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Abstract

Most modern day image based object registration systems typically rely on one or two algorithms
to perform registration across the entire spectrum of operating conditions. While such systems may
perform well in one constrained environment, such as an indoor laboratory, they fail when used in varying
conditions, such as outdoors. This paper proposes an adaptive system for image based object registration
in unconstrained environments. There are two main components in this system. The first is a set of image
metrics such as light levels and frequency as found in a fourier transform from a scene. The second is
adaptive relationships between the metrics and a set of algorithms used for object registration, such as
hue thresholding, Scale Invariant Feature Transforms and Edge Detection and Segmentation algorithms.
Keywords : object registration, expert systems, hybrid algorithms

1 Introduction

Over the past twenty years, a number of different
algorithms have been developed to attempt to de-
tect an object in an image[1], and find it’s location
and rotation with respect from the camera. Each of
these algorithms has it’s own process of operation,
and, as such, it’s own strengths and weaknesses.
While there has been some work into combining
two or three algorithms together in a system([2],
[3], [4]), the results often operate as a single al-
gorithm based system with another algorithm for
back up when the first algorithm’s performance
drops below a certain threshold. While this often
works fine in controlled systems, the idea often
isn’t scalable to uncontrolled circumstances - no
matter how fine tuned an algorithm is, it is unlikely
to ever be able to perform perfect registration un-
der all circumstances.

There are a wide variety of algorithms and pro-
cedures used to extract metrics about an image,
including a large body of research which is useful
towards predicting the effectiveness of algorithms.
One such example is finding the fourier[5] trans-
form of the image to determine the frequency con-
tent. Another algorithm, the Scale Invariant Fea-
ture Transform or SIFT algorithm|[6], needs a fea-
ture rich image and performs poorly in an image
with only very low frequency content.

The proposed adaptive system maps the image
metrics to algorithms features for optimised
recognition and registration. = The motivation
behind using an adaptive system in the object

recognition field is because there are a large
number of algorithms for image filtering and
recognition, each with their own strengths and
weaknesses. In addition to having a system
change between algorithms, each algorithm can
have automatic thresholding to ensure that, if it
does get chosen, it will be automatically optimised
based on the parameters of the scene.

The work described in this paper is the preliminary
results of research into designing an adaptive sys-
tem, based on how expert systems are used in the
artificial intelligence domain, for performing image
based registration across a wide range of environ-
mental situations. While the work here only exam-
ines two separate algorithms and three metrics, the
final system will have upwards of twelve algorithms
and twenty metrics.

2 Experimental Description

As mentioned, there are two main factors to be
correlated, the metrics derived from environmental
factors, and how each algorithm is affected by these
metrics. The system is designed to relate these two
pieces of information together to make an informed
decision. These two factors are described in more
detail below.

2.1 Finding Metrics

Any piece of information which we can extract
from a scene can be treated as a metric. However,
optimal metrics for algorithm selection need some



restrictions. The first is that the metrics must
contain some significant data relevant to the object
to be recognised. For example, a cyan pixel count
in an image may not be useful unless the algorithm
is specifically identifying cyan objects, which is
likely to be too specific an algorithm to implement
in a generic system.

The second restriction is the computational load.
In a lot of computer vision systems, particularly
those used to create augmented reality[7], it’s often
ideal for the system to be able to perform in real
time or as close to it as possible. An adaptive sys-
tem needs to take into account the computational
efficiency of metric and algorithm calculations for
real-time recognition and registration. For exam-
ple, there is a need to calculate the metrics quickly
enough so that they can be run every few frames
to check that the algorithms are still relevant to
the scene content.

Metrics are extracted from the following features
in this initial experiment. The best metric or met-
rics to measure each feature will be investigated in
further research.

2.1.1 Scene Brightness/Contrast

Obviously light is essential for computer vision sys-
tems to work, without light there’s no image to
track[8]. The key here is adaptability to illumi-
nation variance. Some algorithms are more sus-
ceptible to low light levels or high contrast areas
such as those which would be typically found in
an outdoors environment. Brightness and contrast
can be determined by evaluating colour values of
pixels and noise in the image.

2.1.2 Frequency Components of an Image

This metric is specific to algorithms which use edge
and point information, such as the Canny Edge
detector[9] and the SIFT[10] algorithm. These
algorithms need high frequency components in
the form of robust edge features within the image
which can be reliably tracked. The frequency
content of an image is calculated using a fourier
transform. From this we can find the number of
high frequency areas in the image. However, this
can cause problems as noise is often in the high
frequency range, and as such, filtering may be
required to remove noise.

2.1.3 Scene Colour Components

This metric applies to colour based algorithms
- images which convert an image into binary or
grayscale will not be affected by the outcome

of this metric. For example, a colour histogram
forms the basis of a metric relevant to the optimal
deployment of hue thresholding algorithms.

2.2 Choosing Algorithms

The adaptive system is key to the image registra-
tion section of the computer vision architecture.
This rule based language must be able to perform
in real time, as in the CLIPS! Expert system lan-
guage.

It is expected that a large number of algorithms
will be able to be categorized based on rules found
by a study in to the effects of metrics which is to be
conducted at a later date. However, it is probable
that there may be cases where no known rules
exist. In such cases, a nearest neighbour approach
can be taken by the system to find the likely best
algorithm.

Because the system runs in the image registration
section of the Computer Vision pipeline, any useful
algorithm in this section can be added, as long as
a relationship is clearly defined to the set of image
metrics. The following registration algorithms are
included in the initial set.

2.2.1 Hue Thresholding

A computationally efficient algorithm for registra-
tion of objects of a specific colour or colour man-
ifold, as in human skin, which is contrasts suffi-
ciently with the background. Early computer vi-
sion systems used this due to its efficiency [11].
This algorithm can be most useful in controlled
environments, such as object segmentation with a
fixed background colour, where for example, people
or objects are moving in front of a green screen.

2.2.2 Edge Detection

The Canny Edge Operator efficiently finds edges
in an image. A good example of this is the AR-
Toolkit markers[12],which have high contrast edges
of black on white. Object segmentation is per-
formed by finding all the edges which contain the
object.This can be done by taking subsets of the
entire edge set based on their proximity to one
another. These subsets can then be compared with
known edges in the object the system is attempting
to locate.

2.3 Method

Relationships between metrics and algorithms were
determined by analysing a library of videos cap-
tured with a digital camera. The two different

Thttp://www.ghg.net/clips/CLIPS.html




objects used perform registration were a red square
and an ARToolkit marker. These two objects were
chosen as they represent the main strengths of the
two algorithms chosen for this test. Each object
had it’s photo taken in three different locations,
on a cluttered desk, against a white interior wall,
and on a gray cement wall outdoors on a sunny
day.

Of these three locations, each object had five image
samples taken, one straight on and 30 centimetres
away, one at 30 degrees from the centre and 30 cen-
timetres away, these two angles again at one metre
away, and one centred photo from 2 metres away.
All of the photos were taken with a ADS USB 2.0
Webcam, at 640x480 resolution which is typical of
the image quality in recent Augmented Reality and
real-time computer vision research. The position
of the objects in each of the five separate camera
locations was calculated manually and recorded,
as the distances between the cameras and objects
were the same across the different objects and lo-
cations.

Figure 1: The ARToolkit marker used for registra-
tion for the Edge Detection Algorithm, in the five
camera/marker positions, inside against a white
interior wall

Of these thirty images of two objects in three lo-
cations, each metric was applied in five different
values. There was the maximum, minimum, aver-
age, and the upper and lower quartiles. For ex-
ample, for the brightness metric, each image was
adjusted for the mean brightness set to a maxi-
mum brightness level (average=75%), a minimum
brightness level (average=25%), an actual bright-
ness level (average=50%), and half way between
the actual and maximum/minimum respectively..
To alter the frequency components of the image a
Gaussian/sharpen filter was applied with varying
degrees of intensity.

This finally ended up with a library of 450 images
of the two objects, meaning that each object had
a total of 225 images. KEach algorithm was run
against the appropriate object for registration, the
hue thresholding for the red square, edge detector
for the ARToolkit marker. The locations calcu-

lated by each algorithms was compared to man-
ually calculated location, and a error value was
calculated.

3 Results

All the algorithms tested performed better when
the metrics were at the average or ideal values, and
became progressively worse the further from the
average they became. All algorithms performed
best when locating the object on a plain white in-
terior wall, followed by the desk then the outdoors
environment.

While these results were all expected as they are
well known problems with computer vision tech-
niques, the relevant and interesting results came
when comparing the errors of each algorithm in the
same environment and metric conditions against
each other. To estimate the effect each metric
had on the algorithms, the errors obtained were
averaged across environment, camera location and
metric intensity level. The results are summarized
in Table 1:
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Brightness/Contrast 10.39% 1.86%
Hue Components 11.41%  1.63%
Frequency Components | 9.80%  2.56%

Table 1: Mean Error values of Algorithms

Table 1 shows the average percentage error
for the two algorithms (Hue Thresholding and
Edge Detection) across the range of each metric.
For example, when using the Hue Thresholding
approach, the average error in registration of
an object across a range of Brightness levels
(ranging from very dark to very light) was 10.39%,
meaning that around 90% of the contents of the
area the registration calculated contained the
object - either the object was partially outside the
boundary or the boundary was too large or too
small.

The results contained in Table 1 shows that the
Edge detection algorithm proved more effective
than the Hue algorithm across all results, by
a considerable amount. However we can see
that there is a degradation in the accuracy of
Edge detection when the Frequency content of
the image changes - such as the image becomes
blurrier. Compared to the effects of the other
metrics, this was considerably less important in
the Hue Algorithm. As expected, each algorithm
has it’s own strengths and weaknesses based on
it’s design, and the weaknesses can often be more
prominent in adverse environmental conditions.



These results indicate the relationships between al-
gorithms and metrics under certain environmental
conditions. An expert system implements these
relationships to determine which of these factors is
most prominent and choose the algorithms which
has the lowest mean error when exposed to this
factor.

While these are the global results across the whole
range, some interesting things were noted on the
performance of each algorithm in particular, and
these are mentioned below.

3.1 Observations for Edge Detection Al-
gorithm

The accuracy of the Canny Edge Detection algo-
rithm was surprisingly high in all cases. In some
cases, it was too sensitive, providing a lot of edges
which weren’t really that visible. For the baseline
of the metrics (average image brightness, hue and
detail), at the close range images (30 centimetres)
often there would be a lot of objects detected which
weren’t the marker itself. This can often cause
problems with false positives. This is the reason for
the slightly higher score on the Frequency compo-
nents than on the other two metrics, which scored
very low.

3.2 Observations for Hue Thresholding

In the test cases the Hue Thresholding algorithm
used was not very effective, and fairly susceptible
to changes in both lighting and hue. However, it
is important to recognise that successful registra-
tion depends both on the environment registration
is taking place in, and the ability to differentiate
between the known objects which are to be found.
While this experiment did not contain a large ob-
ject set, it is conceivable that an image set could
contain two objects of similar or identical geometry
with different colours. An example would be red
and green square markers - in this case a gray-scale
edge detector would be unable to tell the difference
between between the two markers resulting in reg-
istration errors, while a hue-based method would
not suffer from the same problem.

4 Conclusion

The research described in this paper establishes the
foundation for creating an expert system for Image
Based Object Registration. By testing the effects
of a range of carefully chosen metrics against a
range of equally carefully chosen algorithms, some
relationships between environmental factors and
algorithms were successfully established.

The results indicate that the proposed adaptive
model for mapping the image metrics to algorithm
features may be useful for optimised object regis-
tration in unconstrained environments.

5 Future Research

The next step in this research is to perform a more
in depth experiment, testing a much larger range of
algorithms, metrics, and objects to register. This
will help establish some initial relationships be-
tween metrics and the algorithms.

Through further research in this area, more metrics
and algorithms will be added and run through sim-
ilar tests. Complex relationships between multiple
metrics and algorithms will continue to be added
to the knowledge database.

The expert system using this knowledge base, will
be extended to optimise algorithm choice(s). There
will also be further investigation into enhancing
each algorithm for a better fit into this adaptive
system such as automatic thresholding[12], as well
as optimising image cropping areas of interest.
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