( e� + d2

1ex ) sin � )
f d(x; u; E )

> 0

v� =
ex vp(d1 cos� � d2 sin � )

f d(x; u; E )
> 0

in which f d(x; u; E ) = e� + ( d2
2 + d2

1)ex > 0 andvp < 0.
From (1), we can infer the property of the whole motion just

from its initial point, which is stated in the following lemma:
Lemma 1: If the part starts a counter clockwise rotation

with sticking contact at the initial point with orientation� 2
(0; � ) (satisfying (1)) as shown in Fig. 4 (left), then the part
will keep counter clockwise rotation with sticking contact until
its orientation� reaches

� � maxf tan � 1 d1

d2
; tan � 1 d1d2ex

e� + d2
1ex

g: (2)

Proof: The derivatives of� n
� t

and v� with respect to�
are as follow:

@(� n =� t )
@�

=
e� (e� + ( d2

1 + d2
2)ex )

((e� + d2
2ex ) cos� + d1d2ex sin � )2 : (3)

@v�
@�

= �
ex vp(d2 cos� + d1 sin � )

e� + ( d2
1 + d2

2)ex
: (4)

It can be observed that both derivatives are strictly positive
before � reaches (2). Therefore, if the part rotates counter
clockwise (v� > 0) in the sticking mode (

�
�
� � n

� t

�
�
� > 1

� ) at the
initial point, then the part will keep staying in the sticking
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Fig. 5. The robust rotational motion and planning problem setup

mode because� n
� t

will keep increasing andv� will keep strictly
positive as� increases.

2) The two-point sticking contact:We only describe the
case in which� 2 (0; � ) and the DTP pushes on the long
edge of the part and the contact is sticking (see Fig. 4 right).

The following equations ensure that two point contact will
be sticking at a static point:

�
�
�
�
� n

� t

�
�
�
� = jtan � j = j1=tan � j >

1
�

(5)

� 1
n =

ex vp cos� (d1 sin � + d2 cos� � d4)
d4

> 0

� 2
n = �

ex vp cos� (d1 sin � + d2 cos� )
d4

> 0

The following lemma shows whether the whole motion has
a two-point sticking contact can be determined from the initial
point.

Lemma 2: If the part starts with two-point sticking contact
as shown in Fig. 4 (right), then the pushing will stay in the
two-point sticking contact mode.

Proof: It is because (5) depends on the orientation and the
orientation is invariant when the initial point has the two-point
sticking contact.

3) The orientation of the �nal state is close to0 or �
radians: This property will be achieved in a motion by
pushing the part with the active DTP with a separation

dv � dw + 2su
x + 2cu

~u : (6)

to the passive STP to guarantee the intended rotation un-
der sensing and control uncertainties (see Fig. 5 left). Such
pushing will ensure that the �nal orientation will be in� t -
neighborhood of� , in which

� t = sin � 1 dw + 2su
x + 2cu

~up
d2

w + d2
l

� �: (7)

Remark: In order to guarantee existence, the pointed cone
assumption requiresdv � dw tan � where � = tan � 1� is
the angle of the friction cone. This is clearly satis�ed by (6).
However, for this motion we cannot guarantee uniqueness of
the resulting trajectory. In this case, the property of interest
(the desired change in orientation) does not depend on the
speci�cs of the trajectory and thus the lack of a guarantee on
uniqueness is not a problem.

C. Computing robust motions from the admissible sets
We use a simple sampling-based algorithm to �nd a robust

motion with respect to a given property at a given state. We
incrementally decrease the sampling dispersion along each
dimension of the input space until the dispersion reaches the
respective control uncertainty bounds. Initially, the sampling



dispersion in each dimension of the input space is chosen to be
the half of the maximal distance. In each iteration, the sample
points in each dimension with respect to its current sampling
dispersion are combined to generate all possible inputs. Each
input is tested for membership in the admissible set under the
nominal state and parameters. If no input is in the admissible
set, then the sampling dispersion is decreased by half and the
algorithm goes into the next iteration. If an input is in the
admissible set under the nominal state and parameters, then
this input is tested to see whether it is still in the admissible
set under the maximal uncertainties in sensing, control, and
parameters. If yes, then the motion from this input is returned
as a robust motion. If no robust motion is found when the
algorithm stops, then there exists no robust motion with respect
to the given property under such uncertainties.

D. Comparison of robust motions
As we show in Section IV-B, there might exist many types

of robust motions with respect to different properties. In this
section, we will provide a measure, the Lipschitz constant of
the motion equation, to compare robustness of these motions
with respect to uncertainties.

The Lipschitz constants have been used before to provide
an upper bound on the variation of the trajectory with respect
to changes in the state, control, and parameters [8, 9]. The
magnitude of Lipschitz constants characterizes the worst case
trajectory variation of the system under uncertainties. If the
Lipschitz constant is smaller, then the upper bound on the
trajectory variation with respect to uncertainties is smaller, i.e.,
the corresponding motion will be more robust.

We compute the Lipschitz constants with respect to the �xed
initial part con�guration (x, y, � ), d2, E (damping matrix),
and � (friction coef�cient) for motion equations of the part
under the push of the STP and DTP with the same probe
initial position (the top tip for the DTP and the tip of the
STP have the same position), constant �xed velocity, and time
duration. It is shown that those constants for the STP are
greater, and therefore the DTP has less uncertainty than the
STP with respect to this measure. This result is supported by
the experimental results in Section V.

E. Planning with robust motion primitives
The assembly task considered in the paper has the initial

con�guration with orientation�
2 and a goal con�guration of

(0; 0; 0) with position tolerance of� p = 76�m and orientation
tolerance� � = 5 � (see Fig. 5 right). Note that we currently
ignore obstacles in the environment. For such a task, our
planning algorithm relies on composing the simple robust
motions de�ned above. We �rst construct the following three
higher level robust motion primitives using these simple ones.
1. Robust translation in thex direction
This robust translation is achieved by using DTP to push the
part in thex direction while maintaining two-point sticking
contact. However, because the two tips of a DTP may not
be aligned (see� in Fig. 4 right) or sensing errors exist,
two point contact might not be established, or can only be
established after the one-point contact is established �rst at
either the top or the bottom tip. To increase robustness, we
de�ne ato-two-contactproperty, denoted ast2, by a sequential
composition of a one-point sticking contact motion with a
counter clockwise rotation followed by a two-point sticking

pvpvpv

Fig. 6. Thet2 motion starting from the right �gure to the left.
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Fig. 7. Vertical translational motion starting from the right �gure to the left.

contact motion (see Fig. 6). Lemmas 1 and 2 respectively
provide conditions for one-point and two-point sticking contact
motions. The following lemma will ensure that two sticking
motions can be combined to ensure at2 motion.

Lemma 3:Assume that the top tip �rst establishes the con-
tact. When the misalignment parameter,� , of the DTP satis�es

j tan � j < minf �;
d2

d1
;

d1d2ex

e� + d2
2ex

g; � + � <
�
2

; (8)

the counter clockwise rotation with one-point sticking contact
can be followed by a two-point sticking motion.

Proof: The �rst inequality in (8) ensures that two-
point sticking contact is admissible and can be established
before the one-point sticking contact motion stops. The second
inequality ensures that a counter clockwise rotation with one-
point sticking contact will precede the two-point sticking
contact motion.
2. Robust translation in they direction
This translation is achieved by composing a robust motion with
one point sticking contact and intended rotation followed by a
robustt2 motion (see Fig. 7). The amount of the net vertical
translation islAB (1 � cos� ) under nominal conditions (no
uncertainty).
3. Robust rotation
This motion is achieved with the pushing described in Sec-
tion IV-B.3.
Planning algorithm: With the above three higher level robust
motion primitives, the planning algorithm consists of the
following steps:

Step 1: Move in they direction by pushing along the
long edge of the part such thaty 2 [� � p

2 ; � p

2 ]. We use
a sequence ofy-direction motions in Fig. 7, guaranteeing
that the nety translation of lAB (1 � cos� ) in Fig. 7 will
have the following error bounddu

v = max f de
1; de

2g, in which
de

1 = jlAB (1 � cos� ) � (lAB � 2su
p � 2cu

p )(1 � cos(� � 2su
� )) j,

de
2 = jlAB (1� cos� ) � (lAB +2su

p +2cu
p )(1� cos(� +2su

� )) j, su
p

and cu
p are respectively the sensing and control error bounds

in the position, andsu
� is the sensing error bound in the

orientation. To ensure thaty 2 [� � p

2 ; � p

2 ] can be achieved using
the vertical primitive under sensing and control uncertainties,
the following conditions on the uncertainty bounds must be
satis�ed: su

p + du
v � � p

2 , � > 2su
� , lAB > 2su

p + 2cu
p .

Step 2: Rotate to� = � . As shown in (7) and Fig. 5 (left),
the distance of the orientation of the part to the horizontal line



TABLE I

Y-TRANSLATION PRIMITIVE : NET DISPLACEMENT OF THEPART

Test No. X (� m) Y (� m) �
1 1996 19 0:6�

2 1975 18 0:5�

3 1559 20 1:1�

Average 1843 19 0:7�

Simulation 1443 11 0:0�

Theory NA 11 0:0�

will be bounded. To ensure that the �nalt2 pushing can be
robustly applied, we require that uncertainty bounds satisfy:
� t = sin � 1 dw +2 su

p +2 cu
pp

d2
w + d2

l

� � < � max
t 2 , in which � max

t 2 is the

maximal orientation of the part allowing a robustt2 pushing
and can be computed using the algorithm in Section IV-D.

Step 3: If necessary, move in they direction by pushing
along the short edge of the part such thaty 2 [� � p

2 ; � p

2 ].
Step 4: Translate the part inx direction to the goal(0; 0; 0).

With the robustt2 motion primitives, the �nal con�guration
of part will be x 2 [px + r cos(
 + � ) � cu

p ; px + r cos(
 +
� ) + cu

p ], y 2 [py � r sin(
 + � ) � cu
p ; py � r sin(
 + � ) + cu

p ],
and � = � in which px ; py is the position of the top tip of
the DTP,d2, r and 
 are as shown in Fig. 4 (right). These
equations also impose restrictions on the uncertainty bounds
to ensure the intended tolerance:rmax (cos(
 max � � max ) �
cos
 max ) + 2 cu

p < � p and r max sin � max + 2cu
p < � p; � max <

� � , in which 
 max = tan � 1 d1
d3

, r max =
p

d2
1 + d2

3, and� max
is the maximal magnitude for� (see Fig. 4 right).

V. SIMULATION AND EXPERIMENTAL RESULTS

We did a series of experiments to estimate the parameters
(including the damping matrix and friction coef�cient) for
the system and to compare robust and non-robust motions
using both the DTP and STP. In the next two subsections, we
show representative results for the system identi�cation and
for the different motion primitives. In Section V-D, we used
the designed planner to compute probe controls to complete a
given task in both the simulation and experiment.

A. Estimating of system parameters

The parameter �tting was done with the experimental data
obtained using the STP. Figure 8 shows experimental tra-
jectories versus predicted trajectories for one trial that was
used in the parameter estimation (top) and one trial that was
not (bottom). To estimate the parameters, a root-mean-square
metric is used. The optimization algorithm is derived from
the Nelder-Mead method. The diagonal elements of damping
matrix E are estimated to beex = ey = 160:89N �sec:=m and
e� = 60:64N � m � sec: The coef�cient of friction between the
part and the probe is estimated to be� = 0 :3 � 0:36. These
�gures show30-40 � m position errors across a translation of
about600� m and about3� orientation errors for a45� rotation.

B. Comparison between robust and non-robust motions

Trajectories from robust motion primitives show less varia-
tion (and are therefore more predictable) than trajectories from
other motion primitives. Figure 9 shows the experiment setup
(top) and experimental trajectory plots for comparison of the
robust and non-robust motions using the DTP and STP. Tests 1

Fig. 8. System identi�cation: The top three plots show a representative trial
used for system identi�cation and the bottom three plots show a representative
trial used to verify the model.

and 2 are for robust and non-robustt2 motions with the DTP.
Test 1 was veri�ed to satisfy the robustt2 motion conditions in
Sections IV-B.1 and IV-B.2. The experiments showed that the
two-point contact is well maintained because the orientation
� is almost constant after the two point contact is established.
Test 2 did not satisfy the two-point sticking contact conditions,
and therefore the two point contact was broken once it was
established. We also observed that Test 1 has maximal trajec-
tory differences of20� m in x, 15� m in y, and0:023 radians
in � , which are smaller than the corresponding numbers for
Test 2 (maximal trajectory differences at15� m in x, 25� m in
y, and0:1 radians in� ).

C. Comparison between the DTP and STP
Trajectories using the DTP show less variation than those

obtained from the STP. Tests 1 and 3 in Fig. 9 are results from
robust motion primitives for the DTP and STP respectively.
The top tip of the DTP had the samey position as the STP.
Trajectories from Test 1 have less variation than those from
Test 3, whose maximal trajectory differences are75� m in x,
75� m in y, and0:2 radians in� .

D. Planning in both the simulation and experiment
Table I shows the comparison between theoretical, simulated

and experimental results for robust translation in they direc-
tion, for the motion primitive described in Section IV-E. Ta-
bles II and III compare the experimental and simulated results
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Fig. 9. Experimental results for robust and non-robust motions with the
DTP and the STP.

TABLE II

ROTATIONAL MOTION: NET DISPLACEMENT OF THEPART

Test No. X (� m) Y (� m) �
1 381 34 88�

2 434 32 90�

3 370 14 90�

Average 382 27 89�

Simulation 295 0.05 90�

for executing robust rotational motion and robust translation
in thex direction motion, respectively. At least3 experimental
tests were done for each motion type and the average values
of the tests are shown in the tables. For the robusty translation
tests, the initial robust one-point sticking contact is maintained
until a desired part rotation angle,� , is achieved. This is then
followed by a robustt2 push to restore the part to the upright
position. Simulation and theoretical results match very well
for the � tested. Experiments show a somewhat higher (7-
9 � m) net displacement than the predictedy translation, but
it is likely due to measurement errors — errors in estimating
position are +5 � m. We did not observe sliding in the pushing
from the image analysis.

In the robust rotational motion experiments, the separation

TABLE III

X-TRANSLATION PRIMITIVE : NET DISPLACEMENT OF THEPART

Test No. X (� m) Y (� m) �
1 954 5 0:1�

2 944 11 0:7�

3 965 11 0:7�

4 959 5 0:5�

5 954 0 0:0�

Average 955 6 0:4�

Simulation 949 0.2 0:0�

Simulation:x Experiment:x

Simulation:y Experiment:y

Simulation:� Experiment:�

Fig. 10. Simulation (left) and experimental (right) results for a planning task

distance is determined from (6) and the two probe tips are
centered about the center of the part that has orientation
�= 2. The STP probe is to the left of the part and is held
stationary. The DTP, on the right side, pushes the part with
its bottom probe tip for a distance of about1100� m. From
these experiments, we can see that the orientation of the peg
is robustly rotated closed to� even though uncertainties cause
signi�cant mismatches inx andy displacements.

A push of approximately950� m was used for the robustx
translation experiments. The predicted results are within the
error margins of the experimental observations.

Combining these three types of robust motions together
allows us to execute the planned algorithm described in
Section IV-E. Because of the limited controllability ofx
position of the peg in the current experimental platform
and planning algorithm, the initial con�guration is set to be
(x init = 2060:4� m; yinit = � 9:2� m; � init = �

2 ) such that one
robusty motion followed by one robust rotation followed by
one robustx motion is able to push the peg into the hole. A
simulation of the planned motion is shown in Fig. 10 (left).
In the experiments, the peg is successfully pushed into the
hole three times over three trials. The experimental data from
one trial is shown in Fig. 10 (right). The snapshots of the
experiment are shown in Fig. 11 with the associated robust
controls.

VI. CONCLUSION

In this paper, we established a framework for motion plan-
ning under differential constraints and uncertainties in sens-
ing, control (actuation), and geometric/dynamic parameters.
We show how we can characterize robust motion primitives
with applications to quasi-static manipulation and assembly
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Rotate to the� = � con�guration

Translate the part inx direction to the goal

Fig. 11. Snapshots illustrating the assembly of the part into the slot.

tasks and propose measures to quantify robustness of motion
primitives. Further, we describe an algorithm to automatically
synthesize motion plans which sequentially compose robust
motion primitives to move parts to goal positions with minimal
actuation.

The main contribution in this paper is the quantitative
treatment of uncertainty and the incorporation of models of
uncertainty into the synthesis of motion primitives and the
motion plans. It is clear that this paper is only a starting
point and does not address the problems associated with multi-
point contact which characterize assembly tasks. Further, we
simpli�ed the modeling of the contact friction by considering
lubricated surfaces which appear to be well modeled by
viscous damping. Nevertheless, the ability to plan and reliably
execute the plan for positioning and orienting parts using
visual feedback with only a single degree-of-freedom actuator
represents a signi�cant accomplishment over previous studies
on quasi-static manipulation.
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