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ABSTRACT
An essential problem of image-based visual servoing is evaluating the inverse Jacobian
which, relates changes in image features to the change in robot position. Neural networks
can learn to approximate the inverse feature Jacobian. In addition, neural networks have
been used in dimensionality reduction of image input. In this paper, we show that it is
possible to use neural networks for both feature extraction using compression and for
feature Jacobian approximation in the visual servoing problem. In our system, we
consider the following feature extraction methods: geometric features, averaging
compression, vector quantization, and principal component extraction.
demonstrated that a neural network can achieve
positioning of a vision-guided robot. All of the
above researchers used geometric features for
their input. A new target object required that a
new feature set be chosen.
Other researchers have attempted to automate
feature selection. Feddema [8] has shown that
geometric feature selection can be aided by
measuring the properties of the Jacobian.
Hashimoto and Noritsugu [9] have derived a
similar measure for feature sensitivity. On the
other hand, some researchers have used
appearance or pixel-based methods to create a
feature vector. Instead of automating the feature
extraction, Nayar [ 101 used principal component
extraction (PCX) algorithm to find the
eigenvectors of the image and servoed the robot
based on these eigenvectors. Anguita et al. [ 1 13
used an averaging compression to create a
feature vector which was used to train a neural
network which approximated the inverse
Jacobian.
In this paper, we use neural networks for both
feature extraction and inverse Jacobian
approximation. We implement a completely
neural network based system that uses a
backpropagation network to approximate the
image Jacobian, and other networks to extract the
feature vector. We use two forms of neural
network based image compression to extract the
features to be fed to the inverse Jacobian. A
Hebbian network is used to perform PCX
eigenvector
extraction
and
eigenspace
compression. A Self-organizing Feature Map
(SOFM) is used to perform compression using
the Vector Quantization (VQ) technique. We
experimentally demonstrate that it is possible to
position accurately a robot using only neural

I. INTRODUCTION
In recent years, there has been a great interest
in the area of vision-guided robotics as a major
research topic crossing many disciplines.
Applications such as manufacturing processes,
autonomous robotics and space technology can
benefit significantly from using vision-guided
robotics. Visual servoing is a method, which
uses the inverse feature Jacobian to map input
geometric features to an output robot velocity.
This approach requires a human to derive the
Jacobian and select the features.
Feature
selection and inverse Jacobian derivation can be
tedious, and are unique to every robot-target pair.
For every new manipulator and target a new set
of features must be chosen and the Jacobian
derived and inverted.
An excellent overview of visual servoing is
given by Hutchison et al. [I] who describes the
research and fundamentals of geometric feature
based visual servoing. Corke (21 has shown that
the performance of visual servoing algorithms
can be enhanced by incorporating the dynamics
of the system in the model. Panapikopolous et
al. [3] have used adaptive control techniques to
perform visual servoing.
To automate the derivation of the Jacobian,
many researchers have used neural networks to
approximate the Jacobian. Miller et al. [4] used
a neural network to demonstrate the feasibility of
the approach. Hashimoto et al. [5] used a two
level self-organizing network to approximate the
Jacobian for course and fine motion. Wu and
Stanley [6] used a fuzzy decision network to
manage a hierarchy of backpropagation networks
to approximate the Jacobian over the entire
workspace. Van Der Smagt [7] theoretically
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C. SOFM Compression
Kohonen's self-organizing feature maps is one
of the most common self-organizing paradigms.
A self-organizing feature map is a two layer
network with a two dimensional input and a
single dimensional output, as shown in Figure 1.

networks for both image dimensionality
reduction and inverse Jacobian approximation.
We compare the behavior of our system with the
geometric feature based and averaging
compression approaches to show that the
appearance-based methods (PCX and VQ) are
comparable to the more traditional techniques.
We show that it is feasible but not entirely
practical to use neural networks for all aspects of
vision guided robotics.
The paper is organized as follows: Section I1
describes the each feature extraction algorithm,
Section I11 presents our experimental setup,
Section IV contains the experimental results and
Section V contains our conclusions.

Fig. 1: SOFM Network

11. FEATURE EXTRACTION
ALGORITHMS
A neural network trained directly from the
image would not converge in a reasonable
amount of time [ 121. Therefore, an intermediate
step is required which maps the input image into
a smaller dimensional space: mapping the input
image M onto a smaller vector v of dimension m,
via a transform T.

T ( M ) = v { M E R ' , V E R ~ ; ~(1)> ~ }

Every node in the output layer (black) is
completely connected to every node in the input
layer (gray). The output of the network is
determined on a winner-take-all (WTA) basis.
The WTA evaluation criterion can be expressed
as
1
ifminllx-will
I
(2)
Y , =[()
otherwise

where x is the input vector and wi is the weight
vector for the ith output node.
The SOFM algorithm compresses the image
by dividing the image into windows. However,
instead of averaging the pixels in each window
like the previous algorithm, the SOFM attempts
to find the n most common patterns in the image
using a technique similar to VQ. After training,
the SoFM should have n patterns stored as
weights in the network. In the forward iteration,
these weights are compared to the current
contents of the image window using Eq.. (2)
[121.
In our implementation the size of each window
is 40 by 40, so the message size is the same as
the averaging compression network, resulting in
a compression ratio of 1600 : 1. Using this
configuration, the SOFM network must have
1600 nodes in the input layer. In order to
represent enough common features, we used nine
outputs or VQ codes. The SOFM network
therefore has 14,400 connections. The control
network must have 192 inputs. There is a
significant difference in execution speed between
the SOFM and the geometric feature based
representation. The number of computations
required to compute the inverse Jacobian for a
192 input backpropagation network is much
more complex than the computational effort
required to compute the backpropagation

The transform T can be implemented in
several different ways. Geometric-based feature
extraction, averaging compression and neural
compression can be used to reduce the input
dimensionality.

A. Geometric Feature Extraction
This is the traditional method of
dimensionality reduction for neural visual
Features
servoing [ I] [21[31[4][5][6][7][ 121.
provide a compact representation of images. The
640 by 480 images in our experiments were
reduced to a 6-vector when the appropriate
features were selected resulting in a compression
ratio of 50000 to 1.

B. Averaging Compression
The averaging compression technique in our
system was inspired by the system impof Anguita
et al. [ 111. The technique divides the picture into
windows, then the grayscale values of all .pixels
in each window are averaged to create a feature
vector. The compression ratio of this technique
is the total number of pixels in the image divided
by the number of windows. In our case, the
images were 640 by 480 and we used 192
windows, so the compression ratio was 1600 : 1.
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network for a feature based representation. This
is due to the exponential computational increase
in complexity for completely connected
backpropagation networks.

same number of windows changes from 1600 : 1
to 1600 : n. The Hebbian network has difficulty
extracting
eigenvalues
for
eigenvectors
(windows) larger than 40 by 40. Because of this
constraint, the input of the control network must
be n by 192, resulting in networks too large to be
effectively implemented, even for n = 4. In order
for the compression to work correctly, the image
must be sampled before feeding it into the
network. If 192 is the maximum input vector
length, then the image must be subsampled to
Mln. If 'n is large, it may be desirable to use an n
by n mean filter on the image to ensure that
important pixels are not ignored.

D. Hebbian Compression
Hebb's learning rule is based on observations
of the functioning of the brain [13]. Hebb
observed that stimulation tended to strengthen
connections and lack of stimulation tended to
atrophy connections. Equations governing the
operation of Hebbian networks are shown in Eqs.
(3) and (4) [12].
(3)
i=O

1II.EXPERIMENTAL SETUP
The experiment utilized of a 6 DOF CRS
A465 robot moving an end effector mounted
camera over a simple object. A backpropagation
network (called the control network in this paper)
was used to approximate the Jacobian for each
type of vision input. The robot was servoed in 4
DOF using a single camera. Two objects were
chosen, a wood chip and a C-ring. The chip and
C-ring are shown in Figure 2 and Figure 3.

where p is the number of nodes in the Hebbian
(output) layer, a n d j is the number of nodes in the
input layer, y(n) is the output of the nth node, wij
is it weight vector and x(n) is its input. Eq. 4 is
the learning equation where Awij is the change in
weight, y(n)xi is the weighted output of the
current node and the final term is the weighted
response of preceding terms and is some small
number.
Hebbian networks have a two-layer topology
similar to the Kohonen network. Links from the
input layer to the Hebbian layer are feed forward
and fully connected. Hebbian networks can
perform principal component extraction.
In
principal component extraction, the network
learns to extract the p - 1 most influential
eigenvalues, that is, the eigenvalues that contain
the most information about the image. The
Hebbian network compresses the image, while
still preserving the statistically most important
information.
The Hebbian network outputs a set of values
that correspond to recreating the image from the
n eigenvectors obtained during training. These
values can be used to recreate the image
according to the following equation:

Figure 2: Wood Chip

Figure 3: C-Ring
Before the control networks could be trained
the vision compression networks for both the VQ
and PCX algorithms were trained.
These
networks trained on a single image offline.
The SOFM network for the VQ algorithm had
a 40 by 40 input window, and nine outputs. The
SOFM network required approximately 10
iterations over the image to converge. The
SOFM network required no sampling or output
weight scaling.
The PCX network had a 40 by 40 input
window, and four outputs. The Hebbian network
requires approximately 50 iterations across the
image to converge. The Hebbian network
required that data be sampled at a 4:l ratio to

n

I =c y ; w i

(5)
i=O
where I is the uncompressed image in the jth
window of the image, yi is the ith output of the
Hebbian network and w i is the weight vector
associated with y;. Because each output is stored
as a weight vector, the message is n times longer
than an averaging compression or SOFM
compression. This increase in size corresponds
to a compressiodquality tradeoff. The Hebbian
network gives noticeably better results than the
SOFM network, but the compression for the
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remain below the maximum number for inputs
for the control network.

eliminate scaling requirements for comparing
angular motions to Cartesian space motions.
In order to reduce the total timeto
convergance, a 100 point training file was
recorded for each input type.
The
backpropagation network was trained from the
data file.
The VQ based input exhibited the worst
performance, as expected. The VQ algorithm
performs poorly when the object is rotated.
However, it still is sufficient to position the robot
on the order of millimeters with respect to the
target, which is sufficient for many pick and
place applications.
The PCX algorithm approaches the
performance of the geometric-based feature
extraction method and performed better than the
VQ algorithm because the eigenvector approach
was more robust with respect to orientation. The
PCX algorithm ended with an error of
approximately 4%.
The averaging compression approach attained
a very low error. The final error value was 2%.
This difference can be explained in part by the
size of the control network associated with the
compression-input algorithm.
The control
network has 198 inputs and 20 hidden nodes.
This means the network has 3960 connections to
modify between the input and hidden layers. The
geometric feature based network only had 320
connections to modify between the two layers. It
is logical to surmise that the smaller network
would converge faster.
As expected, the geometric-based method
converged fastest. Control networks using other

-

Figure 4: VQ Codes (top) and PCX
Eigenvectors (bottom)
The 4 by 2 image on the top of Fig. 4 contains
8 of the codes generated by the SOFM VQ
algorithm for the woodchip in Fig. 4. The 4
images on the bottom show the 4 most influential
eigenvectors generated by the Hebbian PCX
algorithm. It is apparent that the VQ algorithm
codes parts of the object, while the PCX
algorithm obtains features, such as edges and
textures.
In the experiment, the geometric feature
method and averaging compression algorithms
serve a control group with which to compare the
performance of the neural network compression
algorithms.

IV. RESULTS
A. Convergence Test
The purpose of the convergence
test was to evaluate how well and
how quickly the control network
could learn to approximate the
feature Jacobian for each of the
The
different kinds of input.
feature based control network had
16 input nodes (10 features and 6
DOF current position). The other
control networks had 198 input
nodes (192 member feature vector
and 6 DOF current position). All
control networks had 20 hidden
nodes and a learning rate of 0.25.
The results are shown in Figure 6,
which shows the root mean square
(RMS) error versus the number of
iterations. The RMS error is
computed in joint space in order to
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Figure 4: Convergence Profiles for Control Networks Under
Different Inputs
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image processing algorithms as input had to learn
to ignore irrelevant feature vector elements such
as background areas. In the geometric-based
feature scenario, every item in the feature array is
relevant, and contains independent information.

that the VQ algorithm, it still tends to lose
rotation and scale information.
The VQ based input performed very poorly
when compared to the other forms of input. This
was primarily due to the loss of scale and
rotation information at such high levels of
compression. The resulting output did not
capture the input well enough for the control to
create a one to one mapping.

B. Generalization Test
The purpose of the generalization test was to
measure the ability of a converged control
network to approximate the Jacobian. The
experiment tested the ability of the control
networks to generalize by moving the robot to a
random location within the workspace, then
running the control network. The final desired
position was the center of the workspace. Care
was taken not to move the target object after
training the network, so the center of the
workspace remained the desired position. The
network continued iterating until the feature error
fell below a specified threshold, or the number of
iterations exceeded a specified limit (20). The
initial offset, final feature error, number of
iterations, and final position error were recorded.
One hundred iterations of the algorithm were
tested.
The results of the experiment were expressed
as the mean and standard deviation of the error.
The objective was to achieve an error as close to
the robot positioning error of 3 encoder pulses (a
fraction of a degree) per joint as possible over a
small area. The results for the best test are
summarized below.

Table 1: Final Position Error for 100 Samples
for Different Input Types
Feature Based
0.002

Averaging
Compression
0.00035

Mean

9.78

9.18

Standard Deviation

4.14

2.84

Mean Iterations

2.21

1.93

Error Threshold

The averaging compression system showed the
best approximation properties. Its final error was
slightly lower, and its standard deviation was
smaller, resulting in a narrower error curve and a
much better chance that the system would
operate correctly. It also had the lowest number
of iterations required to reach the desired
position.
The PCX algorithm was not as successful.
The mean error for the PCX was approximately
twice the error of the other two algorithms. This
performance gap was expected. While the PCX
has better information conservation properties
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C. Compression Test
In order to compare the behavior of the
geometric feature method and compression based
methods, we tried to create a scenario that would
be difficult for geometric-based feature
extraction, but not compression based extraction.
We chose a C-ring to be the target. It is
shaped much like a washer, but with a quarter of
the circumference open. It is flanged to help it
grip. The C-ring is shown in Figure 3. While the
shape appears simple to the human eye, it highly
concave shape can confuse simple segmentation
algorithms.
The trial was conducted in the same manner as
the previous trials. Other than the substitution of
the C-ring for the wood chip, all the parameters
for image, workspace, and neural network size
were the same. After the failure of the SOFMbased visual compression in the previous
experiment, it was not included in this
experiment.
During the course of the
experiment, geometric feature based, averaging
compression and PCX based networks were
trained.
The first step of the generalization experiment
was to characterize how well
PCX
VQ
the geometric feature based
neural control performed.
0.005
0.1
However, this was not
16.78
52.69
possible. The concave nature
7.42
26.40
of the C-ring was outside the
2.3
1.7
set of shapes the geometric
feature based method could
recognise. It could not even recognize that the
object was present.
The averaging compression algorithm
performed well, converging to the same average
position error as obtained with the square
woodchip. The PCX algorithm took longer to
converge, and converged to a higher value, but
could locate the position quickly. The results for
the averaging compression and PCX-based
networks are shown in Table 2. Geometric
feature-based positioning failed to isolate the
object, so no results were obtained.

The work described in this paper shows that
the development of a completely neural network
based visual servoing system is but not practical
outside the labratory environment.

Table 2: Generalization Test Results

Error Threshold

0.0005

0.009
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The results of the compression algorithm
support the hypothesis that the compression
algorithm would prove to be more robust for
different kinds of objects. However, the PCX
and averaging compression techniques only are
useful for objects with a high degree of contrast.
This constraint can be mitigated by using edge
detection and thresholding techniques to increase
the contrast before compressing the image.
While the system is quite accurate, the size and
complexity of the neural networks makes the
solution quite computationally complex. In all
cases on a Pentium processor cycle times were
slower than 1 Hz. A parallel implementation of
the neural networks would be required to make
the system practical outside the laboratory.

V. CONCLUSION
We have developed a method for using neural
networks to extract the feature information as
well as to approximate the inverse feature
Jacobian. We experimentally demonstrated that
the behavior of our system is comparable to the
behavior of traditional geometric and averaging
feature extraction algorithms. While our method
was computationally slower than the other
algorithms, it was more flexible. The averaging
compression algorithm had the best combination
of performance and flexibility; however, we
suspect that the averaging compression system
would fair poorly on images that are more
complex. Because the averaging compression
system treats all windows the same, it may lose
important detail information.
The control of the position of the robot was
carried out by a backpropagation network
approximating the image Jacobian. The feature
based and averaging compression systems
achieved the best convergence and generalization
characteristics. The neural network performed to
the same order of magnitude as the geometric
feature based and averaging compression
systems. The compression-based systems offer
some advantages over the geometric system: they
require no a priori knowledge of the target’s
appearance, and can be applied to any high
contrast image.
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