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Abstract

Accurate and high bandwidth robot control for
grasping and manipulation is greatly facilitated
by continuous and high bandwidth sensing of the
states of the object to be grasped. To this end we
describe a new sensory system and the associated
signal processing, using miniature intensity-based
electro-optical proximity sensors, small enough to
be directly embedded in a robot’s end effector. In
situations where the geometry of the object to be
grasped is known, sensor fusion via an extended
Kalman filter provides an estimate of the object’s
planar position, velocity and surface reflectance
properties. Fxperimental results show robust esti-
mation of the object’s states as well as its surface
properties despite noisy sensor data and unmod-
elled object dynamics.

Keywords: Sensor fusion, Proximity
Sensor Network, Electro-optical proximity
sensing, Grasping, Manipulation

1 Introduction

Our earlier work on dynamic manipulation [1] via
robotic juggling and catching tasks relied on the
availability of continuous task level feedback in
the form of a custom built planar inductive sen-
sor. High rate task level sensing permitted the
development of simple feedback algorithms which
achieved relatively complex and dextrous robotic
tasks. Subsequent work by Rizzi and Koditschek
[17] succeeded to develop a spatial version of the
juggling tasks using off-the-shelf cameras. Nev-
ertheless, implementing grasping and manipula-
tion tasks with robotic grippers or fingers will be
greatly facilitated by close range sensing and the
absence of camera occlusion. For purposes of ob-
ject tracking, cameras are most versatile. How-

ever, when used in close proximity to objects in
grasping tasks, cameras can encounter problems
with lighting, focusing, sensing bandwidth, size,
and occlusion. Lighting, focusing, and occlusion
problems are most severe at the most inopportune
time — when the object is close to the end-effector
just prior to contact. ”Local sensing” is needed.

The ideal local sensor is small enough to be in-
tegrated directly in a robot’s gripper or finger, and
should fit within a cylinder of 1 cm diameter and
2 cm length. In addition, the sensor should not
contain any moving parts, like rotating mirrors,
and the area of exposed optics should be mini-
mal. In order to control high bandwidth micro-
manipulators, or the fingers of the Sarcos Dex-
trous Arm [5], a sensing rate of 500 Hz - 1 kHz
is desirable. Finally, given close proximity to ob-
jects, and the resulting lighting conditions, an ac-
tive sensor is required.

Active electro-optical proximity sensors have
the potential to satisfy all the aforementioned re-
quirements, and they have a long history in the
robotics research community [3, 6]. These devices
work in the infra-red spectrum and can exploit
one of three operating principles. Triangulation-
based sensors tend to be the most accurate and
have only a minor dependence on the object’s re-
flective properties. But due to geometric sensing
constraints imposed by triangulation, they are as
large as miniature cameras and have limited close
range [8, 18]. A new operating principle has re-
cently been proposed by Masuda [14]. From the
phase shift of the received signal, distance or ori-
entation can be measured depending on the mode
of operation. The sensor consists of six LEDs in a
cross shaped pattern with the photo transistor in
the center. Goldenberg et al. [15] show how this
sensor’s design parameters affect its performance
and propose an optimal sensor design. Two draw-
backs of this approach are the required base line
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separation of the sensors of several centimeters,
making it no smaller than triangulation based sen-
sors, and the elaborate and thus costly signal pro-
cessing electronics.

The third approach, used by intensity-based
electro-optical proximity sensors, attempts to re-
late the intensity of the reflected light to sensor-
object distance. However, the sensor signal de-
pends not only on distance, but also on ambient
light, the object’s reflective properties, and the
angle between sensor beam and the object’s sur-
face. Thus the most common use of this sensor
in the literature is for object tracking and center-
ing operations, or obstacle avoidance, where abso-
lute distance measurements are not required. Rel-
atively few previous papers, summarized in the
table below, have proposed solutions to subsets
of the problems to obtain proximity information.
Espiau and Catros [4] examine different filtering
approaches to estimate the linear sensor-object
distance. Wampler [19] uses directly the cali-
brated voltage-distance relation, assuming known
and constant reflectance and no angle dependence.
More recently, Y. Li [10, 11, 12, 13] has esti-
mated a flat object’s distance or orientation (with
three sensors), using an Extended Kalman Filter
(EKF), assuming a negligible angle dependence
and known reflective properties (except in [13]).
The simplifying assumptions in [12] allow a sim-
ple two parameter extended Kalman filter to be
used since only the sensor-object distance and re-
flectance parameters need be estimated. In addi-
tion, only the perpendicular distance is estimated
thus eliminating the need for concurrent estima-
tion of object surface angle.

Estimation States
Scheme Estimated
Espiau & EKF, IEKF, | 1D position
Catros [4] composed,
(1980) Gaussian,
2. order
Wampler Interpolation | 1D position,
[19] (1984) in Sensor Orientation
Calibration
Data Set
Li [10] (1991) | EKF 1D position
Li [11] (1993) | 3 indep. 1D position,
EKFs Orientation
Li [12] (1994) | EKF 1D position
Li [13] (1994) | EKF 1D position,
Const. Refl. Gain
Petryk & EKF 2D position,
Buehler 2D velocity,
(here) Varying Refl.
Gain

In order to provide practical local sensing for
grasping and manipulation, several issues have to
be addressed simultaneously: The sensors’ angle
dependence must be considered. In addition, all

past research mentioned above has only consid-
ered measuring the distance to flat surfaces — in-
stead ”graspable” objects like cylinders, with a
circular footprint should be considered. Given the
strong dependence of the sensors’ output on sur-
face properties, these should be estimated online.
We describe an approach which accomplishes all
these requirements. This is possible by assuming
a known object geometry, and using this infor-
mation for sensor fusion of several sensor outputs
via an extended Kalman filter. The assumption
of known object geometry is reasonable in most
practical situations. This framework permits the
simultaneous estimation of the object’s reflectance
properties, allows for angle dependent sensor mod-
els, all while tracking an unknown object trajec-
tory.

A previous paper [16] showed preliminary ex-
perimental results when the object’s motion was
modelled correctly. Here, the full estimation prob-
lem is solved, where the object’s motion departs
substantially from the model. In addition, we
present experimental data which track the object’s
changing reflectance properties. The paper is or-
ganized as follows. Sec. 2 introduces the Proxim-
ity Sensing Network (PSN) and its sensors. Sec. 3
describes the PSN sensor fusion via an extended
Kalman filter, and the object model and any sim-
plifying assumptions. The experimental results
are shown and analyzed in Sec. 4.

2 Proximity Sensor Network

2.1 Sensor Hardware

The basic mode of operation of amplitude based
electro-optical proximity sensors is very simple:
An Light Emitting Diode (LED) emits a beam
of infra-red light. Upon encountering a surface,
part of this energy is reflected back to the receiver,
which can be a Phototransistor or a PIN Diode.
The strength of the received signal depends on
the distance of the surface. The key advantages of
this approach are evident. Size: The transmitter-
receiver pair can be located side-by-side. With off-
the-shelf 1.5 mm diameter units, very small sensor
heads can be built. For ease of construction, we
designed our sensor head for an external diame-
ter of 7.8 mm, and a 5 mm diameter is readily
achievable. Custom heads can be miniaturized
much further. Cost: Robotics and Automation
is very cost sensitive. Infrared sensor can use in-
expensive electronics components, without addi-
tional optics. Ruggedness: Proximity sensors, by
definition, are located close to (often hard) ob-
jects, and are prone to high accelerations due to
impacts. With their small size, absence of delicate
optics, they are shock resistant and rugged.
While there is an increasing number of commer-
cial IR proximity sensors available, they are used



as threshold sensors, tuned for a particular type
of object and a desired detection distance. Units
which provide an optional analog output have typ-
ically very low bandwidth and would have to be
modified for the multiplexed operation necessary
in a sensor network. Therefore we developed our
own sensor heads and processing electronics.

The ambient light influence on the received sig-
nal is rejected in hardware, by modulating the
transmitted signals at 50 kHz and filtering the out-
put of the photo-transistor through a band-pass
filter tuned to this frequency. The sensor head
consist of four miniature IR-LEDs which provides
a detection range of up to 20 cm. Four sensors con-
nect for amplification, filtering, multiplexing and
gain scheduling to a small printed circuit board
with a microcontroller. In addition to controlling
the gain scheduling and multiplexing, it provides
an on chip Analog-to-Digital converter to read the
sensor values, and communicates with the host
computer.

2.2 Sensor Characterization

The sensors can be characterized simply numer-
ically, that is, by measuring their response as a
function of distance and angle, and processing this
data purely numerically. However, in order to
simplify on-line processing, an analytical model of
each sensor was obtained by fitting a calibration
set of data to a functional relation.

The sensors’ output h, was modelled as a func-
tion of the sensor-object distance, d, the sensor-
object angle, #, and the object’s surface properties
(roughness, color, etc.) collectively labelled as the
reflectance gain, A\. The relation between sensor
output and d was an inverse power, usually two
[4, 9, 12]. The surface was assumed to be Lam-
bertian and thus the sensor output was considered
to vary with the cosine of sensor-object angle, 8
[7,9]. Finally the reflectance gain, A\, was assumed
to be a simple gain [4, 12], resulting in the sensor
model

haldi, 0, 0) = —08cos(s.0). (1)

(di + Ba,s)

The index i indicates the i1 sensor in the PSN.
The parameters, 3;_4,; were obtained by fitting a
calibration data set to this model using recursive
least squares. Due to the manual manufacture of
the sensors, each sensor’s parameters were slightly
different.

The calibration set was obtained by measuring
the sensor output as a white bond paper covered
cylinder 65.5 mm in diameter was moved in front
of the sensor. Considering that the center of the
sensor’s face was the origin of a cartesian coordi-
nate system with the sensor’s line of sight collinear
with the g¢s-axis, the cylinder’s centre was swept
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Figure 1: Sensor-local variable assignments.

between -45< ¢3 <+45 mm and 0< ¢; < 250 mm
in 1 mm steps. Each cartesian coordinate pair was
then transformed to a distance and angle pair via

0; = asin(w), d; = q3,; — 1 cos(6;). (2)
T

Since the arcsine is not defined when ||g1 ;|| > r,
all data for which this inequality holds were elimi-
nated from the calibration data set. Refer to Fig. 1
for a graphical representation of the relationship
between the cartesian coordinates and the sensor
geometric parameters.

Since the calibration was performed using white
paper, we set the reflectance gain A\ (arbitrarily)
to unity for this surface. The fit between the ex-
perimental data and the model was evaluated by
examining the error surface between the two sets,
shown for one sensor in Fig. 2. The error surface
has been projected onto the error-angle and the
error-distance planes to emphasize the systematic
errors in the fit. There are significant errors at
angles larger than +/-65 degrees and at distances
less than 10 mm. Although these errors are cause
for concern, the model was considered satisfactory
as the errors in most of the calibrated region were
small. Furthermore, the successful object state es-
timation despite these errors points to the strong
robustness of our approach.

3 Data Fusion

Measurements from the PSN sensors are non-
linear, noisy, and configuration dependent. In
addition, autonomous grasping requires real-time
identification of the parameters and state. For
these reasons, an extended Kalman filter (EKF)
with linearization of the observation equation was
selected to perform data fusion for the PSN.

A PSN sensing an object is shown in Fig. 3.
The object is modelled as free-flying, treating any
accelerations as disturbances. Its kinematic states
are the position and velocity of its center. The ob-
ject’s reflectance gain, A, is appended to the state
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Figure 2: Projection of error plot between the an-
alytical sensor model and the experimental data
onto the error-6 plane (top) and the error-d plane
(bottom,).

vector so that it may be estimated simultaneously.
The discrete state equation is therefore

Tp+1 = Pap + wi (3)
where
Tk = [q17QI7q27QQ7A]T

& Oaxz 021
b = 02><2 f 02><1
O1x2  Oixe 1

(3 1)

and 7 is the sampling period. The system is ob-
served with the measurement equation

yr = h(zg) + v, (4)

where h is the sensor model described in Sec. 2.2.
The noise processes are assumed be zero mean
gaussian, with

Elvg vi] = Roki, Elwg wi] = Qg

Figure 3: PSN sensing an object. Position, C, and
velocity, C', are estimated with respect to gripper-
local coordinates, G, but transformed to each of the
four sensor-local coordinates, (Sy shown), when
evaluating the measurement equation h(x).

representing the constant sensor noise covariance
and state error covariance matrices, respectively.
The estimation procedure is performed by an
Extended Kalman Filter:
Prediction
Tppie = Pap (5)
Py = OB +Q

Update
Tpt1lk +

K[ymeas,k+1 - h(mk-i-l\k)]
SPiy1pST + KRK”

Lht1lk+1 =

Pk:+1|k:+1 =

where
S =[I — KHjy1),

and the Kalman gain is
K = Pyp—1 H{ [Hy Py H + R]*,
with
Oh(x)
Ox

e
T=Tr41|k

and P is the state covariance matrix. Known sen-

sor displacements, for example due to robot move-

ment, would be added to the RHS of (3) and (5).
The state variables must be transformed from

end-effector-fixed coordinates to sensor-local co-

ordinates using the transformation matrix

cosqa; —sina; Sty
ST = | sina;  cosay Siy
0 0 1

where «; is the angle between the x-axis of the
end-effector and sensor coordinate systems, and
Siy, Sty are the components of the distance be-
tween the origins of the two coordinate systems.



The transformed state vector is then used to cal-
culate the sensor model’s variables, d and 6.

The sensor noise covariance matrix R is a diag-
onal matrix, since we assume no sensor cross cou-
pling. Its entries are a measure of confidence in
the sensor inputs and model, and are affected by
sensor noise, modelling errors, and inaccuracies in
sensor placement. In our experimental setup the
unit matrix R = I was a reasonable setting across
all experimental runs.

The value of each element in the model noise
covariance matrix () is a measure of the filter’s
confidence in its model for that state. As with
R, only the elements on the diagonal were non-
zero. The tradeoff in tuning @ is between esti-
mate accuracy at steady state and robustness to
disturbances, including eliminating state errors at
initialization. For all the experiments we found
that @ = [1,2,0.1,0.5,0.001] provided the best
performance. Both covariance matrices were left
unchanged for all the experiments described be-
low.

4 Experiments

The experiments were conducted on a planar
robotic testbed. The robot is a PPR (prismatic-
prismatic-revolute) manipulator with a dextrous
workspace [2] of 0.6 m x 0.3 m. Control and
data acquisition was done via a two node INMOS
transputer network.

The system’s ability to locate an object was
demonstrated experimentally. For each experi-
ment the PSN was mounted in a fixture whose
position relative to the robot’s workspace was
known. The object was fixed to the robot so
that its trajectories could be controlled as well as
sensed. Data from the PSN as well as from the
robot mounted sensors were collected and saved.
The results from three experiments are presented
and discussed below.

4.1 Position Estimation

In this first experiment, the task was for the sta-
tionary sensor to estimate the location (and re-
flectance gain) of the stationary object. As can
be seen from Fig. 4, the filter’s estimates for the
planar position converged to within 0.5 mm of the
correct value, despite large initial errors. The ve-
locities, not shown for brevity, converged to zero.
Finally, the reflectance gain was estimated accu-
rately as well.

4.2 Reflectance Gain Estimation

In this experiment a band of black paper was
wrapped around the cylindrical object. Half-way
through the experiment this band was slipped up
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Figure 4: Position (top) and reflectance gain (bot-
tom) estimation for a stationary object. The ac-
tual values are shown as solid lines.

and off the object by hand to reveal the white sur-
face. The object remained stationary.

This experiment tested the system in two ways.
Initially it provided the system’s response when
presented with an object whose surface properties
differed from those of the object with which the
sensors were calibrated. Secondly, it tested its re-
sponse to a step change in reflectance gain. Black
was chosen as a worst case scenario in terms of
reflectance gain.
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Figure 5: State estimation of a stationary object
which undergoes a step change in reflectance gain
when the object color changes from black to white.

The results are shown in Fig. 5. For the first 10



seconds the object was black. As can be seen, the
estimates of all the states converge quickly from
their initial values. Thus the system can be used
on objects with different surface properties. This
is a significant improvement over those systems
which use numerical sensor characterization since
a new calibration would have to be performed for
each color the system would encounter.

When the black band was removed we note from
the bottom panel that the change in reflectance
gain was detected and converged quickly. In the
other panels it can be seen that the position and
velocity estimates, after some transients, return to
steady state. There is a difference between the po-
sition estimate before and after the color change.
The position estimate is better for an object with
a high reflectance gain due to a corresponding in-
crease in the signal to noise ratio. It should be
noted that in spite of the poorer performance with
the black object, the estimate is still reasonable
with submillimeter error in ¢; and a two millime-
ter error in g3. This is a worst case scenario which
would be avoided in practice.

4.3 Full State Estimation

This experiment demonstrates the system’s abil-
ity to estimate the position of an object which vio-
lates the linear motion assumption of the Kalman
filter (3). The robot was programmed to move the
object towards the PSN fixture along a sinusoidal
trajectory with an amplitude of 8 mm and a fre-
quency was 0.5 Hz. As can be seen in Fig. 6, the
object trajectory as well as the object’s reflectance
gain was estimated faithfully once the initial errors
were overcome. Again the object velocity estima-
tions are omitted for brevity.

5 Conclusions

This paper described a system composed of
a Proximity Sensor Network (PSN) with four
intensity-based electro-optical proximity sensors
and an Extended Kalman Filter. This system
permits the simultaneous estimation of an ob-
ject’s reflectance properties, allows for angle de-
pendent sensor models, all while tracking it’s tra-
jectory. Experiments show robust position esti-
mation of the moving object, despite noisy sensor
data, inaccuracies in the sensor model, unmod-
elled object dynamics and changing reflectance
gain. The resulting system will be used for sensor-
based control of dynamic grasping and manipula-
tion in robotics and automation.

Current research addresses several issues. First,
a supervisory level is needed to initialize and mon-
itor the state estimates. Second, other object ge-
ometries are investigated. Third, we are develop-
ing a limited form of object recognition by mon-
itoring the trace of the state covariance matrix.

Finally, we are trying to reduce the number of
sensor necessary, while preserving the current sys-
tem’s robustness to modelling errors and initialial-
ization errors.
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Figure 6: State estimation of a moving object
which is undergoing continuous changes in re-
flectance gain. Actual and estimated trajectories
are given in the top panel. Note that in spite of
unmodelled object dynamics as well as changes in
reflectance gain the object’s position is still esti-
mated with a high degree of accuracy.
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