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Abstract— Processing of image windows rather than complete
images is useful for robots incorporating visual servoing as high
image processing rates are required. Each image window is
segmented, often by thresholding, to identify features of interest.
To adapt to changing conditions and to achieve the thresholding
of low contrast and shadowed windows, a sophisticated method
for performing dynamic segmentation is required. Segmentation
methods from the pattern recognition and optical character
recognition fields were studied to determine their effectiveness
at thresholding 32 by 32 pixel image windows of circular
hole features. The segmentation technique must be capable of
preserving the centroid location with sub-pixel accuracy. To this
end a new morphological preprocessing method is introduced
to improve the performance of most thresholding algorithms.
It was found that this new preprocessing method was able to
improve the centroid location error by nearly 40% when Yasuda’s
thresholding algorithm was used. The preprocessing algorithm in
combination with Yasuda’s thresholding algorithm was able to
segment the holes with an average centroid location error of 0.423
pixels and a standard deviation of 0.328 pixels.

I. INTRODUCTION

Visual servoing extends the capabilities of robot systems by
utilizing image feedback within the control loop. A camera
is used to provide measurements of the location of objects
within a robot’s environment, enabling the robot to interact
with these objects. Visual servoing can be image-based, where
the controller moves the robot so as to minimize the error
between the current location and the desired location of image
features in the image plane. For pose-based visual servoing,
shown in Figure 1. the measurements of features in the image
are used to determine the relative position and orientation (or
pose) between the robot end-effector and the object of interest.
The controller error is defined as the difference between the
current pose and the desired pose of the end-effector. A more
detailed description of visual servoing can be found in the
tutorial by Hutchinson et al. [1].

Robust visual servoing for real-world robots requires that
the image processing to determine the image features must be
performed quickly and accurately in a dynamic environment.
Liu et al. [2] studied a vision-guided control structure that
is different from classical visual servoing. However, their
observations on the timing of the control loop apply equally
well to pose-based and image-based visual servoing. They
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Fig. 1. Visual Servoing Control Loop

state that the rate for complex visual sensing and processing
is slower than the minimum rate for mechanical control, and
that lags can be introduced due to the latency between sensing
and control. A typical image processing algorithm for feature
extraction will be O(m x n), where m is with image width
and n the height, with each pixel being visited several times
during the algorithm execution.

Thus, an extremely effective way to reduce image pro-
cessing computation time is to reduce the number of pixels
processed. Image windowing can be used when combined with
a suitable prediction algorithm that calculates estimated image
feature locations for the next sample time. Wilson et al. [3]
successfully used windowing for pose-based visual servoing.
At each time step five 32 x 32 image windows were processed
to determine the first moment or centroid of an object hole
feature. The image windows are centered on the predicted
feature locations that are calculated using the predicted relative
pose from the system’s Kalman filter.

The accuracy of the object feature measurements is deter-
mined primarily by the ability of the system to classify pixels
as object or background. For well-illuminated object hole
features with high contrast between the object and background,
this process is straightforward, as a fixed threshold can be used
to segment the pixels into white or black depending on whether
their gray scale value falls above or below the threshold. How-
ever, the real world rarely presents such fortuitous conditions,
particularly for the applications of interest for visual servoing,
such as space or underwater robotics. The lighting may be
harsh, and object features can be wholly in shadow resulting
in low contrast, or partially shadowed with a mix of high
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and low contrast. The lighting and texture of the object can
produce reflections. As the object and robot end-effector move
during an operation these conditions can change in successive
images. Effectively handling challenging lighting conditions
is emerging as a key robustness issue for visual servoing
systems, and until it is solved it is limiting the adoption of
visual servoing in the real world. While more sophisticated
algorithms for feature identification could be applied to the
problem, a computational price will be paid compared to the
use of simpler segmentation algorithms.

Thus, it is worthwhile to consider whether a dynamic
thresholding segmentation algorithm can be used to effectively
determine object hole feature locations under dynamic and
challenging conditions. Thresholding to produce binary images
has been widely used in many applications such as optical
character recognition (OCR) and medical imaging. Due to its
wide use, there have been many different algorithms developed
for thresholding images. Several articles compare different
thresholding algorithms [4]-[11]. Most of these comparative
articles conclude that the choice of thresholding algorithm is
highly dependent on the application under consideration.

The image characteristics inherent in OCR and medical
imaging are quite different than the characteristics associated
with processing small image windows for visual servoing.
Thus, none of the test images for the above techniques is
a good representation of the images that are used in visual
servoing. Experimentation was required to determine which
algorithms, if any, are suitable for this novel application area
for dynamic thresholding.

To determine the most promising threshold segmentation
algorithm for use with visual servoing, existing algorithms
were tested. The most promising algorithm was also extended
to include a pre-processing step to further enhance its perfor-
mance for the types of image windows that are characteristic
of visual servoing. Section II describes characteristics of the
image windows and the criteria by which an algorithm is
judged for this application. It also describes the experimental
setup used for the work described in this article. Following
an initial set of experiments, the most promising algorithms
for preprocessing and thresholding were studied. Section III
describes these algorithms. It also presents a novel pre-
processing algorithm that was developed for this application.
In Section IV the algorithms are compared in terms of their ef-
fectiveness for visual servoing using image windows. Finally,
future directions of the work are presented in Section V.

II. SEGMENTATION FOR VISUAL SERVOING

Thresholding is a widely used segmentation technique used
in many applications such as optical character recognition
(OCR) and medical imaging. However, unlike most threshold-
ing applications where large images are available, for visual
servoing small image windows can be utilized to increase
the sample rate due to faster image processing. Based on the
experimental setup as described in [3], 32 by 32 pixels was
chosen as a suitable image window size. The small number
of pixels in the image window greatly reduces the chance

of selecting an effective threshold and also results in high
susceptibility to noise.

Another difference in visual servoing systems is the need to
preserve the centroid. The centroids are the measurement in-
formation that provide feedback to the visual servoing control
loop. In order to achieve the desired robot positioning accu-
racy, the hole centroid measurements need to be determined
with sub-pixel accuracy.

In addition to these unique characteristics, there are also
the problems of shadows and lighting. The lighting conditions
can vary over successive images or frames from the video
stream. As a result of changing lighting conditions, the grey
scale values for hole and object pixels will vary. At times,
the holes can be completely or partially obscured by shadows.
For reflective objects, the reflection of a point light source can
produce a bright spot.

The experimental visual servoing system uses a Pulnix TM-
SLC camera with 508 x 492 pixels mounted at the robot end-
effector. Each pixel is 7.15 um x 5.55 um. Images were taken
of a test object that is used for visual servoing experimental
work. The object was selected for the experiments to provide
a common basis with earlier experimental work. Some visual
servoing systems will incorporate a pattern that is used to pro-
vide appropriate features much the same as the way features
were designed for the test object. Of key importance is not the
construction of the object itself, or whether a pattern has been
added to an object to provide easily recognized features, but
rather the different lighting conditions that were utilized when
capturing images of the object. The images were obtained
under varying lighting conditions, resulting in complete and
partial shadows, low contrast hole features, high contrast hole
features, and bright spots due to reflection of the light.

III. ALGORITHMS

Thresholding algorithms presented in the recent survey by
Sezgin and Sankur [4] were tested using the implementation
by Sankur [12]. The algorithms were tested on the raw images
obtained from the camera and also on images preprocessed
by the grayscale morphological algorithm presented below in
Section III-A.

A. Preprocessing

To improve the segmentation, a novel preprocessing al-
gorithm was developed. It is an extension of the algorithm
presented in [13] for removing variations in illuminations.
In [13] the open top hat operation as given in (1) is used
to remove illumination variations such as those shown in
Figure 2. However, this algorithm will only work so long as
the image background is darker than the foreground.

fo="rog=Ff—(foy) (1
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Where
fo preprocessed image
f original image
o morphological open top hat operation
g structuring element
o morphological open operation

Fig. 2. Uneven illumination compensation. Left - original image, Middle
- morphological open operation and Right - normalized morphological open
top hat operation. A disk structuring element with radius 10 pixels was used.
Images courtesy of [14].

For the images used in our setup, the background is light and
the features of interest are dark. As a result (1) will not work.
However, it is important to note from Figure 2, that when the
morphological open operation is performed the darker regions
remain dark and the lighter regions becomes lighter. Based on
this observation (1) was modified to give:

fo=F+(fog) 2

Fig. 3. Preprocessing via morphological open and close operation. A box
structuring element of width 3 pixels was used. Left - Original image, Middle
- result of (2) and Right - result of (3) with & = 1.

The result of (2) is that darker regions will remain dark and
the lighter regions will become lighter. Figure 3 illustrates the
application of (2) to some sample image windows. The results
of (2) can be further improved by replacing the morphological
open operator with the close operator. This change is in
particular beneficial when there is low contrast between the
hole and background. From Figure 3, it can seen that the hole
is much more visible when the morphological close operation
is used, rather than the open operation.

In addition to using the morphological close operation, a
multiplier & is also introduced in (2) to form:

fo=f+k(feg) 3)

The effects of multiplier £ can be seen in Figure 4. As k
increases the identification of the hole becomes easier when
the original image is very dark. However, when the original
image is light, as k increases the area of the hole is reduced.
Therefore, if the hole is to be identified without the loss of
area, k must be inversely proportional to the image’s average
gray scale value.

Fig. 4. Preprocessing via weighted morphological close operation. A box
structuring element of width 3 pixels was used. Left - Original image, Middle
- result of (3) with k = 1 and Right - result of (3) with k = 5.

This leads to the proposed preprocessing equation:

fp=f+(¥—1)(f-g) 4

Where

preprocessed image
original image

average grayscale intensity of image

[ ] k‘ﬂk":;h

morphological close operation

g structuring element

When implementing (4), be aware of the following:
i) f is a grayscale image with intensity range from 0 to
255
i) if f becomes 0 or close to 0 there are numerical issues
iii) the implementation of the morphological operator fol-
lowed the implementation described in [13], [14]
iv) a box structuring element of width 3 was used
v) the resulting image f, must be normalized
Some results of this preprocessing system are illustrated in
Figure 5.

B. Algorithms of Interest

An initial phase of testing was performed to reduce the num-
ber of potential thresholding algorithms. These tests consisted
of visually inspecting the result of all algorithms presented in
[4]. A sample of 40 images under varying lighting conditions
were used for these tests. Based on these tests the four most
promising algorithms were chosen to be analyzed for centroid
calculations.

Of the chosen algorithms, Niblack [15], Yasuda [16] and
Palumbo [17] had the most success in correctly identifying the
holes before preprocessing. The algorithm by Ramesh [18] was
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Fig. 5. Original 32 by 32 pixel images and their preprocessed versions

also chosen because unlike the other three algorithms this is
a global thresholding algorithm. Though Ramesh’s algorithm
didn’t have much success with the original images, it was quite
effective for the preprocessed images.

1) Niblack: Niblack’s method [15] is a local thresholding
method, meaning that the threshold is varied throughout the
image based on local statistics. The threshold value, T, at
(z,y) is calculated as:

T(z,y) = m(z,y) + k- s(z,y) )
Where
m(z,y) local mean
s(z,y) local standard deviation

k multiplier

A local window size of 7 by 7 and the multiplier (k) value
of -0.1 was determined, by experimentation, to be effective. In
addition to this thresholding method, a postprocessing step as
introduced in [19] and [5] was used to remove ghost objects.

The postprocessing is briefly described here:

i) Smooth the image using a local 3 by 3 mean filter

ii) Run edge detection algorithm and thin the edge gradient
to 3 pixels wide. The edge thinning process described
in [20] was used.

iii) For all 4 connected black objects in the thresholded
image, find the average gradient value along the edge.
If the average value is less than 5, invert the values of
all pixels within the object.

iv) For all 4 connected white objects in the thresholded
image, find the average gradient value along the edge.
If the average value is less than 5, invert the values of
all pixels within the object.

2) Yasuda: Yasuda’s method [16] is yet another local
thresholding method. The thresholding process is briefly de-
scribed here. All constants used below, including window
sizes, were obtained from [4].

i) Increase the dynamic range using

fi = f—min(f)
1 maz(f)—min(f). .
Where f is the original image.

ii) Obtain fy by replacing pixels with the average of
its 8 neighbouring pixels, if local range, defined as
mazx(f2%) — min(f*?), is below 50. Where f3*? is
a local 3 by 3 window of image f;.

iii) Divide f5 into blocks of 16 by 16 pixels. For each of
the blocks perform the following calculations to obtain
fa.
if ([max(f2%'%) — min(f31%)] < 16 or fo(z,y) >
avg(fQIGXIG))

f3(z,y) = background

else .
fa(@,y)—min(f3°%1%)
average(f&ﬁxm) 16><16)

f3(xv y) = —min(f}
iv) Obtain the thresholded image f4 as follows:
if (min(f3*3) <128 or o(f3*3) > 35)

f4($, y) =0

f4(’13, y) =1

3) Palumbo: The local thresholding algorithm by Palumbo,
Swaminathan and Srihari [17] as presented in [4] is briefly
described here. As with Yasuda’s algorithm all parameters for
this algorithm were obtained from [4]. Five 3 x 3 windows
are defined as shown in Figure 6.

else

----------------------------------

,,,,,,,,,,,,,,,,,,,,,,,,,,,,

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,
h '

,,,,,,,,,,,,,,,,

Fig. 6. Relative location of the four, 3 by 3 windows, Ay,eign and the 3 by
3 window Acenter With respect to f(z,y)

i) Find the average, mcenter, Of Acenter-
ii) Find the average, my,cigh, of all pixels in A,c;q that is
greater than 20.
iii) Threshold the image as follows:
If f(z,y) < 20
set f(x,y) as foreground
else if 0.85Mpeigh > Meenter
set f(z,y) as foreground
else
set f(z,y) as background

4) Ramesh: The final algorithm tested, by Ramesh [18],
is a global thresholding algorithm based on histogram shape
analysis. The algorithm chooses the global threshold value
T,pt such that,
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T G
Topt =min| > (0i(T) = 9)° + Y _(bo(T) = 9)°|  (6)
g=0

T+1
Where
b1 (1) =my(T)P(T)
b(T) = my(T)(1 - P(T))
.,
my(T) = gp(g)
g=0
€
my(T) = > gpl9)
g=T+1

P(r)y =) p(i)
i=0

(9) gray level probability density function
g =0..G
G max gray scale value

IV. RESULTS

A set of 462 image windows under varying lighting con-
ditions and with known centroids were used to test the
algorithms of interest. The centroid error was calculated as the
Euclidian distance between the known actual centroid location
and the centroid location defined by the first moment of the
thresholded image. The results are summarized in Tables I, II
and III.

TABLE 1
PERCENTAGE OF THE 462 TEST IMAGE WINDOWS WITH CENTROID
LOCATION ERROR LESS THAN 1 PIXEL.

Original | Preprocessed
Ramesh 74.89% 86.36%
Yasuda 77.92% 94.59%
Niblack | 81.17% 86.58%
Palumbo 78.35% 91.13%
TABLE II

AVERAGE CENTROID LOCATION ERROR IN PIXELS. AVERAGE TAKEN OVER
THE 462 TEST IMAGE WINDOWS.

Original | Preprocessed
Ramesh 2.755 0.825
Yasuda 0.695 0.420
Niblack 0.845 0.895
Palumbo 1.005 0.520

From these results it can be seen that the preprocessing
step improves the performance of all four algorithms. The
best performance was seen when Yasuda’s algorithm was
used on the preprocessed image windows. The performance
of Palumbo’s algorithm on the preprocessed image came in
close second.

TABLE III
STANDARD DEVIATION OF CENTROID LOCATION ERROR IN PIXELS.
STANDARD DEVIATION TAKEN OVER THE 462 TEST IMAGE WINDOWS.

Original | Preprocessed
Ramesh 5.728 1.586
Yasuda 0.761 0.328
Niblack 1.223 1.582
Palumbo 1.420 0.562

Without the preprocessing step, it is arguable that Niblack’s
algorithm performed the best due to the high percentage of
image windows with error less than 1 pixel (see Table I).
However, it should be noted when Niblack fails the error is
high as can be seen from the average error in Table II.

[o]|o][@]
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Thresholded
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Preprocessed
Image

Criginal Image

Fig. 7. Image windows preprocessed then thresholded by Yasuda’s algorithm.
The error in pixels of the centroid locations are a) 0.15, b) 0.19, ¢) 0.73, d)
0.86, e) 1.06 and f) 2.43 Note the large black boarder around the thresholded
image is due to the thresholding algorithm.

Some results of the final algorithm (preprocessing followed
by Yasuda’s algorithm) are illustrated in Figure 7. These
samples illustrate the algorithm’s performance in harsh and
optimal lighting conditions. As well the figure shows the
algorithm’s two modes of failure. The first mode of failure
occurs due to a shift in the hole as a result of inconsistent
gray scale intensity within the hole. As an example, consider
Figure 7 e). Notice that the bottom fraction of the hole is
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lighter than the top portion. As a result of this, during the
preprocessing phase the bottom portion becomes even more
lighter than the top portion of the hole. Then during the
thresholding phase the bottom portion of the hole is completely
lost, resulting in an upward shift of the centroid.

The second type of failure occurs when a region within the
window has a very similar gray scale value as the hole. If
this region is separated from the hole by a region of lighter
gray scale value, then the thresholded image will identify two
objects or holes. In this case, the object closest to the center of
the window can be selected and used to calculate the centroid.
Most likely this will yield the correct centroid location as the
window was placed based on the predicted location of the
hole. However, if the region with similar gray scale value as
the hole is not separated by a region of lighter gray scale value,
then it becomes difficult to separate this region from the hole.
The result is an inaccurate calculation of centroid as can be
seen in Figure 7 f).

Overall segmentation by the use of the preprocessing algo-
rithm, as introduced in section III-A, followed by Yasuda’s
thresholding algorithm results in a huge improvement for
accurate centroid calculations. This method is far superior than
the use of a fixed threshold value for segmentation, currently
used in the visual servoing system described in [3]. The use
of a fixed threshold value will only work so long as there is
constant illumination with no shadows.

The preprocessing algorithm in itself greatly improves the
successful segmentation of the hole. The preprocessing algo-
rithm has reduced the best average error seen using dynamic
thresholding by nearly 40%. Not only is there an improvement
in the average error, but there is also a significant improvement
in the standard deviation. The best standard deviation value
has been reduced by more than 55% as a result of the
preprocessing algorithm.

The success of the preprocessing algorithm is in its ability
to increase the contrast between the hole and background.
Especially under harsh lighting conditions where, even a
person will have trouble determining the location of the hole.
This is clearly illustrated in Figure 7 c).

V. CONCLUSIONS AND FUTURE WORK

This study showed that the developed preprocessing al-
gorithm, introduced in Section III-A, followed by Yasuda’s
dynamic thresholding is a very effective means of segmenting
the 32 by 32 pixel image windows used in visual servoing.
Yasuda’s thresholding algorithm was by itself capable of seg-
menting the foreground, a black circle, from the background
while accurately maintaining the centroid location of the hole
down to the sub-pixel range. However, the addition of the
preprocessing algorithm further improved this result by nearly
40%. As a result of this method’s sub-pixel accuracy in
maintaining centroid location, it becomes very useful for use

determine if this method can satisfy the requirements of a
real time visual servoing system. Future work is focusing on
the integration of the pre-processing algorithm and Yasuda’s
algorithm into the visual servoing software so that timing tests
can be performed on the experimental system. In addition a
timing analysis should also be done on Palumbo’s algorithm
to determine if it is more feasible to use than Yasuda’s.
Furthermore the effects of the preprocessing algorithm as well
as the thresholding algorithm on the area of the hole should be
investigated. The area of the hole feature is under consideration
for use in the visual servoing loop, so it is important that the
area measurement be accurate as well as the hole centroid
measurement.
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