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Abstract
In our society with its aging population, the design and implementation of a highperformance distributed multi-sensor and information system for autonomous physical
services become more and more important. In line with this, this thesis proposes an
Intelligent Multi-Sensor System, IMSS, that surveys a human activities space to detect
and identify a target for a specific service. The subject of this thesis covers three main
aspects related to the set-up of an IMSS: an improved depth measurement and
reconstruction method and its related uncertainty, a surveillance and tracking algorithm
and finally a way to validate and evaluate the proposed methods and algorithms.
The thesis discusses how a model of the depth spatial quantisation uncertainty can
be implemented to optimize the configuration of a sensor system to capture information
of the target objects and their environment with required specifications. The thesis
introduces the dithering algorithm which significantly reduces the depth reconstruction
uncertainty. Furthermore, the dithering algorithm is implemented on a sensor-shifted
stereo camera, thus simplifying depth reconstruction without compromising the
common stereo field of view.
To track multiple targets continuously, the Gaussian Mixture Probability Hypothesis
Density, GM-PHD, algorithm is implemented with the help of vision and Radio
Frequency Identification, RFID, technologies. The performance of the tracking
algorithm in a vision system is evaluated by a circular motion test signal. The thesis
introduces constraints to the target space, the stereo pair characteristics and the depth
reconstruction accuracy to optimize the vision system and to control the performance of
surveillance and 3D reconstruction through integer linear programming. The human
being within the activity space is modelled as a tetrahedron, and a field of view in
spherical coordinates are used in the control algorithms.
In order to integrate human behaviour and perception into a technical system, the
proposed adaptive measurement method makes use of the Fuzzily Defined Variable,
FDV. The FDV approach enables an estimation of the quality index based on qualitative
and quantitative factors for image quality evaluation using a neural network.
The thesis consists of two parts, where Part I gives an overview of the applied theory
and research methods used, and Part II comprises the eight papers included in the thesis.
Keywords: 3D Reconstruction, Depth Measurement, Depth Reconstruction, Dither, Human
Factor, Image Quality, Iso-disparity Surfaces, Multi-Sensor System, Quality Measurement,
Sensor Arrangement, Surveillance, Tracking, Uncertainty.
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Introduction

1.1 Background
As the size of the elderly population increases, healthcare services are increasingly
unable to cope, and are therefore searching for a new public health paradigm.
Autonomous physical services that support and take care of elderly people by doing
housework and providing a comfortable living environment are becoming more and
more in demand in our society. For this reason, it is of great importance to conduct
research towards the design and implementation of a high-performance autonomous
distributed multi-sensor information system which can understand human behaviour and
living environments, and thereby enhance living services and quality.
“Bringing abundant computation and communication, as pervasive and free as air,
naturally into people's lives” is proposed by the MIT Oxygen Project, [1]. The humancentred computation is focused on human needs and abilities instead of on the needs
and possibilities of the machine. Furthermore, Hashimoto has suggested the concept of
intelligent space which can be defined as “space with functions that can provide
appropriate services for human beings by capturing events in the space and by utilizing
the information intelligently with computers and robots”, [2]. The intelligent space is
thus a space that can be treated as a platform which supports people both
informationally and physically. In this way, the intelligent space is an interface both for
the human being and for robots.
The proposed Intelligent Multi-Sensor System, IMSS, is a high-performance
autonomous distributed vision and information processing system. Figure 1.1 shows
that the system consists of multiple sensors and actuators for surveillance of a human
activities space which includes the human being and the surrounding environment,
including robots, household appliances, lights, and so on. The system does not only
gather information, but also controls the vision sensors including their deployment and
autonomous servo. The most important function, however, is to extract the required
information from sensors for different applications such as physiotherapeutic
rehabilitation, face recognition, gesture analysis etc.
The three dimensional (3D) information from a real scene of target objects can be
compared with a pattern that may function as a basis for decisions. The pattern may also
be renewed by the inclusion of a learning phase. These features require that the system
can dynamically adjust the stereo camera to acquire the optimal 3D information. The
IMSS can also contain multiple Radio-Frequency Identification, RFID, readers and tags
which can easily be carried by a human being. Furthermore, the tags can be equipped
with emergency buttons or different sensors that detect phenomena such as motion,
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RFID, motion, temperature,
pulse, voice recognition
sensors

Vision and infrared sensor system

Intelligent agent

Human activities space

Applications: health care,
security, and housework etc.

Figure 1.1. An overview of an Intelligent Multi-Sensor System

temperature, heart rate, as well as recognize voices. The RFID reader receives data from
the tags that are used for person identification and initial localization.
The intelligent agent consists of a knowledge database that includes learning and
decision making components that can be used to track, recognise and analyse the
objects. The intelligent agent, functioning as the decision making unit, connects the
different functionalities of the IMSS. As shown in Figure 1.2, its functionalities can be
divided into six sections which are: collection and fusion, identification and positioning,
extraction, enhancement, recognition, and finally decision making and control. These
functionalities can be further described as:


Collection and Fusion: information from different sensors has to be collected,
fused and classified to different applications.



Identification and Positioning: the target is identified, positioned and tracked
using RFID, motion, and/or voice recognition sensors.



Extraction: the information of the scene, including position and medical profile,
is captured in order to define the target’s characteristics.



Enhancement: enhancing adaptive measurement methods using the integration
of extracted qualitative factors and quantitative features are applied.



Recognition: comparing the collected target’s features with the pattern to
recognise the target’s state.



Decision making and control: a decision about what action to take is based on
pattern recognition. The decision can lead to different control steps.
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Figure 1.2. An overview of the relationship between the intelligent agent and the different
functionalities as described in the thesis.

During the capturing of an image of a scene by a camera, explicit depth information
about the scene is usually lost. However, depth information retrieval is one of the
critical tasks for many applications in the IMSS, e.g. human motion analysis by 3D
reconstruction can support monitoring and subsequent correction of human motions
when patients perform rehabilitative training; robots can be navigated to assist people
with housework and healthcare; human gestures and facial expressions can be studied
for human-system interaction etc. Tracking the human position continuously and
covering it by the camera’s Field of View, FoV, is an essential problem in this system.
The visual sensor configuration needs to be optimized to get necessary visibility and
accurate 3D information.
Two images taken from the two cameras are obtained and then the 3D coordinates of
an imaged point in the scene can be found by matching or computing the displacement,
or disparity, between two corresponding feature points in the left and right images.
There are two possible configurations of the stereo camera: parallel and convergent. For
a parallel stereo camera, the corresponding points from the left and right images lie on
the same horizontal scan-line, and then no rectification procedure is required. However,
such a camera has a limited common FoV. By comparison, the convergent stereo
cameras have a larger common FoV. However, in this case, matching requires a twodimensional process which can be simplified by the rectification process. The
rectification procedure transforms the corresponding points to be on the same horizontal
scan-line. This means that the stereo matching algorithm reduces the search space from
two dimensions to one dimension along the horizontal rows of the rectified images.
Accuracy is one of the major issues in 3D reconstruction and depth measurement,
and this problem is addressed in Papers I – III. Due to the digital camera principle, the
depth reconstruction accuracy is limited by the sensor pixel resolution which causes
quantisation of the reconstructed 3D space. To improve accuracy, the quantitative
analysis method of spatial quantisation using an iso-disparity map can be useful and this
is shown in Paper I. The proposed mathematical model of the iso-disparity map
provides an efficient way to describe the shape of the iso-disparity planes and evaluate a
depth reconstruction uncertainty dependent on the stereo pair baseline length, the target

4

distance to the baseline, the focal length, the convergence angle, and the pixel
resolution.
There are some methods which help overcoming limitations of the spatial
discretisation. For instance, Kil et al., [3], have used a laser scanner to reconstruct a
high-resolution 3D image of the target surface using hundreds of lower resolution scans
as inputs. Another method is dithering which is a well-known technique applied in
Analogue to Digital Converters, ADCs. This method decreases the system resolution
below the least significant bit, [4], [5], [6]. By the guidance of an iso-disparity map, the
introduced spatial dithering signal reduces the depth spatial quantisation uncertainty by
half by combining four pairs of stereo images as shown in Paper II.
The sensor-shifted parallel stereo camera presented in Paper III was developed to
provide an effect similar to the convergent stereo camera. The sensor-shifted camera
yields a large common camera FoV, but still allows the corresponding points from two
images to be easily identified without the stereo rectification procedure. The dithering
method is also implemented and integrated with the sensor-shifted stereo camera to
enhance the depth reconstruction uncertainty.
The target space, specified as a human activities space, requires the planning of the
stereo sensors’ configuration in order to increase the sensor observability for the
optimal number of sensors. The planning of the sensor configuration by the use of
reannealing software was introduced by Mittal, [7], and the evaluation of the sensors’
configurations by a quality metric was presented in [8]. Furthermore, a linear
programming method used to optimise sensor placement based on binary optimisation
techniques has also been developed as shown in [9], [10], and [11]. This is a convenient
tool to optimise the visual sensors’ configurations when observing a target space such as
a human activities space. Papers V and VI describe the optimisation programme for the
planning of the stereo sensors’ configuration used in the 3D reconstruction of a human
activities space. The papers introduce a method by which the stereo pairs’
configurations can be optimised under the required constraints of the stereo pair’s
baseline length, visibility, camera movement, and depth reconstruction accuracy.
During the tracking and surveillance process, the visibility of the targets is affected
not only by the camera’s FoV, but also by light, obstacles etc. To overcome this
problem, radio technology can be useful. RFID is a rapidly developing technology
based on wireless communication. The technology has been widely studied and is used
in different applications, [12], [13]. The advantage of the RFID tracking system is its
low-cost, large coverage area, independence of light, and ability to penetrate obstacles.
Figure 1.3 shows an example where vision and RFID systems have been integrated in a
home environment. The vision sensors are mounted on a mobile rig which can move
along a track. The track is mounted around the upper part of the walls of the room and
RFID sensors can also be arranged on it. The target motion can still be tracked even if
the vision system is on standby or obstacles obscure the targets. The tracking
information can be used for arrangement of the stereo vision sensor for an accurate
measure of the target position. To estimate the position of the human within the studied
space, Paper VI proposes the use of the Levenberg-Marquardt, LM, algorithm [14] with
a Gaussian Mixture Probability Hypothesis Density, GM-PHD, filter [15] based on an
RFID system by means of the tag’s Radio Signal Strength, RSS.
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Track

Vision sensor

RFID sensor

Figure 1.3. Multi-sensor for a human activities space integrated in a home environment.

Simulations and/or physical experiments for validation are used in all included
papers. Two novel validation and evaluation methods are introduced. Validation of the
reconstruction method aimed to improve the depth estimation accuracy is very difficult,
mostly due to the problem of absolute depth measurement. However, a suitable and
simple validation method that measures the differential depths between two points is
proposed and implemented in Papers II and III. Paper VII proposes a method to evaluate
the performance of the GM-PHD filter when tracking multiple targets. Motion speed
and angular velocity of a circular test motion are the metrics suitable for the evaluation
of the accuracy and label continuity of the tracking filter.
The evaluation of scientific and industrial measurements cannot be completed when
there is a lack of traceable calibration of the specific type of measurements or
instruments being used. The measurement of how the human being perceives image
quality lacks traceable calibration. Therefore, this type of measured parameter cannot be
compared with other measurements made using other methods, [16]. To address this
problem, a quality index has been developed and used in different branches such as the
food industry, [17], ecology, [18], and image processing, [19], [20], and [21]. The
universal image quality index has been proposed by Wang et al., [20], [21], where the
image quality index correlates with human visual perception. The proposed adaptive
measurement method makes use of the Fuzzily Defined Variable, FDV, to reliably
validate system performance. The FDV enables the combination of qualitative and
quantitative factors into the evaluation procedure, [22]. The neural network as a tool is
applied and uses learning and prediction functions to integrate the human factors into
the IMSS. Image quality as it relates to human visual perception can be introduced as a
modelling problem of the FDV, as shown in Paper VIII.

1.2 Thesis objective and scope
The objective of the research that this thesis accounts for is to develop, validate and
evaluate the models and methods used in the IMSS introduced in the previous section.
The implementations of these models and methods enable the observation and
interpretation of the environment and the changes caused by human activities. To
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achieve this goal, the research project has focused on the modelling of a human
activities space. In connection with this, technologies and methods for human tracking,
the control of vision systems, depth reconstruction improvement methods and finally
validation and performance evaluation methods used for depth measurement and human
tracking systems have been employed.
The scope of the thesis can be described as follows:
1. The mathematical model for the general stereo pairs is proposed and analysed.
The depth reconstruction uncertainty is represented in the form of the distances
between the iso-disparity surfaces. The depth reconstruction uncertainty for
parallel stereo cameras is analysed. A sensor-shifted parallel stereo camera is
used to enlarge the common camera FoV. The dithering algorithm is introduced
and applied to reduce the depth reconstruction uncertainty.
2. For tracking and surveillance purposes, the human is modelled as a tetrahedron.
The sensors’ intrinsic and extrinsic characteristics are considered while
optimising the positioning and configuration control of a multi stereo visual
sensor that assures accurate 3D reconstruction of the real scene. The RFID
system is used for initial localisation and for tracking in case the vision system
cannot be applied.
3. The validation method of the 3D reconstruction is developed and implemented.
The performance of the tracking system is evaluated by applying the circular test
motion. The image quality assessment carried out by means of the integration of
quantitative and qualitative factors, is implemented by a neural network.

1.3 Thesis outline
The work presented in this thesis is based on the eight papers reproduced in Part II.
These papers contribute to the three aspects of the IMSS: depth measurement, human
tracking and surveillance, and the validation and evaluation of the proposed models and
algorithms. Figure 1.4 illustrates the placement of the papers in respect to these three
important aspects. In the figure, three aspects formulate three coordinates which are:
depth measurement, tracking and surveillance and validation and evaluation,
respectively. Each paper, represented by a cube, is placed in the coordinate space
according to the percentage of the contents related to the three aspects.
Papers I to III are mostly related to the depth measurement aspect, a concern
estimated to make up more than 50% of the paper. For the case of a pair of stereo
cameras, Paper I focuses on the depth reconstruction method and the estimation of the
depth measurement uncertainty. It is shown how the baseline length, sensor resolution,
convergence angle, and the distance between the target and the camera influence the
depth measurement uncertainty. For a convergent stereo camera, the 3D reconstruction
uncertainty is presented with the aid of an iso-disparity map. The improvement of the
3D reconstruction accuracy by use of the dithering algorithm is introduced in Paper II.
The sensor-shifted stereo camera, which combines the advantages of the parallel and the
convergent stereo cameras by simplifying depth reconstruction without compromising
the FoV and the accuracy, is proposed in Paper III.
Papers IV to VII focus on the human tracking and surveillance aspect, which is
estimated to make up more than 40% of the contents. Paper IV proposes to track a
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human position using the LM together with the GM-PHD algorithms in a RFID system.
Paper VII also presents human tracking by means of the GM-PHD algorithm, but in this
case, a stereo vision system is applied. In papers V and VI, the human is modelled by a
tetrahedron to facilitate a control algorithm optimising continuous target tracking and
3D reconstruction. The optimization concerns the number of stereo cameras, its baseline
lengths and its positions and orientations.
The common subject of all papers is the validation and evaluation aspect. 50% of the
content of Papers VII and VIII are related to this aspect. Paper VII proposes an
evaluation method of the tracking performance. Paper VIII deals with the validation
methods used in quality assessment through integration of qualitative factors and
quantitative features. 30% of Papers I - III and 20% of Papers IV-VI are concerned with
this aspect.
The thesis consists of two parts, where Part I provides a general overview of the
subject and methods of the thesis, and Part II presents the published papers.
The aim of this first chapter of Part I is to provide a brief overview of the relevant
research areas and methods used in the thesis. Chapter 2 describes the research
methodology behind the project. In Chapter 3, the measurement methods used in the
project as well as their uncertainty and reliability are analyzed. Chapter 4 describes
human tracking in the RFID and vision systems respectively. The planning of multi
stereo sensors configurations used to monitor a human activities space is presented.
Chapter 5 focuses on validation and evaluation methods. A brief summary of the
included papers, the conclusion of the thesis, and suggestions for future work are given
in Chapter 6.

Figure 1.4. An overview of the papers presented in the thesis, related to three content aspects:
depth measurement, tracking and surveillance, and validation and evaluation.

2

Research methods

This thesis concerns theoretical and applied research related to an intelligent multisensor system used to monitor a human activities space. The system performs a
diversity of sensing functions including the acquisition, capture, communication and
analysis of information. The information acquired by the system concerns the state of
the human appearance, the health situation, activities, the surrounding environment etc.
The information may be captured and communicated in a variety of signal forms. Since
the human factor is an important part of the system, the integration of quantitative and
qualitative paradigms is required, [23]. However, the main part of the thesis is based on
quantitative engineering research methods, consisting of several phases, [24]: problem
identification and inquiry, hypothesizing a solution; solution method development and
implementation; and finally validation and evaluation of the solution.

2.1 Problem identification and consideration, hypothesizing a solution
The research work starts from the formulation of a question that identifies the problem.
After considering the problem, the problem or research question is reworded into a
hypothesis that can be tested by an experiment. “A good hypothesis states as clearly and
concisely as possible the expected relationship (or difference) between two variables
and defines those variables in operational, measurable terms”, [25].
Finding the solution moves the problem from a given state to a new desired state.
According to known problem-solving techniques, solution finding can be summarized
by the following steps, [26]-[29]:
1. Division of a complex problem into sub-problems with isolated related factors;
2. Review of previous discoveries already made in the same or related fields;
3. Finding a hypothesis that may constitute a solution to the research question or
problem.
All presented papers make use of those problem definitions and formulations to
address the research questions that we then move on to solve. Papers I - III focus on the
problem of depth reconstruction and its uncertainty in general. Paper I answers the
question of what the relationship between the 3D reconstruction uncertainty and the
pixel size, the focal lengths, baseline length and convergence angle is. Papers II and III
present solutions on how to overcome the sensor resolution limitation and enable more
accurate depth reconstruction based on the dithering algorithm. Papers IV - VI focus on
visibility, accuracy and continuity during tracking and surveillance of a human activities
space. Paper IV shows how to track a target even when it is obscured by obstacles.
Papers V and VI address the problem of how to optimise the number of cameras and
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their corresponding positions and orientations when observing the human body and its
activities space. Paper VII evaluates how the target speed motion and angular velocity
affect the GM-PHD filter’s tracking performance in a stereo vision system. Paper VIII
discusses how the adaptive quality model handles the quantitative and qualitative
factors to assess quality measurement when there is a lack of traceable calibration in the
measurements or instruments.

2.2 Solution development and implementation
New theories, models, algorithms and tools need to be developed to solve complex
engineering problems. The approach we suggest requires a quantitative and qualitative
analysis of engineering problems. In general, possible solutions can be categorized as:


Developing new theories, algorithms and models;



Applying existing algorithms to a new area;



Combining existing methods and techniques in a unique way.

We combine different solution categories to solve the problems. For example, Paper
I applies the iso-disparity model for analysis of the depth measurement uncertainty. This
model is also applied in Papers II and III where the well-known dithering algorithm is
applied to enhance depth reconstruction and measurement. Meanwhile, paper III
combines a sensor-shifted camera and the dithering algorithm to simplify 3D
reconstruction complexity without compromising the FoV and the depth reconstruction
accuracy. In Paper IV, we combine the LM algorithm with the GM-PHD filter in a
unique way for multi-target tracking using an RFID system. Papers V and VI propose a
novel tetrahedron model for modelling the human in the activities space. A new
approach to model the camera’s FoV in spherical coordinates is also implemented.
Moreover, the papers creatively apply the greedy algorithm with different stereo
constrains to optimise the visibility of the stereo vision system in order to ensure
accurate depth reconstruction. In Paper VII, the new evaluation method that makes use
of a standardised circular test motion for a multi-target tracking system is proposed.
Paper VIII implements the neural network to merge qualitative and quantitative factors,
and thus solves the problem of combining such factors in a new way.
An engineering solution requires development of a practical method that can
implement theories, models and algorithms into a real system. The most common issues
that must be addressed when implementing a theory, a model and an algorithm are
reliability, efficiency, and complexity. Reliability implies that the method and its
implementations are robust and stable. Efficiency means that the method is realizable
with a high-performance in regards to execution time, used memory and energy.
Complexity stands for implementation simplicity and clarity.
In Paper II and III, where the dithering algorithm is applied to enhance the depth
reconstruction uncertainty, the implementation consists of four steps. Firstly, the depth
of the target point is preliminary roughly measured and secondly the dithering signal is
estimated. Thirdly, the depth of target point is estimated again by a new disparity after
applying the dithering signal. Finally, the calculation of the depth of the target point is
done.

Research methods

11

When implementing tracking and surveillance, the simplicity, efficiency and
reliability of the integer linear optimization were the implementation issues that affected
the cameras’ constraints. The binary variable used to manage visibility is computed and
stored in advance to reduce the computational burden during the real-time process. The
binary variable also makes calculation simple and stable. In Paper VII, the
implementation of a multi-target tracking algorithm requires that an affixed label is
assigned to each target. If a new target appears, a new label is added to the set, and
similarly if a target disappears, its corresponding label is discarded from the label set.
The filter can detect and handle the targets’ label discontinuity to keep tracking reliable.

2.3 Validation and evaluation method
Kuhn has claimed that the measurement plays an important role in quantitative
research, [30]. The observations are expressed as numerics in the measurement
procedure. If the purpose of the measurement is to acquire data about the dynamic
behaviour of the real targets, it can be referred to as inferential measurement. Such a
measurement is used to determine the dynamic behaviours of a process such as the
ability of a system to process, store, transform, and transmit data, [31]. Validation and
evaluation methods are the inferential measurement used to verify correctness and
evaluate the performance of the analytical model and the procedure employed for a
specific task. Validation and evaluation results allow an estimation of the quality,
reliability, efficiency, complexity and consistency of the analytical results. The
measures used for validation and evaluation are based on simulation and/or real
experimental tests, [16].
The measurement uncertainty must be considered when validation and evaluation
are concerned. The measurement uncertainty indicates the range of values within which
the true value is estimated to exist. The uncertainty can arise from different sources, and
can be described in the following way, [16], [31]:


The method uncertainty may be caused by standard, calibration or instrument
characteristics;



The procedure uncertainty may be caused by the characteristics of the
measurand and the interface between the human being and the instrument;



The measurement environment uncertainty may be caused by changes in
temperature, pressure, humidity, the power supply etc.
In Papers II and III, both simulation and real experiments are used for method
validation and the real experiment results have a larger uncertainty range than the
simulation due to additional factors such as camera calibration, lens distortion etc. The
depth measurement differential method is applied to validate the depth reconstruction
model. In Paper VII, the 3D circular motion test signal is introduced to evaluate the
tracking performance according to the target speed and the angular velocity. The test
signal with its standardised characteristics makes it possible to compare different
methods and their efficiency for multi-target tracking. When considering the human
factor in the system, both the human being and the technical aspect must be considered
when evaluating the quality of the system. Paper VIII introduces qualitative factors into
the evaluation process and quality is described with the help of a Quality Index, QI,
which rely on different kinds of quantitative and qualitative parameters.

3

Measurement - methods, uncertainty and
reliability

3.1 Depth measurement and 3D reconstruction - spatial modelling and
uncertainty analysis
How the human being is able to view the world in three dimensions has been a concern
for a very long time. During the seventeen century, the question was routinely phrased
as: How does human depth perception work? The answer to this question led to
stereoscopy. Nowadays, a stereo camera is routinely used for 3D imaging. The 3D
reconstruction of a scene from images has been studied for many years in
photogrammetry and computer vision. There are many different methods which have
been developed and used in the 3D reconstruction of buildings, human faces, industry
products, etc. Finding the depth of a point in the scene is the most important task in 3D
reconstruction. In order to determine the 3D position of a specific point, one needs at
least two images. The necessary information regarding depth and the relations between
objects can be found using those two images.
Figure 3.1 shows the principle of using two images, taken by a convergent stereo
Point
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Figure 3.1. The point in 3D space can be reconstructed by a triangulation method.
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camera and used to reconstruct a point in a 3D space through a triangulation method. If
we can observe the same points from two different positions, we can deduce two rays
from the left and the right camera centre and their corresponding projection points in the
images. The intersection of the rays defines the point location in space. The 3D
reconstruction from the two views is based on an epipolar geometry which describes the
relationship between the corresponding image and the scene points. In order to obtain
the 3D information, the image points’ coordinates and the camera configurations are
needed. The 3D reconstruction procedure essentially consists of the three following
steps, [32]:


Matching: finding the corresponding image points for the same scene point;



Calibration: obtaining the position and orientation of the stereo camera for the
different views;



Reconstruction: extracting the relation between the image points and their
corresponding rays.
During the last reconstruction step, the relation between the image points and their
corresponding rays is obtained from the pinhole camera model. This model is defined
by the intrinsic and extrinsic parameters of the camera, [33]. The disparity, the quantity
used in depth reconstruction, refers to the displacement of the corresponding points on
the left and right images for a common scene point along the corresponding epipolar
lines.
The iso-disparity surfaces characterise the quantisation phenomena in stereo
reconstruction, [34], [35]. The intervals between the discrete iso-disparity surfaces
represent the depth reconstruction uncertainty. The iso-disparity surfaces’ geometry
models proposed in Paper I are valid for both common configurations of a camera
Z
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Figure 3.2. An illustration of the iso-disparity surfaces’ geometry model for the
convergent stereo pair in the plane defined by the cameras’ optical axes.
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stereo pair: the convergent stereo pair and the parallel stereo pair.
In Paper I, the mathematical model of the iso-disparity surfaces has been analysed
for a convergent stereo pair for the most general common configuration, where the
optical axes cross at a fixation point, as shown in Figure 3.2. The zero disparity circle is
defined by the fixation point and the left and right cameras’ optical centre position
points. This circle is known as the Vieth-Müller circle and is a projection of the
horopter, [36]. The iso-disparity surface of the quantised disparity for a convergent
stereo pair with the same focal length and the same convergence angles describes a
cylinder, where the ellipses are cross sections of this cylinder on the optical axis plane.
In order to define the ellipse’s position, shape and orientation, we need to define the
ellipse’s five degrees of freedom. This is described in Paper I, which presents a
convenient way to analyse the depth reconstruction accuracy.
The second common configuration is a parallel stereo pair in which the optical axes
of the cameras are parallel. This could be considered as a special case of the convergent
stereo pair’s configuration with the fixation point set to infinity. The cameras may have
the same focal lengths, or their focal lengths may be different, e.g., to get a better
reconstruction accuracy of a target placed at the boundary of the cameras’ FoV, [35].
The geometry model shows that the iso-disparity planes are parallel for a parallel stereo
pair with the same focal length, while the iso-disparity planes intersect at a straight line
for the parallel stereo pair with different focal lengths. The plots of the iso-disparity
planes for these two configurations of the parallel stereo pair are shown in Paper I.
The depth uncertainty analysis of the target space and the corresponding algorithm
for optimising the number of stereo pairs and the stereo camera’s configurations are
presented in Paper II. The depth reconstruction accuracy depends on the system
configuration which is defined by sensor resolution (pixel size), focal length, baseline
length, and convergence angle. The depth reconstruction uncertainty is described by the
iso-disparity geometry model and varies significantly with respect to the target distance
to the baseline, the baseline length, and the focal length. However, when determining
the accuracy of a 3D reconstruction, the depth spatial quantisation caused by a discrete
sensor is one of the most influential factors. This type of uncertainty usually cannot be
decreased by reducing the pixel size because of the restricted sensitivity of the sensor
itself and the declining signal to noise ratio this would lead to.
By adjusting the stereo pair’s profile, such as the baseline, the focal length, and the
pixel size, the depth reconstruction accuracy can be improved. The depth spatial
quantisation factor is one of the most influential factors when determining the accuracy
of a 3D reconstruction.

3.2 Improvement of the depth measurement
To show how the depth measurement and 3D reconstruction accuracy can be improved,
the iso-disparity surfaces’ geometry model and the dithering algorithm are presented in
this chapter. First, the depth reconstruction uncertainty in relation to different setups,
e.g., parallel and sensor-shifted stereo cameras, is discussed and the corresponding
algorithm for enhancing the depth reconstruction uncertainty is applied.
How to reconstruct a super-resolution image from the low-resolution images has
been the focus of much research in recent years. To overcome the digital camera sensor
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pixel size limitation, attempts have been made to combine the information from a set of
slightly different low-resolution images of the same scene and use them to create a
higher-resolution image, [37], [38]. The selection of an optimal sensor pixel size is
discussed by Chen et al., [39].
When compared to the convergent stereo camera setup, the sensor-shifted stereo
camera setup makes use of a simpler reconstruction process that does not require
rectification processing. In addition to this, the sensor-shifted camera offers a wider
common FoV than the parallel camera stereo setup. Fig. 3.3 shows the common FoV as
a blue shaded area for the parallel stereo pair and as a pink shaded area for the sensorshifted parallel stereo pair respectively. This shows that the sensor-shifted parallel setup
has a wider common FoV than the parallel stereo setup. Francisco and Bergholm
suggested the use of a sensor-shifted camera in the stereo setup, where the sensor has a
controlled micro-movement, [40].
Signal processing methods can improve accuracy. Dithering is one such method, and
the usefulness of this method is explored in Paper II and III. In our proposed model, the
left and right cameras are the quantisers. The dither signals add noise to the signals (the
projections of a scene point) prior to its quantisation in order to change the statistical
properties of the quantisation, [5]. In our case, there are two possibilities to add a dither
signal to change the projection positions: one is to shift the target features parallel to the
image planes and an alternative is to shift the camera sensor, which means that the
quantisation levels of the quantiser are changed.
The dither signal is discrete and is used to control the left and right cameras’
positions. We have presented a two-stage discrete dither signal for each camera, which
provides four images from which to calculate the depth of the target feature with an
improved resolution and a reduced quantisation uncertainty. From Paper II, we know
that the optimal dither signal makes the target projection move from its original position

Figure 3.3. The common FoV where the blue solid lines represent the parallel stereo setup
and the red dashed lines represent the parallel sensor-shifted stereo setup. Shaded areas are
the common FoV for the parallel and sensor-shifted stereo setups respectively.
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by a distance that is equal to half a pixel size.
The iso-disparity surfaces become parallel planes for the parallel stereo cameras,
having a convergence angle equal to zero. The depth reconstruction uncertainty can be
reduced by half when the dithering signal changes the camera position. Actually, the
phenomena can be explained as the dithering signal moving the new iso-disparity planes
into the middle between the primary disparity planes, as described by Figure 3.4. As we
can see, by combining secondary and primary iso-disparity planes, the uncertainty is
reduced by half. Iso-disparity planes can be moved by increasing or decreasing the
baseline or by shifting the sensor chip. In Paper II, the baseline change is applied and
this is accomplished by a single camera movement. To change the baseline length by
placing the new iso-disparity plane in the middle between the primary iso-disparity
planes is also the optimal solution from a quantisation point of view. Paper II provides
an example of a change in the baseline length and of how this change can be analysed.
The movement of the iso-disparity planes is effected simply by shifting the sensor chip
in Paper III. The shifting of the sensor chip by half a pixel size by the dithering signal is
in effect to place the new iso-disparity plane in the middle, between the primary
iso-disparity planes. The implementation of the dithering algorithm on the sensorshifted stereo camera is also shown in Paper III. The simulation and the results of the
real experiment in Paper II and III confirm the analysis. The depth reconstruction
uncertainty is reduced by half.

3.3 Adaptive method for the measurement of fuzzy quantities
The adaptive method is needed to measure a quantity which is significantly affected by
the human factor. Human characteristics vary from person to person and depend on
many factors. Such quantities usually cannot be precisely defined and do not possess
any physical standards. To model and measure them, one can fruitfully use methods
which are able to adapt themselves to individual personal characteristics. Such
Z
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Figure 3.4. The combination of primary and secondary iso-disparity surfaces for the
parallel stereo pair in the plane defined by the cameras’ optical axes.
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quantities are defined as fuzzy, and they are discussed in Paper VIII with the aid of the
Fuzzily Defined Variable, FDV.
Since the FDV often depends on both quantitative and qualitative factors, it is
difficult to express it in only quantitative terms, [41], [42]. The FDV factors are of
different importance for different targets or users. The attributes of the FDV are not
clearly defined, since they depend on different types of features and factors. The choice
of suitable features and factors depends on the target group, and/or the cultural
environment, and/or the age, and/or education, etc., within the application field.
Because of this, the two main dependencies that must be handled within the FDV are
related to:
1. The set of features that are a part of the FDV and depend on:
a. Expertise;
b. Possible measurements;
c. Pattern data.
2. The weights of the FDV that depend on:
a. Human perception - assessment;
b. The feature’s relevance;
c. Measurement uncertainty;
d. Other factors such as cost or complexity.
As a way to measure the FDV, we propose a quality index that is created through an
adaptive method. The quality index can be generalised for many different kinds of
purposes and the measurement method can be adjusted to changeable parameters.

3.4 Measurement and prediction uncertainty and reliability
As considered in this thesis, the measurement process takes the input quantity and
transforms it into an output quantity that can be observed or used. The accuracy of a
measurement process can be described as the degree of closeness of the measured value
to its actual value. The accuracy is associated with measurement methods, tools,
environments and human and other factors. The measurement data analysis can be
qualitative or quantitative. The quantitative analysis applies mathematical models, both
deterministic and statistical, and is implemented in Papers II and III. The prediction
uncertainty acquired by means of the Wasserstein distance is shown in Paper VII. The
qualitative analysis uses statistical or fuzzy models and is applied in Paper VIII.
Since the camera sensors can be considered as mid-tread quantisers, the projection
of the scene point is approximated by the pixel center. The difference between the
approximate and the exact projections is the image quantisation uncertainty. In our
approach, we are interested only in the image’s horizontal uncertainty. The probability
distribution functions of the images’ horizontal quantisation uncertainties for the left
and right images are rectangular. The disparity quantisation uncertainty, as the result of
the convolution of two rectangular distribution functions, is triangular. The depth
reconstruction quantisation uncertainty is the non-linear function of disparity and
corresponds to the interval between the iso-disparity surfaces. An example of the depth
quantisation reconstruction uncertainty for the parallel stereo camera is shown in
Figure 3.5.
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Figure 3.6. Measurement reliability may rely on quantitative and qualitative factors.
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Figure 3.5. The depth reconstruction quantisation uncertainty is represented as the interval
between the iso-disparity surfaces.

The analysis of the improvement of the spatial depth quantisation when using the
dither signal as presented in Papers II and III is an example of the statistical model in
quantitative analysis. In our approach, the Probability Density Function, PDF, of the
discrete dither signal requires equiprobable impulses. In our case, there are two
impulses, so a two-stage discrete binary dither signal can be applied. The statistical
analysis presented in Paper II shows that the mean value of the image’s horizontal
uncertainty has a minimum interval when the dither signal is equal to half a pixel.
The prediction uncertainty for multi-target tracking by the GM-PHD filter is
measured by the Wasserstein distance adopted from theoretical statistics as a means of
defining a metric for multi-target distances, [43]. The mean value of the absolute error
defined as the difference between the prediction and the ground truth is measured by
using the Wasserstein distance in Paper VII. This enables us to evaluate the reliability of
the filter.
The human factor has been considered in the systems where a qualitative analysis
has been performed. In order to avoid the problem that quantitative methods tend to
overwhelm qualitative ones, each component needs to be treated as parts of a
puzzle, [16]. Measurement reliability may rely on both quantitative and qualitative
factors. These can be presented as an Ishikawa diagram, [44], see Figure 3.6.
Measurement reliability is influenced by quantitative factors such as target properties,
measurement uncertainties, methods, and tools. However, the reliability also depends on
many qualitative factors such as the psychical environment, target background and
usefulness, all related to the target and the human being. A measurement of the image
quality by the combination of quantitative and qualitative factors is presented in Paper
VIII.
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Figure 3.6. Measurement reliability may rely on quantitative and qualitative factors.

4 Tracking and surveillance of a human activities
space
Similar to the human eyes, the multi-vision sensor system acquires information about a
target’s colour, shape, position etc. in a 3D space. A human activities space, as a target
space for 3D reconstruction, requires tracking and monitoring. The motion and possible
locations of the human being need to be predicted in order to control the monitoring
system so that the target can be kept in the cameras’ FoVs.
The constraints for the design and planning of the active stereo vision system can be
determined from the human activities space and the vision sensor parameters which
guarantee the optimal visibility and required 3D reconstruction accuracy in the vision
sensor system. The sensor planning can be viewed as an extension of the well-known
Art Gallery Problem, AGP, [45]. The AGP describes a simple polygon, often with
holes, and the task is to calculate the minimum number of guards necessary to cover a
defined polygon. When researching a human activities space, the goal can be re-defined
as: find the minimum number of stereo pair sensors needed to cover the target space.
To optimize sensor placement, many researchers present the required coverage space
as a regular grid, [9], [10]. The optimization algorithms proposed by them function in a
2D space, but the approach presented in this thesis applies the optimization algorithm to
a 3D space, [46]. In the field of active vision, there have been some studies on how to
apply the dynamical adjustment of the stereo pair baseline to improve the reconstruction
accuracy, [47], [48]. However, as Mittal mentions, there has been relatively little work
on determining the optimum sensor configurations which is what our research
addresses, [7].
The Bayesian’s recursion provides the mathematical framework for the tracking
algorithms. A typical tracking algorithm, applying the Bayesian’s recursion, computes
the posterior probability density of a process based on the prior probability density of
the process and the likelihood function. The GM-PHD, algorithm was proposed by Vo
and Ma [15]. Using the GM-PHD algorithm, Pham et al. have proposed a multi-camera,
multi-object tracking system that can track 3D object locations even when objects are
occluded from the cameras, [49]. In [50] they have demonstrated how efficient it is to
track the multi-target by using a multi-sensor.
The visibility of the targets is affected by light, obstacles, and the camera’s FoV etc.
The human factor or cultural considerations can also interfere with the vision system.
For instance, there may be privacy protection in a certain area. Complementary
technologies which are independent of such interferences can support surveillance and
tracking. For example, the tracking of a specific target can be achieved by using
positioning systems like the Global Positioning System, GPS, ultrasonic signals,
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infrared and radio frequency signals such as RFID technology, [51], [52], [53]. The
localization techniques used in RFID rely mostly on an accurate estimation of the
distance between the reader and the tag. The advantage of the RFID tracking system is
its low-cost, large coverage area, independence of light, and ability to penetrate
obstacles. It is especially important for such cases when the vision system is on standby
due to occlusions, darkness or due to personal reasons.
This chapter provides an overview of the tracking and surveillance methods that can
be used in a multi-vision sensor system. The GM-PHD algorithm, able to predict the
target position using RFID and vision systems, is presented in Paper IV and Paper VII,
respectively. The prediction can be used for the camera arrangement algorithm used in
tracking. Papers V and VI introduce the human model as a tetrahedron and the camera
FoV model using spherical coordinates to get optimal visibility of the target.
Furthermore, the iso-disparity geometry model allows an accurate analysis of the depth
reconstruction process. A depth reconstruction accuracy constraint is proposed and
applied in the model. The human and camera FoV models and accuracy constraint aid
the process of dynamically adjusting the positions, orientations, and baseline lengths of
multiple stereo pairs of cameras, thus acquiring the desired visibility and accuracy.

4.1 The surveillance method and its implementation
For surveillance, the constraints for the arrangement of the stereo camera should be
considered in relation to the human activities space, the camera FoV, and the depth
reconstruction accuracy requirement. The optimal number of cameras and their
corresponding positions and orientations when observing the human body and activities
space can be calculated using the integer linear programme. The constraints applied in
the integer linear programme can be defined to obtain sufficient visibility and enough
accuracy for surveillance, tracking and 3D reconstruction.
How the sensors should be placed for optimal visibility has been studied by many
researchers, [7], [8]. However, their work focuses on the target area coverage problem
without specifying a target within this area. In our work, the target is the human. We
propose that the target object should be modelled as a tetrahedron. This method
provides a convenient way to extract the orientations of the surfaces that represent the
front and back of the human being. The tetrahedron model constraints guarantee that the
human body can be viewed from each of these directions with the desired image
resolution.
The human modelled as a tetrahedron is shown in Figure 4.1. The normal of each
tetrahedron’s upper triangle gives the orientation of that surface. If the visibility angle,
, between the triangle normal and a line drawn from the centroid of the triangle to a
specific camera position increases, then the image resolution decreases. In order to get
good image resolution, a visibility angle, , of less than the maximum visibility angle,
max, is required.
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The camera orientation should line up with the centroid of the triangle, thus bringing
the target object to the centre of the camera’s FoV and causing less lens distortion. The
angle between the camera orientation and the line drawn from the camera position to the
centroid of triangle, , must be less than the maximum angle, max.
Since stereo matching becomes more difficult when the baseline distance increases,
the baseline length b has to be limited to the maximum stereo baseline length, bmax.
Due to the limited dynamics of the camera, a camera movement distance constraint
can be applied. The next-view position of the camera should not be placed too far away
from the previous position. This constraint is formulated as the camera maximum
movement distance, and it should be less than the maximum camera movement distance
that the system supports:
Dist( StereoPairnext , StereoPaircurrent )  Dismax ,

(4.1)

Hörster and Lienhart use a simple model for their cameras: the FoV of a camera is
described by a triangle and applied to a 2D room layout map, [10]. Our camera FoV
model works in a 3D space and is thus able to cover a 3D human model. Modelling the
camera’s FoV using spherical coordinates simplifies the model and the constraints, thus
speeding up computations.
Then, the spherical coordinates are applied; the camera horizontal and vertical
viewable angles, h, v, and a working distance, r, can be calculated from the camera’s
attributes. The spherical coordinate system is shown in Figure 4.2. In order to keep the
target object’s feature points within the camera’s FoV, the following constraints must be
fulfilled:
lr

and

c  h / 2  o  c  h / 2 ,

 c  v / 2  o   c  v / 2 ,

(4.2)

where l is the distance between the target position and the camera’s position; o, o are

Figure 4.1. Illustration of the human modelled as a tetrahedron;  is the visibility angle between

triangle normal c and a line from the centroid of the triangle to the camera position;  is the

angle between the camera orientation c and a line from the camera position to the centroid of
the triangle.
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the azimuth and the elevation of the target, respectively; and c, c are the azimuth and
the elevation of the camera’s orientation, respectively.
Improvement of the depth reconstruction is one of the major focuses of this research
project. This thesis suggests that a depth accuracy factor, AF, is a function of the
target’s convergence angle, , and the camera’s orientation, c. In fact, AF varies more
significantly in respect to the target’s convergence angle than in relation to the camera’s
orientation. Thus, the target convergence angle determines the depth accuracy factor.
The accuracy constraint for a given point can be defined as:
AF  AFcon ,

(4.3)

where AFcon is determined from the reconstruction accuracy requirements of the given
application.
The integer linear algorithm gives an optimal solution of the number of cameras
needed to observe the target with the required constraints. The algorithm assumes that
one type of camera is used throughout, so that all cameras’ FoV ranges are the same.
The integer linear algorithm can be applied to minimize the total number of stereo pairs
subjected to the FoV coverage, the baseline length, the camera maximum movement
distance and the depth reconstruction constraints. This objective function minimizes the
number of stereo pairs needed to cover all triangles in the target tetrahedron model, and
also ensures that the target object is covered by at least one stereo pair:
Ks

min

 Si ,

(4.4)

i 1

where the Si is a binary variable where a “1” indicates the chosen stereo pair. The
function is subjected to the constraints of the surveillance model and the constraint that
ensures that there is only one camera at each position. Ks is the total number of potential

Figure 4.2. The spherical coordinate system and FoV of a camera where C is the camera position
and the example target point is located at the point T.
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stereo cameras.
Planning the placement of the stereo pair placement with the help of the integer
linear programme consists of three stages:


First, with the aid of the greedy algorithm, we find the potential stereo pairs that
satisfy the stereo constraints from all potential cameras’ positions and
orientations, as presented in Paper V.



Second, integer linear programming is applied to minimise the total number of
stereo pairs subjected to the visibility and baseline length constraints, the depth
accuracy constraints, and the camera movement distance constraints. The
objective function minimises the number of stereo pairs needed to cover all
triangles in the target object model and also ensures that the target object is
covered by at least one stereo pair.



Finally, the 3D reconstruction’s accuracy can be verified by a cubic
reconstruction.

4.2 Tracking algorithms and their implementations
For surveillance, the position of the target has to be predicted by a tracking algorithm
that allows the system to keep the human in the camera’s FoV. Thus, the surveillance
algorithm can arrange the vision sensors’ position and determine their orientation,
movement speed, focal length and baseline length, [54], [55].
Rincón proposes that human tracking can be divided into three levels: the punctual,
region and human pose levels based on the model of the target, [56]. The first level
considers the human as a compact and small target, the second level extends the human
as a region which can be defined by a human body and the third level models the human
as a non-rigid object. In our approach, a compact model is used and denoted as a point
that also represents the human position and the centre of gravity of the tetrahedron
model.
In single-target tracking, only one target may be detected by the sensor. The
approach usually assumes that a linear and Gaussian dynamical measurement model is
used. The posterior density function gives all observations and can be computed from
the Bayes recursion. For example, single tracking can be conducted with the aid of a
standard Kalman filter, based on the linear dynamical systems, [57]. The extended
Kalman filter based on the non-linear model can also be used for single-target
tracking, [58].
In multi-target tracking, the number of targets is unknown and can vary with time.
When the number of targets changes due to targets appearing and disappearing, tracking
becomes complicated since it becomes difficult to obtain the posterior density function.
In this case, a Probability Hypothesis Density, PHD, gives a solution and recovers the
posterior density function approximately, [59]. Most traditional multi-target tracking
algorithms such as Multiple Hypothesis Tracking, MHT, [60] and the Joint Probabilistic
Data Association Filter, JPDAF, [61] involve explicit association between
measurements and targets. Recently, there has been increasing interest in using random
set theory to solve multi-target tracking. The multiple-target recursive Bayes filter,
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based on the random Finite Set Statistics, FISST, is theoretically the optimal approach
to multiple-sensor multiple-target detection, tracking, and identification, [62].
The GM-PHD algorithm provides a closed form solution to the PHD filter suitable
to track multi-target movement assuming that the system is a linear Gaussian
system, [43]. The measurement of multiple targets in the tracking system can be
modelled by Random Finite Sets, RFS. The appearance of new objects can be described
as RFS of spontaneous births (i.e. independent of any existing target) or spawning from
an existing target. The GM-PHD algorithm estimates the number of targets and their
states at each point in time. The algorithm is a recursion consisting of two stages:
prediction and update.
The prediction stage estimates and produces a hypothesis about the new number and
state of targets at the current time based on previous stages and can be calculated using
the PHD. The PHD prediction stage depends on the intensity of the birth random finite
sets, the intensity due to existing targets and the intensity of the spawned target. The
expected number of targets can be estimated from the integration of the predicted
intensity over all surveillance regions. The corresponding target states can be found
from the peaks of the prediction intensity.
The update stage introduces the measurement information at the current time step to
refine the previous prediction. In this manner, the object detection has been finished, the
set of measurements of the multiple targets’ positions is available, and the state is
updated during this step. The update consists of two terms: the intensities of the
mis-detected targets and of the detected targets.
The implementations of the GM-PHD algorithm using RFID and vision sensors are
presented in Paper IV and VII respectively. The human tracking paradigm in the RFID
and vision sensor systems is shown in Figure 4.3. The tracking filter is based on prior
knowledge and observation. The observation can come from two systems separately. In
the RFID system, the target’s 3D position is calculated by the Levenber-Marquardt, LM,
algorithm by using the RSSs. In the vision system, the target’s position is calculated by
the 3D reconstruction algorithm. The vision tracking system gives a relatively accurate
human position prediction, but it requires an initial human position and is also limited by
the light condition, by obstacles and by a narrow camera FoV. Here, the coarsely
estimated target position produced by RFID can be used by a vision sensor to identify the
region of interest or the targets’ initial position. In the case when a vision system is
disabled or limited, the target can still be tracked by an RFID sensor system.
In RFID systems, the target tag RSS is extracted from the readers. This depends on
the distance between the tag, the reader’s antennas and the propagation environment.
From the received tag’s RSSs, the distances from a tag to the readers can be calculated.
In practice, the calculated distances are contaminated by noise so the optimization
algorithm needs to be applied. The steps of implementation can be described as:


First, the state of the multiple targets’ positions can be measured by using the
LM algorithm from the RSS measured by the RFID readers.

 Secondly, the target position is predicted by the GM-PHD algorithm.
In the stereo vision system, the target position can be estimated using parallel stereo
vision sensors and the methods proposed in Chapter 3, such as triangulation or the
dithering algorithm. The implementation of the GM-PHD algorithm in the vision sensor
system can be divided into the following steps:
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First we obtain the 3D reconstructed target position.



Second, each target is assigned by a fixed label in order to maintain target
tracking continuation in the GM-PHD algorithm.



Finally, the target position is predicted by the GM-PHD algorithm and the
target position is measured by the stereo vision sensors.

In the RFID system, the target is identified by means of the tag’s ID. This also makes
it possible to assign the target a label in the vision system. The combination of the human
tracking algorithm using RFID technology and the vision sensor system makes the IMSS
more stable and robust.
Left Image

Tag RSSs

LM Algorithm
1

Right Image

3D Reconstruction
Algorithm

Target 3D Position

2

Observation

Prior
Knowledge

Tracking Filter

Estimation

Figure 4.3. The human tracking paradigm in the RFID and vision system.

5

Validation and evaluation methods

Validation and evaluation are the processes used to confirm and/or assess a model or
method. To reliably validate the measurement method in relation to both human
perception and technological issues, it is important to include not only technical, but
also human and environmental aspects of the model or process. In this chapter, we
present two validation and evaluation methods for quantitative processes models, and
one evaluation method for a hybrid process model that includes quantitative and
qualitative factors. The validation method for 3D reconstruction presented in Paper II
and III, and the evaluation method of the tracking performance described in Paper VII,
are examples of quantitative methods. A hybrid evaluation method for image quality
that combines human factors into the quality assessment is proposed in Paper VIII.
To validate a 3D reconstruction method that improves depth measurement accuracy
is a complex process. The process can be simplified by applying a relative distance
measurement instead of an absolute depth measurement. The relative distance, that is
the information about the orders and/or ratios among objects’ distances in relation to
human vision depth perception, has been studied in the field of psychophysics. Ohtsuk
et al. have reported that the integration of relative distance cues into the other depth
perception cues, such as occlusion, convergence and aerial perspective, can improve
absolute distance perception, [63]. The measurement of the differential depth by two
un-calibrated cameras has been studied by Searle and Green, [64]. The idea in the
verification part of Papers II and III is to validate the depth reconstruction method by
measuring the differential depth.
Performance evaluation is an important issue in the design of a tracking algorithm.
Juang and Burlina [65] propose a performance evaluation of the GM-PHD filter used in
multi-target tracking by applying different levels of noise. The performance evaluation
of multi-target tracking based on the Wasserstein distance has been studied by Clark et
al., [43]. Furthermore, an evaluation of the multi-target tracking filter by applying a new
Optimal Sub-Pattern Assignment, OSPA, metric in the context of multiple-target missdistances has been introduced by Schuhmacher et al., [66]. In order to investigate how
the characteristics of human motion, such as speed and angular velocity, affect the
tracking filter performance, an evaluation of the GM-PHD filter tracking performance is
introduced in Paper VII. The advantage of the circular motion model is that the target
motion characteristics, in terms of speed and angular velocity, can be easily related to
the radius and measurement sampling rate.
When evaluating image quality, several multidimensional aspects need to be
considered. There are different image quality indices, depending on the application area.
Wang et al propose a universal image quality index that is based on the difference
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between a reference image and the measured image. It has been indicated that the index
correlates with the human visual system and thus with human assessment, [20], [21].

5.1 Validation method of the depth reconstruction
The accuracy of the depth reconstruction depends on many factors, such as the stereo
baseline length, the focal length and the camera sensor resolution. It is crucial to find a
method that reduces the depth reconstruction uncertainty, e.g. the method presented in
Paper II and III. To validate this novel 3D reconstruction method, we propose to
measure the differential depth between two target points A and B instead of measuring
the absolute distance.
The reconstructed quantised depth of a target point is the distance from the baseline
to the target point computed from the discrete disparity found in a stereo image. The
quantised differential depth, ZAB, between two target points A and B from the stereo
images can be measured from the difference between the quantised depths ZA and ZB of
the target points A and B respectively. The Probability Distribution Function, PDF, of
the differential depth quantisation uncertainty can be described as the convolution of the
depth quantisation uncertainties ΔZA and ΔZB of the two target points A and B
respectively:
pZ AB   pZ A   pZ B  ,

(5.1)

where  denotes convolution.
The PDF of the depth quantised reconstruction uncertainty ΔZ, corresponding to an
interval between two iso-disparity lines, is defined as [67]:
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where ΔD is the pixel size and nt is an integer number representing the target disparity.
ΔZm is the maximum depth reconstruction uncertainty corresponding to the interval
between the iso-disparity surfaces. The focal lengths of the two cameras are assumed to
be the same and are denoted as f. The stereo camera baseline is denoted as b.
Figure 5.1 illustrates plots from equations (5.1) and (5.2). Here, the baseline length b
is 100 mm, the pixel size ΔD = 12.9 µm, and the focal length f = 25 mm. Figure 5.1(a)
shows the normalized PDF of the depth quantisation uncertainty of the target point A
located at a distance corresponding to the iso-disparity plane of number 100, and is
taken as a reference point in the following three study cases. These three study cases
consider three target points, B, B1 and B2, which correspond to the iso-disparity line
numbers of 110, 150 and 400, respectively.
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Figure 5.1. The PDF of the depth reconstruction uncertainty, (a) for point A
located at the iso-disparity plane with the number 100 (the depth ZA = 1.94 m),
and (b), (d), (f) for the points B, B1 and B2 located at the iso-disparity plane with
the numbers 110, 150 and 400, respectively (ZB = 1.76 m, ZB1 = 1.29 m, and
ZB2 = 0.48 m). The PDFs of the differential depth uncertainty between the point A
and the points B, B1 and B2 are illustrated in (c), (e) and (g) respectively.

The differential depth quantisation uncertainties for the three study cases are
presented in Figure 5.1 (c), (e) and (g), respectively. The uncertainty range is
normalized by the depth quantisation uncertainty at the reference point A reconstructed
with the greatest quantisation error. Figure 5.1 (b), (d) and (f) are plots of the
normalized PDFs of the depth quantisation uncertainty for the three target points B, B1
and B2 respectively. The differential depth is the distance between two target points
perpendicular to the baseline. The standard deviation σ of the uncertainty for each case
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Figure 5.2. The target grid position: (a) front view, (b) top view.

is indicated in the right corner of each figure. The range of the differential depth
quantisation uncertainty is the sum of the depth quantisation uncertainty ranges of the
two corresponding points.
The validation of the 3D reconstruction method accuracy is based on a comparison
of the measured quantised differential depth with a reference differential depth taken
from a grid pattern, e.g. as shown in Figure 5.2(a). If the target grid pattern is placed
parallel to the baseline, points A and B will have a zero differential depth. However, by
tilting the pattern with the angle α, a different reference differential depth is obtained.
The tilting angle, α, is adjusted with respect to a reference line that is parallel to the
baseline of the stereo system. If the distance between the two points on the grid, L, and
the angle α are known, the reference differential depth ZABr can be directly obtained by:
ZABr =L×sinα.
The measurement of the differential depth is relatively simple and accurate, and can
be used to validate the depth reconstruction methods. This validation method allows us
to get rid of the calibration problem and avoids the problem of measuring the distance
between the target and the centre of the lens.

5.2 A 3D spatial motion model for the tracking performance evaluation
The 3D circular motion characteristics of the target in terms of speed and angular
velocity can be used for the evaluation of the tracking filter performance. The
performance is measured in terms of a mean absolute error defined as the difference
between the prediction and the ground truth by means of the Wasserstein distance, [43].
Figure 5.3 illustrates the 3D circular motion test signal, where the target point δk-1, j
at the time k-1 represents the target j position in the 3D space. This target is assumed to
have moved to a new position δk, j at the time k. The target test motion trajectory can be
described as a circle with the centre O and the radius r. It is characterised by the
direction vector αk-1,j of the velocity of the target j in the 3-D space. The angle θk-1,j is
the angle between the motion direction and the YZ plane, and the angle φk-1,j is the angle
between the motion direction and the XY plane. Vector Vk-1,jαk-1,j denotes the velocity
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during the time k-1, where Vk-1,j is the speed (the absolute amplitude of velocity). The
target position δk, j during the circular motion can be approximated by:



 k , j   k 1, j  rk cos  k 1, j , sin k 1, j , sin  k 1, j



,

(5.3)

where ω is the angular velocity, r is the circular radius and Δk is the sample interval.
The target moves along the 3D spatial motion circle. The target motion speed is
constant at any point during the circular motion for the same radius and angular
velocity. The test motion speed can be described as rω. The angular shift per sample
interval is Δθ = 360/K, where K is a sampling rate. The ability of the filter to track
targets with increasing motion speed or angular velocity can be evaluated by changing
the radius r or the sampling rate K.
In order to evaluate the multi-tracking continuity, two targets whose trajectories
follow the 3D circular motion are proposed. The initial position δ0,j of target j in the 3D
space is shown in Figure 5.3 and described by:



 0, j  O  r j cos  0, j , sin  0, j , sin  0, j



,

(5.4)

where O=(Ox, Oy, Oz) is the circle centre, α0,j is an angle between the radius vector and
the YZ plane and β0,j is the angle between the radius vector and the XY plane. By
choosing the different initial angle to α0,j and β0,j, the two targets may approach each
other in the X, Y and Z dimensions, respectively. This causes occlusions in each
dimension, respectively. The two targets’ motion trajectories are shown in Figure 5.4.
Each target need to be assigned by a label. The two targets’ labels should be captured
throughout the whole tracking process. The label continuity maintained by the filter can
be verified when the occlusion happens.

5.3 The image quality evaluation method
The image quality evaluation method is an adaptive method consisting of both
quantitative and qualitative factors. The neural network is a suitable tool to integrate
these two factors. Image quality is characterized by quantitative features such as basic
properties (resolution, luminance, contrast and size), naturalness (sharpness, structure
and noisiness), and colourfulness (colour temperature, chroma and saturation).
However, the human assessment of the image quality depends also on many qualitative
factors such as personal background, physical environment, usefulness, tools, and
pattern representation, all related both to the target and to the human being.
Figure 5.5 illustrates the evaluation method of a quality index for a general product,
service or condition. The initial quality index is established by experts in the field. The
quantitative features’ initial weights, [α], used in the measurement of the quality index,
are based on the measurement uncertainty and relevance of each feature. Then, the
adaptive measurement method applies a training process of integrating the relationship
between the value of the quantitative features and the subjective human assessments
regarding quality.
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Figure 5.3. The illustration of the circular motion of the target
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Figure 5.4. The motion trajectories of two targets represented by red and green curves
respectively. (a) Left image plane view and (b) top view of the scene.

The adaptive image quality evaluation method can be divided into three steps:


First, we chose to classify the images according to different groups of
people. The groups’ assessments can be biased due to gender and/or because
they may have had previous experience with image processing. The
reconstructed quantified assessments are computed from the first three
principle components resulting from the application of Principle Components
Analysis, PCA. Next, the mean values of the reconstructed grades were taken
for each image within each group.



Second, the adaptive quality model based on the neural network is applied.
Three types of quantitative features are used during the training stage:
structure distortion ratio along with the two basic properties luminance
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distortion ratio and contrast distortion ratio. The model is trained on the
same image but with different disturbances.


Finally, after training the evaluation stage occurs. In our study, the quality
index evaluated by the neural network and the ranking produced by the
human judgments matched each other very well. Thus, based on the result
from Paper VIII, one can conclude that the model recognises different kinds
of disturbance.

Figure 5.5. A block diagram illustrating the quality evaluation method. Ellipses denote
representations of information, and rectangles denote process transformations from one
representation into another.

6

Summary

6.1 Overview of the papers
This chapter gives a brief summary of the eight papers included in the thesis. The
papers are related to three aspects: depth measurement, tracking and surveillance, and
evaluation and validation as described in Figure 1.4. The summary describes how the
studies were performed, the results obtained, and the conclusions drawn.
6.1.1

Paper I - Planning of a multiple sensor system for a human activities space
– aspects of iso-disparity surface

For a stereo pair of sensors, the 3D reconstructed space is quantised by the iso-disparity
surfaces and the depth reconstruction accuracy is defined by the intervals between the
iso-disparity surfaces. A mathematical geometry model is used to analyse the isodisparity surfaces. This model is the fundamental theory in depth reconstruction
uncertainty analysis and used in camera arrangements for tracking and surveillance. The
model can be used to dynamically adjust the positions, orientations and baseline lengths
of multiple stereo pairs of cameras in a 3D space in order to get sufficient visibility and
accuracy for surveillance, tracking, and 3D reconstruction. The iso-disparity surface is a
function of the baseline length, the focal lengths and the sensor pixel size for a general
parallel stereo pair with zooming. For a general convergent stereo pair, the iso-disparity
surface is also the function of the convergence angle. The depth reconstruction accuracy
is quantitatively analysed by the proposed model.
The presented analysis shows that the depth reconstruction accuracy varies more
significantly with respect to the target distance to the baseline, the baseline length, and
the focal length than in relation to the convergence angle. Small changes in the stereo
convergence angle do not affect the depth accuracy to any great degree, especially not
when the target is placed centrally. On the other hand, the convergence angle can have a
great impact on the shape of the iso-disparity curves and the size of the common FoV.
The proposed mathematical iso-disparity model makes it possible to perform a
reliable control of the iso-disparity curves’ shapes and intervals by applying the
system’s configuration and target properties.
6.1.2

Paper II - Depth reconstruction uncertainty analysis and improvement
– the dithering approach

The depth reconstruction uncertainty is the main topic of this paper and can be analysed
with the help of the iso-disparity surfaces. The paper describes the image quantisation
uncertainty model and gives out the distribution function of the disparity quantisation
uncertainty. The probability density function of the disparity quantisation uncertainty is
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a triangular distribution. This is a result of the convolution of two rectangular
distributions of the probability density functions of the left and right images’ horizontal
quantisation uncertainty. Furthermore, a mathematical model of the depth
reconstruction uncertainty used for analysis of the reconstruction uncertainty is
presented in the paper. A dithering algorithm is implemented to reduce the depth
reconstruction uncertainty and the algorithm’s theoretical background gives further
guidance for the generation of a dither signal. The discrete dither signals are estimated
by analysing the iso-disparity planes and then generated by controlling the stereo pair
baseline length and moving the new iso-disparity plane into the exact middle of the
previous iso-disparity planes. This gives optimal control of the camera movement in
respect to the quantisation uncertainty improvement. By applying a two-stage discrete
dithering signal and combining four images into four pairs of stereo images, the depth
of the target point can be estimated without bias.
In the paper, the presented model is also applied to the identification of a required
3D reconstruction space with defined accuracy. This application extends a target point
into a more realistic space.
The simulated statistical analysis of the depth reconstruction uncertainty reveals an
improvement of the depth reconstruction accuracy by 49.7%. The physical experiment
shows an improvement of the depth reconstruction accuracy by 36.2%. The differences
in results between the simulation and the physical experiment can be attributed to other
factors that the influence of the measurement. The results furthermore reveal that the
target-depth reconstruction uncertainty is reduced by half by the proposed algorithm.
6.1.3

Paper III - Applying dithering to improve depth measurement using a
sensor-shifted stereo camera

This paper introduces the use of sensor-shifted cameras in the stereo system and applies
the dithering algorithm to improve depth reconstruction. The sensor-shifted stereo
cameras give a large stereo common FoV for depth measurement, and do not require
stereo rectification during matching process which is normally required for convergent
stereo cameras. One more advantage is that this type of stereo cameras can reduce the
motion blur when using the dithering algorithm.
A mathematical model of the depth measurement using the sensor-shifted parallel
stereo system was developed. The model gives a function of the depth measurement
with respect to the sensor shift distance, the baseline length, and the focal length and
disparity. Furthermore, a dithering algorithm based on the depth measurement model is
presented in the paper. The dithering signal is generated by the sensor chip shift. Both
the synthetic and the physical experiments verify that applying dithering reduces the
depth reconstruction uncertainty by half compared to the direct method.
It is verified by simulation that the dither signal causes the iso-disparity surfaces to
shift in respect to their initial positions. The new position is in the middle of the isodisparity intervals before applying the dither signal. This can be interpreted to mean that
dithering can be applied to reduce the depth reconstruction uncertainty by half through a
multiple-stage measurement.
In the synthetic experiment, the enhancement was verified using computer
simulation. The depth reconstruction of the test target points using the dithering
algorithm shows improvement of the uncertainty since the reconstruction of the points
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forms iso-disparity lines with interval widths reduced by half for the dithering algorithm
when compared to the direct method. This improvement is confirmed by comparing the
histograms of the reconstruction error produced by both methods. This comparison
shows that the dithering algorithm reduces the span of the error distribution by half
when compared to the range obtained with the direct method. The depth reconstruction
improvement can also be observed in the 48.6% reduction in the standard deviation of
the reconstruction error for the simulation targets by the dithering algorithm.
The results of the physical experiment also show reconstruction improvement for all
test targets with an average of 49%, which is close to the theoretical value. For higher
experimental accuracy, the differential depth of the target pairs was used in the
validation experiment instead of the absolute depth of a single target.
6.1.4

Paper IV - RFID multi-target tracking using the probability hypothesis
density algorithm for a health care application

The investigation of multi-target tracking by an RFID system is proposed in this paper.
The system can still locate the multiple targets’ positions when the vision system is on
standby or the targets are obscured by obstacles. The tracking performance
improvement is accomplished by the application of the LM algorithm with the GMPHD filter.
An optimal algorithm to estimate the propagation factor in the radio propagation
channel model is first proposed in the paper. This provides the flexibility and robustness
needed to adjust the propagation factor to different environments. Secondly, the tagged
target position is estimated by the LM algorithm based on geometrical triangulation
calculation using the signal strength from readers. Finally, the GM-PHD filter is
implemented to track the target position which is estimated by the LM algorithm.
The ability of the GM-PHD algorithm for multi-target tracking is validated by
simulation and by real environment experiments. It is shown that the algorithm
successfully tracks multiple targets while using the RSSs of each tag. By using the LM
algorithm with the GM-PHD filter, the simulation and physical experiments show an
improvement of the mean value by 33% and 29%, respectively, and an improvement of
the standard deviation of 37% and 33%, respectively, when compared to using the LM
algorithm without the GM-PHD filter.
6.1.5

Paper V - Planning of a multi stereo visual sensor system for a human
activities space

In this paper, in order to get efficient visibility for surveillance, tracking, and 3D
reconstruction, a new approach to optimise the multiple stereo visual sensor
configurations is discussed. The optimisation is implemented by applying the camera,
the object, and the stereo pair constraints into the integer linear programming.
The camera’s 3D field of view is modelled by spherical coordinates, which speeds
up computation. The human target space is modelled as a tetrahedron. This model
allows for convenient extraction of the orientation of each surface, which in turn
guarantees good observability. The stereo pairs can be formulated by making use of the
greedy algorithm using stereo constraints to acquire all possible stereo pairs. By
analysis of the constraints, the minimum number of stereo pairs necessary to cover the
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entire target space and the camera pairs’ orientations are optimised by integer linear
programming.
The presented simulations were performed in order to obtain the optimal number of
stereo pairs along with the corresponding camera positions and orientations according to
the target location and the required constraints. The simulations proved that a set of two
pairs is sufficient to observe the human modelled as a tetrahedron, on the condition that
in each position all upward triangle surfaces are visible to at least one stereo pair.
6.1.6

Paper VI - Planning of a multi stereo visual sensor system - depth
accuracy and variable baseline approach

In this paper, the key factors that affect the accuracy of 3D reconstruction are analysed.
The paper argues that the convergence angle and the target distance significantly
influence the depth reconstruction accuracy. The depth accuracy constraint is
implemented in the model to control the stereo pair’s baseline length, position, and
orientation. The depth accuracy constraint guarantees a certain accuracy in the 3D
reconstruction. The reconstruction accuracy is verified by a cubic reconstruction
method.
The simulation results show that the cubic reconstruction method is useful when
verifying the reconstruction accuracy and essentially proves that the proposed method
of controlling the baseline length is functional. In order to follow the movement of the
target object, the camera’s movement distance constraint is applied in the optimisation
programme, and two-stage camera sampling is implemented. This two-stage camera
position sampling allows for flexible adjustment of the position ranges and intervals and
thus speeds up computation.
6.1.7

Paper VII - Evaluation of the GM-PHD filter for multi-target tracking
with a stereo vision system

The human movement property is one of the most influential factors in the filtertracking performance evaluation. The circular 3D spatial motion is modelled in a 3D
space by two key parameters, speed and angular velocity, which play key roles in
human movement and are useful for the evaluation of the filter tracking performance.
The advantage of the circular motion model is that the parameters of the target motion
and the measurement can be easily related to the radius and the measurement sampling
rate. This model is introduced as a test signal for the evaluation of the accuracy and
label continuity of the filter.
The GM-PHD filter for multi-target tracking is modelled and implemented in
MATLAB and validated by applying two random motion trajectories. The robustness of
the filter performance when occlusions occur during multi-target tracking is also
investigated in a simulated environment by using the human circular motion model.
This makes it possible to handle occlusion by gathering 3-D information from the
activities space. It is shown that the filter successfully tracks targets while maintaining
each target’s label and performs well even when one target is occluded by another one,
or when they cross each other.
The mean absolute error between the prediction and the ground truth in the tracking
shows that the GM-PHD filter performance depends on target motion speed and angular
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velocity, and that the tracking error is thus proportional to the motion speed and angular
velocity.
6.1.8

Paper VIII - An adaptive quality assessment system – aspect of human
factor and measurement uncertainty

This paper proposes a model of an adaptive system for image quality measurement. The
system can handle both qualitative and quantitative factors that are a part of the image
quality index. Furthermore, the proposed objective group classification method is useful
in cases when the quality assessment of different customers/user groups differs
significantly. As a modelling tool, the neural network is used. With the help of the
neural network, the system integrates the human qualitative judgement with quantitative
measurements to create a quantitative index.
The experiment results presented in the paper show that the quality index, QI,
estimated by the adaptive system and the human quantitative assessments matched each
other very well.

6.2 Conclusions
To assure that the proposed Intelligent Multi-Sensor System, IMSS, which is a highperformance autonomous distributed vision and information processing system, is
suitable for surveillance of a human activities space, many research problems, several of
which have been addressed in this thesis, must be resolved.
The depth reconstruction uncertainty problem has been approached from the point of
view of modelling, improvement methods, implementation and validation by
simulations and by real experiments. The proposed iso-disparity surfaces model
simplifies an evaluation of the measurement methods based on depth reconstruction.
This model facilitates a quantitative analysis of the depth reconstruction uncertainty and
can also be useful for improving the reconstruction uncertainty by controlling the
multiple stereo pairs’ positions, orientations, and baselines. Due to its robustness, the
iso-disparity surfaces model can be applied when surveying a moving target.
Signal processing methods can also help to reduce the depth measurement
uncertainty. For instance, the dithering algorithm is a suitable method to improve the
depth reconstruction accuracy. Fusing a few images taken by low-resolution sensors
leads to high resolution in the depth reconstruction. It has been proved that the depth
reconstruction uncertainty can be reduced by half by the dithering approach when
compared to the direct triangulation method. The dither signal is controlled by means of
the iso-disparity planes based on the stereo pair’s baseline length or sensor chip shift.
The proposed dither signal generated by the stereo setup with a stationary lens and a
micro-shifted sensor improves the accuracy of the 3D reconstruction and also reduces
the effect of motion blur when using the sensor-shifted stereo camera.
The GM-PHD algorithm implemented in the vision-sensor and in the RFID sensor
systems gives reliable and continual tracking of multiple targets. In the vision-sensor
system, the GM-PHD algorithm uses stereo images to track the target’s 3D position. In
the RFID system, the GM-PHD algorithm successfully tracks multiple targets while
using the RSSs. The GM-PHD algorithm estimates the target’s position more accurately
than the LM algorithm.
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The proposed surveillance algorithm implemented in a controllable multiple stereo
vision system controlled by the tracking signal guarantees that the target is observed
under efficient visibility and with the required depth reconstruction accuracy. Also,
application of the target space constraints and the stereo pairs’ properties improve the
surveillance accuracy. Here, integer linear programming is useful to minimise the
number of stereo pairs necessary to cover the entire target space under efficient
visibility and the required depth reconstruction accuracy. Furthermore, modelling the
human being as a tetrahedron is a convenient way to extract the orientation of each
surface and guarantees good observability.
The evaluation and validation methods applied to depth measurement, image quality
and tracking performance facilitate the comparative analysis of the proposed methods
and their improvements. The differential depth measurement between two target points
is recommended to verify the accurate improvement of this novel depth reconstruction
method. This validation method overcomes the difficulty of making an accurate
measurement of the absolute distance from a camera to the target. The measurement of
the differential depth is relatively simple to perform and gets rid of the calibration
problem.
The evaluation of the image quality by an adaptive method is introduced. It makes
use of the FDV which integrates the human factor into the evaluation of the image
quality. The model focuses on the human assessment of image quality. This is useful
when there is a lack of a clearly defined quantity or when there is no physical standard
to be used in calibration. The weights of each quantitative feature from the image, such
as the basic properties, the naturalness and the colourfulness, should be based on the
measurement uncertainty and on its relevance for quality assessment. The proposed
image quality assessment using an adaptive model integrates both quantitative and
qualitative factors. As an implementation tool, the neural network has been used.
The GM-PHD filter performance for multi-target tracking can be evaluated by
measuring a mean absolute error in the Wasserstein distance. The target movement
features such as speed and angular velocity play a key role in the evaluation of the
tracking algorithm performance. The evaluation can be accomplished by using a 3D
spatial circular movement as the test signal. For the circular motion model, the target
motion and its measure can be easily defined by the test signal parameters such as
radius and sampling rate. The quantitative analysis of the performance of the tracking
algorithm implemented in the stereo vision system is done by means of the absolute
error versus the target motion speed and the angular velocity. This proves that the
proposed test signal is suitable for performance evaluation.

6.3 Future research
The work presented in the thesis constitutes a first step towards advanced IMSS design.
There are many scientific problems and questions which have to be explored and further
developed to realise the advanced IMSS. Future work in this area can be categorized
into two branches: extension of IMSS applications and functions, and development of
new techniques and algorithms that improve IMSS performance.
It would be interesting and important to investigate the implementation possibility of
the reconstruction method for specific health care applications and motion
rehabilitation. Here, it may be possible to construct a 3D vision system able to support
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monitoring and subsequent correction of human motions when patients perform their
rehabilitative training. The analysis results can be used by physical therapists for further
diagnosis and rehabilitation planning. Another approach which can attract particular
attention is an ambulatory system used by elderly individuals in their own homes and
designed to detect abnormalities in their motions and to report these abnormalities to a
remote monitoring centre for further action. Such a system could even be implemented
for monitoring patients in health care institutes.
The idea of an adaptive quality model presented in Paper VIII is a promising starting
point for the introduction of the quantitative human factor into future vision systems.
Such a system by be able to learn human habits or recognize human health/mood
statuses and then apply this learning to the system’s decision stage which can then be
adapted to the personal character of the supported individual. As an example of an
application of the adaptive measurement model in quality assessment, the possibility of
an intelligent television can be explored. The IMSS can recognise, identify, and learn
the human preferences regarding the television screen’s colour, contrast, saturation, etc.
According to this person’s individual preferences, the system can then make decisions
regarding peripherals, automatically controlling the television’s settings and the
surrounding environment including lights, curtains, etc. Another application example is
how the adaptive system may find the proper stereo pair positions, orientations, and
image processing algorithms to improve the image quality for health/mood monitoring
and diagnostics applications. The adaptive measurement method related to quality can
be applied to the 3D reconstruction accuracy strategy, which can then be adjusted
according to both human and environmental factors.
The modelling of a human being for tracking purposes gives a large number of
possible extensions of the research work. It is, for example, possible to use the human
geometry model proposed in this thesis to distinguish the front or facial side of the
human being from the back side, something that generally requires higher resolution in
a 3D reconstruction.
The fusion of information from multi-sensor and multi-source systems is an
interesting topic to study. The required information needs to be systematically and
efficiently interpreted from a large volume of information which is acquired from
different sensors and with different degrees of uncertainty. The fusion system can
dynamically extract the relevant sensory data for a given purpose and within a specified
time period.
The multi-target tracking algorithm used when the target is occluded for a long
period of time needs further development. The usage of multiple cameras to solve
occlusion problems in motion tracking that employs the GM-PHD filter seems to be a
useful way to address this problem.
Future research could also focus on the integration of the vision and RFID systems.
In particular, studies may focus on the way that the tag position measured by the vision
system may be used as a reference to calibrate the RFID system to adjust the radio
propagation factor according to changes in the environment.
During our research, it became apparent that the sensor-shifted micro movement
caused by the dither signal affected not only the projection position of the target point
but also changed the image pixel intensity of this point. This suggests that the projection
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image pixel intensity change can be combined into the depth reconstruction using the
dithering algorithm, thus achieving a more accurate depth reconstruction.
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Abstract
The Intelligent Vision Agent System, IVAS, is a system for automatic target detection,
identification and information processing for use in human activities surveillance. This
system consists of multiple sensors, and with control of their deployment and
autonomous servo. Finding the optimal configuration for these sensors in order to
capture the target objects and their environment to a required specification is a crucial
problem. With a stereo pair of sensors, the 3D space can be discretized by an isodisparity surface, and the depth reconstruction accuracy of the space is closely related to
the iso-disparity curve positions. This paper presents a method to enable planning the
position of these multiple stereo sensors in indoor environments. The proposed method
is a mathematical geometry model, used to analyze the iso-disparity surface. We will
show that the distribution of the iso-disparity surface and the depth reconstruction
accuracy are controllable by the parameters of such model. This model can be used to
dynamically adjust the positions, poses and baseline lengths of multiple stereo pairs of
cameras in 3D space in order to get sufficient visibility and accuracy for surveillance
tracking and 3D reconstruction. We implement the model and present uncertainty maps
of depth reconstruction calculated while varying the baseline length, focal length, stereo
convergence angle and sensor pixel length. The results of these experiments show how
the depth reconstruction uncertainty depends on stereo pair’s baseline length, zooming
and sensor physical properties.
Keywords: Iso-disparity Surface, Multiple Surveillance Sensors, Stereo Vision, Sensor
Configuration, 3D Reconstruction.

1.

Introduction

The human ability to process visual information may be extended with the help of
advanced technologies. The Intelligent Vision Agent System, IVAS, is one such highperformance autonomous distributed vision and information processing system. The
system involves collecting data with different levels of speed and accuracy, in order to
reconstruct 3D information for security, health care, and surveillance applications. The
system is able to focus on the important and informative parts of a visual scene by
dynamically controlling the pan-tilt-zoom of a stereo pair. For such a system, the critical
problem is to find the optimal configurations of sensors and to gain the required level of
reconstruction accuracy. The stereo pair camera’s profile, such as baseline length,
convergence angle, pixel size, and focal lengths, are the most influential factors in
determining the accuracy of 3D reconstruction. The effect of these parameters on the
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3D reconstruction can be analyzed from the shapes and positions of the iso-disparity
surfaces in 3D space.
The shape of the iso-disparity surfaces for general stereo configurations was first
studied by Pollefeys et al., [1]. They described how the iso-disparity surfaces
characterize the uncertainty and discretization in stereo reconstruction. A qualitative
analysis of iso-disparity curves is also given. Although the geometry of these surfaces is
well known in the standard stereo case, i.e. the front-parallel camera, there is a lack of
analysis for the general stereo configuration. Also, the quantitative analysis of the isodisparity surfaces has not often been studied.
This paper presents the iso-disparity surface geometry model, which is important in
optimizing the stereo pair’s configuration and in precisely anticipating the depth
reconstruction accuracy. In addition, the model can also be used to make assumptions
for many stereo algorithms, since these algorithms make hypothesis relying on the
disparity range, i.e. the matching algorithm, [2]. In active vision, by estimating the
disparity, control of the stereo convergence angle has already been introduced, [3]. The
iso-disparity geometry model in active vision can help to select the disparity range
according to surface geometry of the target.
Consideration of the iso-disparity when calculating the reconstruction uncertainty
has been discussed by Völpel and Theimer, [4], where the disparity is considered in the
x- and y- direction without using the epipolar geometry approach. In this paper, the
disparity is defined along the epipolar line and the reconstruction uncertainty problem is
solved by the iso-disparity geometry equations. This can be applied in more general
cases.
A simple factor which helps to control the depth reconstruction accuracy is
introduced in [5]. This paper improves the analysis of depth reconstruction accuracy
into the stereo pair’s Field of View, FoV. This paper also considers the adjustment of
stereo baseline for one stereo pair with a view to improving the depth reconstruction
accuracy. The dynamic adjustment of stereo baseline for a parallel stereo pair was
introduced in [6].

2.

Definitions and problem formulation

The depth reconstruction accuracy can be controlled by adjusting the intervals of isodisparity surface. This gives the possibility of planning a multiple sensor system, which
can be implemented to observe human activities in 3D space with the required depth
accuracy.
2.1 Definitions
Similar to the human eyes, stereo vision observes the world from different points of
view. Two images are needed which are the fused to obtain a depth perception of the
world. Any point in the world scene is captured in these two images as corresponding
points which lie on the corresponding epipolar lines. It is necessary to define three terms
related to the depth reconstruction: disparity, depth reconstruction uncertainty and depth
reconstruction accuracy.
Disparity in this paper refers to the displacement of corresponding points along the
corresponding epipolar lines for a common scene point, [1]. In the case where epipolar
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lines are horizontal the disparity is measured directly from the difference of the
corresponding points’ coordinates. The inverse projection of all possible image points
with the same disparity will reconstruct the iso-disparity surfaces in 3D space.
Depth reconstruction uncertainty is defined as the intervals between discrete isodisparity surfaces due to the discrete sensor. The depth reconstruction accuracy is the
inverse of the depth reconstruction uncertainty.
2.2 Problem statement and main contributions
The depth reconstruction may be calculated from a stereo pair with an accuracy
determined by the system configuration. The system configuration is defined by sensor
resolution (pixel size), focal lengths, baseline length and convergence angle. To get a
more accurate depth reconstruction, the stereo configuration can be adjusted within its
limits. The proposed models are limited to a general parallel stereo pair with zooming
and the convergence stereo pair.
The main contributions of the paper can be summarized as follows:

3.



To model the iso-disparity surfaces for a general parallel stereo pair with
zooming, as function of the baseline length, focal lengths and sensor pixel size.



To model the iso-disparity surfaces for a general convergence stereo pair as
function of the baseline length, convergence angle, focal length and sensor pixel
size.



Using iso-disparity geometry surfaces to quantitatively analyze the depth
reconstruction accuracy.

Problem analysis

The iso-disparity surfaces of a stereo pair may be simulated using synthetic methods.
However such simulation is time consuming, and for planning real-time multi sensor
system an easy mathematical model of the iso-disparity surfaces is needed.
There are two configurations for a stereo pair in common use. The first one is a
parallel stereo pair in which the optical axes of the cameras are parallel. The cameras
may have the same focal lengths or their focal lengths may be different, e.g. to get better
reconstruction accuracy of a target placed at the boundaries of cameras’ field of view.
The second common configuration is a convergence stereo pair, where the optical axes
cross at a fixation point. The simple mathematical models of iso-disparity surfaces for
these configurations are analyzed in this chapter.
3.1 The iso-disparity surface of a parallel stereo pair
From the geometry of a parallel stereo pair, two cameras with parallel optical axes, with
different focal lengths for left and right camera, fL and fR respectively, the iso-disparity
plane for disparity nD can be defined as:
z ( x, n) 

fL  fR
B
x
( fL  fR ) ,
nD
2nD

(1)

where B is baseline length, n is integer number, D is the disparity resolution. The
planes are shown as the thin green lines in Fig. 1(a) and Fig. 1(c).
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All the iso-disparity planes intersect with the xy-plane (the stereo pair baseline is a
part of x-axis), and converge to the straight line:

x

B fL  fR
,
2 fR  fL

z0

( fL  fR ) .

(2)

It is clear from equation (1) that when the focal lengths are equal fL=fR=f, z is
independent of x and the iso-disparity planes are parallel to xy-plane, see the thin green
lines in Fig. 1(b).
From the inverse projection of image points and the triangulation method, using the
Epipolar Geometry Toolbox, [7], we can get the synthetic iso-disparity surfaces. Fig. 1
shows the synthetic disparity surfaces (the bold red lines) and the plots from equation (1)
(the thin green lines). Here the baseline length B is 30 cm and the disparity resolution
D=0.04 cm, or ten sensor pixel lengths where p=0.004 cm. Fig. 1(a) and Fig. 1(c) are
plotted for the parallel stereo pair with different focal lengths. The parallel iso-disparity
planes for parallel stereo pairs with same focal lengths are shown in Fig. 1(b). The
synthetic simulation and calculating the equation give the same results.
3.2 The iso-disparity surface of convergence stereo pair
Let us consider two cameras with a convergence angle c, where cL0=cR0=c for the
left and right camera respectively, with the angles rotated inwards to achieve a fixation
point FP0, as in Fig. 2. If the point TP0 lies on the baseline’s axis of symmetry, then the
angles, (L0, R0), are the angles between the visual lines and a line perpendicular to the
baseline. The zero disparity circle is defined by the fixation point and the left and right
camera position points CL and CR. This circle is known as Vieth-Müller circle, and is a
projection of the horopter, [8].
The iso-disparity surface is a cylinder whose cross section on the xz-plane is a conic
that passes through both the centers of projection CL, and CR, and the point M. M is a
point imagined at infinity in both images, which can be obtained from the intersection
of the normals to the optical axes, going through the projection centrals, [1]. It is
possible to prove that for the case when cL0,=cR0=c, the conic is an ellipse. We need
to define the ellipse’s five degrees of freedom. Three of these are determined by the
points CL, CR and M. One of the two remaining degrees is related to the point TP0 with
the disparity nD. The relationship between disparity nD and focal lengths fL and fR
for left and right cameras respectively, is the last required degree of freedom. If the
disparity nD and focal lengths fL and fR are known, the unique ellipse can be
determined.
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z
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z
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Fig. 1. Iso-disparity planes for parallel stereo pair from synthetic (bold red line) and a plot
of the mathematical model from equation (1). The lines are plotted with steps of 10 pixels.
(a) Cameras with different focal lengths, fL = 3.5 cm, fR = 3.0 cm for left and right camera
respectively. The convergence point is (-195 cm, 0) on xz-plane. (b) Cameras with the same
focal length of 3.25 cm. (c) Cameras with different focal lengths fL = 3.0 cm, and fR = 3.5 cm
for left and right cameras respectively, the convergence point is (195 cm, 0) on xz-plane.

The iso-disparity surface of discrete disparity nD for a convergence stereo pair
(CL, CR) with the same focal length f and same convergence angles cL0,=cR0=c,
describes a cylinder, the ellipses being cross sections of this cylinder on the xz-plane
with centres in 0e(x0e(n), z0e(n)):

x  x0e n2 z  z 0e n2
a2



b2

 1.

(3)

Z
TP0
L0 R0

FP0

Iso-dispairty
curves

 cL0  cR0
 cL0
f

 cR0

z0

CR

CL
B

f

X

M
Fig. 2. An example of the iso-disparity curves for the convergence stereo pair in the plane
defined by the cameras optical axes. z0 is the distance from the fixation point to the baseline,
f is the focal length.
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For the chosen coordinates x0e=0 and z0e=b-Btanc/2:
2

 
B

 z   b  tan  c  
2
2
x

 

 1,
2
2
a
b

(4)

where B is the baseline length and c is the stereo convergence angle. The ellipse halfaxis along the z-axis b(n,D,B,f,c) depends on the discrete disparity nD, baseline
length B, focus length f and convergence angle c and is described as:

B
2
b
nD
sin 2 c 
cos 2  c
f

.

(5)

The ellipse half-axis along the x-axis a(n,D,B,f,c) can be found from the relationship:

nD
tan  c
tan  c
2f
b

   tan  c
,
nD
tan c
a
tan  c 
2f
1

2

(6)

where c = L0 = R0.
The result of the synthetic stereo pair simulation with a baseline length 50 cm, focal
lengths 2.5 cm and disparity resolution D=0.04 cm is shown in Fig. 3. The synthetic
iso-disparity surfaces (bold red lines) can be compared with ellipses from the equations
(4)-(6) (thin green lines). Fig. 3 shows both the synthetic iso-disparity surfaces and the
ellipses from the equation (4) in 3D space, in perspective view in Fig. 3(a) and top view

(a)

(b)

Fig. 3. Simulation results of iso-disparity surfaces for a stereo pair from the synthetic model
(bold red line) and mathematical model from equation (4) (green line) with convergence
angle, c=4, the baseline length B=40 cm, the focal lengths f=2.5 cm and disparity
resolution D=0.04 cm (a) perspective view, and (b) top view.
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in Fig. 3(b). Both results match each other perfectly.

4.

Approach

Since the gaps between iso-disparity surfaces represent the discretization uncertainty in
3D space, we can generate a 3D depth reconstruction uncertainty map of a particular
stereo pair’s configuration using the iso-disparity surface geometry equations (4)-(6).
Also, it is possible to generate such a map in 2D on the optical axes plane. This map can
be used for the optimization of the stereo setup configuration. Generation of the 2D
uncertainty map for a stereo pair configuration can be done in the following three steps.
Firstly, the plane has to be covered by the stereo pair’s FoV, [9]. The area is
sampled using small grids covered by the stereo pair.
Secondly, an iso-disparity curve on the optical axes plane should be calculated,
passing through each grid point. Knowing that the curve will have a canonical shape,
five points are needed. Two of these points can be the grid point and its symmetrical
point, with respect to the symmetry axis of the baseline. The three others points are CL,
CR and M. For a convergent stereo pair, the ellipse axes a and b can be found using the
ellipse fitting algorithm, [10]. Then using equation (5), the two closest ellipses with
discrete disparity values nD and (n+1)D respectively, can be found, where the
disparity resolution D is one sensor pixel length.
Finally, the depth reconstruction uncertainty can be calculated as the interval
between the iso-disparity surfaces, with the disparity values, nD and (n+1)D as the
distance between the intersections of these two iso-disparity surfaces, and the line
through the grid point and M.

5.

Results

The simulations presented were performed in MATLAB 7.0, and cover a rectangular
area of (800 cm  800 cm). This case study illustrates how depth reconstruction
uncertainty in stereo coverage varies with the target distance for a given stereo baseline
length, focal length, and sensor pixel length. The results are presented in Fig. 4, where
the cameras optical axes are in the xz-plane. The depth reconstruction uncertainty is
specified by the positive y-axis of the coordinate. However, this uncertainty analysis
shows only the area covered by the stereo pair’s FoV. To scale the uncertainty on the
optical axes plane, a colour map is used. The lowest uncertainty is indicated by the blue
colour and the highest uncertainty by the red colour. In order to increase the readability
of the iso-disparity curves, the contour is plotted with ten pixel lengths disparity
resolution. The map of the iso-disparity curves is generated with baseline length 40 cm,
focal length 3.5 cm and pixel length p=0.004 cm, stereo convergence angle, c=4 and
the FoV is approximately 54. This case study proves that the depth reconstruction
uncertainty increases as the distance to the target increases.
To show the discrete properties of depth reconstruction uncertainty, the map of the
iso-disparity curves with suitable baseline length and pixel length is shown in the Fig. 5.
The figure shows only half of FoV, with a cross section along the ellipses’ axes
perpendicular to the baseline. The discretization step increases with the target distance.
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An exact illustration as to how the depth reconstruction uncertainty varies with the
baseline lengths, focal lengths, sensor pixel length and stereo convergence angle, is
shown in Fig. 6 and Fig. 7. Fig. 6(a) shows that the relative depth reconstruction
uncertainty, relative to the target distance, decreases when the baseline length increases.
The relative uncertainty decreases slowly for a baseline above about 40 cm. Its
minimum value tends to be constantly between 0.5% and 1.5% for target distances of
200 cm and 800 cm respectively. At the same time, for a baseline of about 10 cm, the
uncertainty varies between 10% and 2.5% for the respective target distances.
The change of the relative uncertainty versus the focal length is similar to that of the
baseline length; see Fig. 6(b). For a focal length of longer than 3.5 cm the increase of
the uncertainty is relatively slow. Its minimum tends to be constantly between 1.5% and
0.4% for target distances of 200 cm and 800 cm respectively. Meanwhile, for a focal
length of 1 cm, the uncertainty varies between about 9% and 2% for the respective
target distances.
Furthermore, Fig. 7(a) illustrates the linearly relation of the relative uncertainty and
the sensor pixel length. Within the range from 0.001 cm to 0.006 cm, the relative
uncertainty varies from 0.2% to 3.5% and depends also on the target distance.

Fig. 4. The depth reconstruction uncertainty map for a stereo pair’s FoV, where B=40 cm,
f=3.5 cm, p=0.004 cm.
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Fig. 5. The depth reconstruction uncertainty map for a stereo pair’s half FoV, where
B=20 cm, f=3.5 cm, p=0.008 cm.

Fig. 7(b) shows that the stereo convergence angle has a slight influence on the
uncertainty but this also depends on the target distance.
Fig. 8(a) and Fig. 8(b) illustrate the variation of the uncertainty when both the focal
length and the baseline length are changed for two different target distances, 200 cm
and 600 cm, respectively. The uncertainty increases significantly when the baseline
length decreases below 40 cm, independent of the location of the target within the FoV.

(a)

(b)

Fig. 6. The uncertainty varies with the baseline length, focal length, sensor pixel length, and
stereo convergence angle. The distance from the target to the camera is 800 cm, 600 cm,
400 cm and 200 cm, respectively. They are marked by different type of lines. The uncertainty
varies with (a) the baseline length; (b) the focal length.
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(a)

(b)

Fig. 7. The uncertainty varies with the baseline length, focal length, sensor pixel length, and
stereo convergence angle. The distance from the target to the camera is 800 cm, 600 cm,
400 cm and 200 cm, respectively. They are marked by different type of lines. The uncertainty
varies with (a) the sensor pixel sizes; (b) the convergence angle.

Also, a significant increase in the uncertainty is visible for a focal length below 3.5 cm.
The relative accuracy is similar for a target located in different positions, but its
absolute value is more significant for a target further from the stereo pair. In order to
fulfil the reconstruction accuracy requirement for a faraway target, the focal length or
baseline has to be adjusted. A longer focal length can be used to compensate for a
shorter baseline. And also, in general, the longer the baseline is, the more difficult the
matching becomes.

6.

Conclusion

The planning and control of multi stereo pairs’ baselines, positions and poses for

(a)

(b)

Fig. 8. The uncertainty varies with both the focal length and the baseline length. The focal
lengths are 2 cm, 3.5 cm and 5 cm, respectively, marked by different type of lines. The target is
(a) 200 cm; (b) 600 cm faraway from the camera.
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surveillance and tracking purposes, e.g. in supermarkets, museums, the home
environment, and especially in situations which require stereo data to reconstruct 3D
with a required accuracy, are possible fields of application. The proposed approach may
be used in the dynamic control of stereo pair’s baseline, and cameras’ corresponding
positions and poses, to observe a moving target.
The analysis presented shows that the depth reconstruction accuracy varies more
significantly with respect to the target distance to baseline, baseline length and focal
length than to the convergence angle. Small changes in stereo convergence angle do not
affect the depth accuracy overly much, especially when the target is placed centrally.
On the other hand it can have a great impact on the shape of the iso-disparity curves.
From the proposed iso-disparity mathematical model we can get reliable control of the
iso-disparity curves’ shapes and intervals by using the systems configuration and target
properties.
To achieve a more accurate 3D reconstruction of the target, it is better to bring the
target to an area with a small depth reconstruction uncertainty. Furthermore, the
controllable disparity distribution can determine and verify the assumptions which are
used in stereo algorithms.
Future work could focus on the dynamical adjustment of the configuration of a
stereo pair according to the target shape and position. The iso-disparity geometry model
could also be used as a guide for stereo rectification or matching.
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Abstract
The depth spatial quantization uncertainty is one of the factors which influence the
depth reconstruction accuracy caused by a discrete sensor. This paper discusses the
quantization uncertainty distribution, introduces a mathematical model of the
uncertainty interval range, and analyzes the movements of the sensors in an Intelligent
Vision Agent System. Such a system makes use of multiple sensors which control the
deployment and autonomous servo of the system. This paper proposes a dithering
algorithm which reduces the depth reconstruction uncertainty. The algorithm assures
high accuracy from a few images taken by low-resolution sensors. The dither signal is
estimated and then generated through an analysis of the iso-disparity planes. The signal
allows for control of the camera movement. The proposed approach is validated and
compared with a direct triangulation method. The simulation results are reported in
terms of depth reconstruction error statistics. The physical experiment shows that the
dithering method reduces the depth reconstruction error.
Keywords: Depth Reconstruction, Quantization Uncertainty, Dither, Iso-disparity Planes.

1.

Introduction

The human ability to process visual information may be extended with the help of some
advanced technologies. The Intelligent Vision Agent System, IVAS, is one such highperformance autonomous distributed vision and information processing system, [1]. The
system collects data in order to reconstruct 3D information for security, health care,
medical and surveillance applications, and so on. It focuses on the important and
informative parts of a visual scene by dynamically controlling the pan-tilt-zoom of a
stereo pair. For such a system, the critical problem is to find the optimal configurations
of sensors and to gain the required reconstruction accuracy. By adjusting the stereo
pair’s profile, such as baseline, convergence angle, focal lengths and pixel size, the
depth reconstruction accuracy can be improved, [2], [3]. When determining the
accuracy of 3D reconstruction, depth spatial quantization is one of the most influential
factors. This type of factor cannot be reduced even in more accurate measurements. For
instance, increasing the image resolution by reducing the sensor pixel size is of limited
use since the signal-to-noise ratio, SNR, is then reduced, and also because of the
restricted sensitivity of the sensor itself. The selection of an optimal sensor pixel size is
discussed by Chen et al., [4].
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How to reconstruct a super-resolution image from the low-resolution images has
been the focus of much research in recent years. To overcome the digital camera sensor
pixel size limitation, attempts have been made to combine the information from a set of
slightly different low-resolution images of the same scene and use them to construct a
higher-resolution image. The methods used can be categorized as belonging to
frequency domain analysis, statistical analysis, and the geometrical interpolation
approach, [5], [6]. Francisco and Bergholm introduced a method whereby the stereo
vergence could be changed by shifting the camera sensor chip, [7]. Also, Ben-Ezra et al.
proposed a jitter camera to minimize the motion blur in the reconstruction of video
super-resolution, [8]. The quantization uncertainty of depth reconstruction for parallel
and convergence stereo cameras is discussed by Chen et al., [9]. However, there has
been little work on reducing the depth reconstruction uncertainty based on a
combination of low-resolution images. In this paper, the dithering algorithm combines
dithering and iso-disparity analyses to find the optimal number of low-resolution images
used to reduce the depth reconstruction uncertainty.
Dithering is a well-known technique that is applied in analogue-to-digital
converters, ADCs. To control the output error, a proper dither signal is added to the
sequence before the quantizer. A mathematical model of dithered quantization was
introduced by Wannamaker et al., [10], [11], Wagdy, [12], and Carbone and Petri, [13],
and demonstrated that the system resolution decreased below the least significant bit.
Although the ADCs analysis is performed in the time domain, our case requires that the
depth reconstruction is analyzed, and the dither signal added, in the space domain.
For instance, many astronomical cameras use the dithering method, which in this
case involves multiple exposures of the same field with small shifts between the
exposures. This feature enables reconstruction of some of the information which has
been lost because of the digital camera’s discretization, [14]. In relation to this,
Yang, [15], has addressed the problem that the quantization error becomes serious when
the size of the pixel is significant compared to the allowable measurement tolerance. In
his paper, the error analysis and sensor position optimization for the inspection of the
edge line are explored. Liu and Ehrich, [16], also use dithering to locate a subpixel edge
in a binary image. Klarquist and Bovik, [17], presented a vergent active stereo vision
system to recover a high depth resolution by accumulating and integrating a
multiresolution map of the surface depth over multiple successive fixations.
In general, pixels of camera sensor are uniformly distributed in a two dimensional
array. The projection of each 3D point in the scene is approximated to the center of the
nearest pixel; the resulting error is referred to as a quantization error. In stereo, the
quantization error generates an uncertainty in the depth estimation at each 3D point.
Basu and Shabi, [18], have introduced a model using stereo cameras with a non-uniform
resolution sensor based on an optimal estimation of the 3D points’ locations.
Furthermore, Kil et al., [19], have used a laser scanner to reconstruct a high resolution
3D image of the target surface using hundreds of lower resolution scans as inputs. The
lower resolution scans are randomly shifted, so that each of them has contributed
information to the final model. The limitation of this approach is that a huge number of
scans are required as inputs, and the improvement in accuracy cannot be controlled.
Unlike Kil et al.’s approach, the algorithm proposed in this paper can control the depth
reconstruction uncertainty. Farid, [20], introduced a method whereby the depth can be
determined by placing a variable opacity optical attenuation mask directly in front of a
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camera lens. The small continuum of viewpoints’ change can be achieved by the choice
of non uniformed masks as opposed to the discrete views obtained by shifting the
cameras. The fast computation and the avoidance of correspondence points matching
calculation that characterize the proposed approach can be amenable to a real-time
implementation of the proposed algorithm based on shifting cameras in future work.

2.

Problem statement and main contributions

2.1 Problem statement
At least two images are needed to obtain a depth map of the world, the accuracy of
which is limited by the camera sensor resolution. When a digital camera takes an image,
the scene perspective is projected onto a sensor plane. The sensor elements are arranged
into two-dimensional arrays to represent the scene. The coordinates of the image are
discrete and the resolution is in pixels. This leads to a depth reconstruction quantization
uncertainty in the representation of the spatial position of a scene. The depth
reconstruction uncertainty depends on the pixel size, [9], and becomes a serious issue
when the pixel size is large compared to the allowable tolerance in the depth
reconstruction. Therefore, it becomes crucial to find a method that can help reduce the
depth reconstruction uncertainty. The proposed algorithm overcomes the sensor
resolution limitation and enables more accurate depth reconstruction based on the
dithering method. This makes it possible to plan a multiple sensor system which can be
implemented and help observe a target object in 3D space with the required depth
accuracy.
2.2 Main contributions
This paper contributes to current research by:

3.



Analyzing the depth reconstruction uncertainty distribution;



Providing a method and its mathematical model that reduces the depth
uncertainty;



Estimating and generating discrete dither signals by an analysis of the isodisparity planes;



Identifying an accepted 3D reconstruction space with defined accuracy;



Implementing a simple and robust dithering algorithm that significantly reduces
the depth reconstruction quantization uncertainty.



Identifying an accepted 3D reconstruction space with defined accuracy;

Problem analysis

Depth reconstruction may be calculated from stereo pair cameras with an accuracy
determined by the system configuration, which is defined by the sensor pixel resolution
Δ (a square pixel of the size Δ×Δ), the focal length f, and the baseline length, B, for a
general parallel stereo pair. To get a more accurate depth reconstruction, the stereo
configuration can be adjusted within its limits. Since the quantization uncertainty is
caused by the properties of a digital sensor, a dithering method is a suitable method to
improve the depth reconstruction accuracy.
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3.1 The stereo pair geometric model and the image quantization uncertainty
Let us consider two cameras with parallel optical axes. The pinhole camera model is
used. The 3D cameras’ space coordinates are shown in Fig.1 and their origin is located
in the middle of the two cameras. The positive Z-axis has the same direction and is
parallel with the cameras’ optical axes. The distance between the camera centers Cl and
Cr is the baseline length B and the cameras have the same focal length f. For a given 3D
scene point, its projections onto the left and right image planes are (xl, yl) and (xr, yr)
respectively. However, the projection points are approximated by the pixel centers on
the left and right image, and denoted (xQl, yQl) and (xQr, yQr) for the left and the right
camera respectively. The difference between the approximate and the exact projections
is the image quantization uncertainty. The image quantization uncertainties for the left
and right images are (qhl, qvl) and (qhr, qvr), which can be denoted as (qh, qv) in the
horizontal and vertical directions respectively.
The quantized depth of a target point, Znt, is the distance from the baseline to the
target point computed from the image matrix. From the geometry of a parallel stereo
pair with the same focal length f, the quantized depth can be obtained from:
Z nt 

Bf
xQl  xQr Δ



Bf
,
nt Δ

(1)

T(Xt, Yt, Zt)

Optical axis

Optical axis
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qvr
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Fig. 1. Parallel stereo pair geometry and the image quantization uncertainty model.
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where B is the baseline length, nt is a target point disparity which is an integer number,
calculated from nt = xQl - xQr, and  is a pixel size. For a parallel stereo pair, the
disparity nt is a measure of the displacement of the corresponding projection points
along image coordinates on the x-axis for a common scene point. It should be noted that
the depth reconstruction uncertainty is directly related to the horizontal image
coordinate. In this paper, we only focus on the one dimension uncertainty analysis
which is along the horizontal image coordinate. From the perspective projection of a
target point, T (Xt,Yt,Zt) onto the left and right images, the positions of the image
coordinates on the ximl and ximr axes can be obtained from:
xl 

f 
B
 Xt  
Zt 
2

xr 

f 
B
 Xt   .
Zt 
2

(2)

These two exact projections xl and xr are approximated as xQl and xQr since the camera
sensors can be considered as mid-tread quantizers. Since further analysis focuses on
general quantization formulae (2), xl and xr are denoted as xc. In general, the image
quantization uncertainty consists of two components, one in the horizontal and one in
the vertical direction. The uncertainties in the vertical direction for the rectified left and
right images are the same. In our approach, we are interested only in the horizontal
component, which we name the image horizontal quantization uncertainty, qh, and
describe as:
q h x c  

x
Δ
 Δ c  0.5
2
Δ

,

(3)

where the symbol  denotes the fractional part. The sawtooth-shaped function (3) is a
periodical function of xc with the period, Δ, and can be expressed as a Fourier series,
[21]:
q h  xc  
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 k  1k sin 2k
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Δ

(4)

3.2 Disparity and the depth reconstruction quantization uncertainty
The point in space is projected onto the point on the image plane. The image horizontal
coordinate of this point is quantized with the uniform image horizontal quantization
uncertainty, qh, of the range ±Δ/2. Assuming that the quantization uncertainties of the
left and right images are uncorrelated, [22], the probability density functions, PDFs, of
the image horizontal quantization uncertainties, phl and phr, for the left and right images
respectively are:
1

 p hl q hl   Δ

1
 p hr q hr  
Δ


Δ
Δ
 q hl 
2
2
Δ
Δ
where   q hr 
2
2
where 

,

(5)

where qhl and qhr are the left and right image horizontal quantization uncertainty
respectively.
The disparity quantization uncertainty is qd = qhl – qhr, and its probability density
function can be described by the convolution of the probability density functions of the
two horizontal quantization uncertainty PDFs:
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(6)

where  denotes convolution. The result of the convolution of two rectangular
distributions is a triangular one. The quantization uncertainty interval of the disparity,
qd, is 2Δ and varies between –Δ and +Δ.
For a parallel stereo pair, the displacement between two corresponding projection
points on the left and right image planes along the image coordinates on the x-axis for a
common scene point is called disparity and is depicted in Eq. (1) as the integer number
nt. For each disparity nt, there is a corresponding iso-disparity plane in the 3D space for
a stereo pair with a specified baseline length B, focal length f and pixel size  [9]. By
using Eq. (1), we can estimate the target point’s discrete depth, Znt, from the disparity nt,
which also corresponds to the nt-th iso-disparity plane. The interval between the isodisparity planes represents the depth reconstruction quantization uncertainty, qZt as the
non-linear function of nt, and can be denoted as:
qZ 
t

Bf
.
nt nt  1Δ

(7)

3.3 The depth reconstruction uncertainty with dithering
In our proposed model, the left and right cameras are the quantizers. The dither signals
add noise to the signals xl and xr prior to its quantization in order to change the statistical
properties of the quantization, [11]. In our case, the signals xl and xr are the target point
projections on the image planes along the X-axis. There are two possibilities for adding
a dither signal to change the xr and xl signals: one is to shift the target features parallel
with the X-axis. An alternative is to shift the camera sensor along the X-axis, which
means that the quantization levels of the quantizer are changed. The proposed method is
based on the movement of the camera sensor position along the X-axis.
The dither signal, d, is a discrete one and can be used to control the left and right
cameras’ position movement along the X-axis. This allows for a change in the
projection of the target point in the range of [-Δ/2, Δ/2] on the image coordinates ximl
and ximr. The PDF of the discrete dither signal consists of the equiprobable impulses
which number is greater than one. In this paper, we propose a two-stage discrete binary
dither signal for each camera, which means four images to calculate a depth of the
target feature with a reduced quantization uncertainty. In order to simplify the analysis,
we assume that the mean value of the dither signals equals zero. The PDF of the discrete
dither signal, D, is:
f D  

D  
D 
1 
   D  a     D  a   ,
2 
2  
2 

(8)

where (·) represents the Dirac delta function; Da is the discrete binary dither signal
amplitude and equal to the displacement of the target point projection on the image
plane.

Paper II

75

The mean value of the image horizontal quantization uncertainty, qh , with the
discrete binary dither signal D is:
qh xc   E qh xc  D  



 qh xc  D f Dd D ,

(9)

where E(·) is the expected value operator. By using Eq. (4), we can get [21]:
q h qh , Da  
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sin  Δ 2qh  Da   sin  Δ 2qh  Da  ,
2
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where xc can be substituted by -qh due to its periodicity with the period, Δ, and qh varies
between –0.5Δ and 0.5Δ. When Δ is normalized into 1 pixel, Fig. 2 shows the plot of the
function, q h , versus qh with a range from -0.5Δ to 0.5Δ for five different amplitude
values of the discrete dither signal, Da=[0.1, 0.4, 0.5, 0.6, 0.9].
From Fig. 2, it is clear that the mean image horizontal quantization uncertainty
interval of an image with the discrete binary dither signal amplitude Da = 0.5 has a
minimum interval of 0.5Δ and varies in the range of -0.25Δ to 0.25Δ. Applying the
result to Eqs. (5) and (6), the interval of the mean disparity quantization uncertainty, qd ,
becomes Δ and it varies in the range of [-0.5Δ, 0.5Δ]. Since we know from Eq. (6) that
the interval of the disparity quantization uncertainty, qd, without dithering is 2Δ in the
range of [-Δ, Δ], the interval of the disparity quantization uncertainty is reduced by half
by applying the dithering method.
3.4

The dither signal generation
The dither signal is used to move the camera and control the displacement of a 3D
[pixel]

qh

qh

[pixel]

Fig. 2. The mean image horizontal quantization uncertainty with the dither signal, q h ,
versus the image horizontal quantization uncertainty qh for different amplitude values of
the dither signal amplitude Da.
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point projection on the image coordinate. To shift a point projection on the image
coordinate, the camera displacement varies according to the target point’s distance to
the camera’s baseline B and depends on the camera parameters, such as focal length f
and pixel size .
In the 3D space, the depth reconstruction uncertainty is represented by the intervals
between the iso-disparity planes according to Eq. (7). The uncertainty can be reduced by
half when one places the new iso-disparity planes into the middle of the old disparity
planes. To get new iso-disparity planes, we can increase or decrease a baseline, which
can be accomplished by a single camera movement. The required displacement of the
target point projection on the image coordinate, which is also equaled to the dither
signal, Da(nt), can be calculated from:
Da nt  

nt
Δ.
2nt  1

(11)

The target displacement can be yielded by increasing or decreasing of the baseline
according to:
ΔBt 

B  Da nt 
B

.
2nt  1
nt  Δ

(12)

In Fig. 3a, red solid lines show the parallel iso-disparity planes for n from 30 to 200.
Here, the stereo pair baseline length B is 50 mm, the pixel size Δ = 12.9 µm and both
cameras have the same focal length f = 25 mm. For instance, if the target point’s
disparity nt = 49, the measured depth is Z49 = 1997 mm. To shift the iso-disparity plane
further away from the baseline by a half of the depth reconstruction quantization
uncertainty, qZt/2, the baseline length has to increase by 0.51 mm. In Fig 3, green
dashed lines show the new iso-disparity planes for the stereo pair with a baseline length
of B’ = B+ΔBt = 50.51 mm. The zoomed iso-disparity planes with Zn ranging from
1600 mm to 2400 mm are shown in Fig. 3b. The new iso-disparity plane is placed
exactly in the middle, between the old iso-disparity planes Z49 and Z50 that correspond to
a range of depths from 1997 mm to 1938 mm.
According to Eq. (11), for a target point T0 with the disparity nt = 48, the projection
shift distance Da = 0.49Δ and, as Fig. 2 shows, the dither signal amplitude Da = 0.5Δ,
the optimum mean image horizontal quantization uncertainty interval is half a pixel,
qh  0.5 Δ . The change of the baseline length according to Eq. (12) places the new isodisparity plane in the middle of the old iso-disparity planes and is thus optimal from a
quantization point of view.
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Fig. 3. (a) The iso-disparity planes for parallel cameras where Δ = 12.9 µm, and f = 25 mm;
the red solid lines for B = 50mm, the green dashed lines for B= 50.51 mm. (b) The zoomed
iso-disparity planes for Zn were in the range from 1600 mm to 2400 mm.

3.5 The accepted 3D reconstruction space with defined accuracy
From Fig. 2, we know that the image horizontal quantization uncertainty can be reduced
by half when the dither signal amplitude Da is equal to the optimal value 0.5Δ, for a
target point T0 with the disparity, nt. In order to generalize, we extend the target point to
a bounded space defined by a cube. Here, we denote the deviation of the projection
displacement as Da, and define it as the difference between the projections
displacements of the target point T0 and any point T on the stereo images with
disparities, nt and n respectively. It can be formulated as:
ΔDa n  Da n   Da nt  

n  nt
 Δ.
2nt  1

(13)

For the estimation of the depth range within a defined accuracy, we assume that the
acceptable mean disparity quantization uncertainty qd is 0.6, which can be compared
to the optimal 0.5, then according to Eqs. (5) and (6) the mean image horizontal
quantization uncertainty tolerance Δqh is 0.3, and from Fig. 2 the displacement Da
may be in the range of [0.4Δ, 0.6Δ]. In this case, the deviation of the projection
displacement, Da, is 0.1Δ. The points in the accepted space with the disparity, n0.3(nt),
where 0.3 is the mean image horizontal quantization uncertainty tolerance Δqh , can be
gotten from:
 2ΔDa
nt  1  nt    0.2nt  1  nt  ,
n 0.3 nt   
Δ



(14)

where the floor  denotes the integer part. Furthermore, due to Eq. (11), the target point
disparity nt needs to be greater or equal to 4 in order for the Da to be in the range of
[0.4Δ, 0.6Δ].
In Fig. 4, the red solid line shows the normalized deviation of the projection
displacement, Da/Δ, versus the disparity, n, for three different target points with the
disparities, nt = 20, 49 and 176 respectively, the baseline length B = 50 mm, and the
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focal length f = 25 mm. Table I shows the disparity ranges, n0.3(nt), which correspond
to the depth ranges ΔZ0.3(nt) for a target point with a disparity of nt, which corresponds
to the blue dashed lines in Fig. 4.
Table I. The disparity range and depth range of the points in the accepted space for the target
point

4.

nt

Disparity range (n0.3(nt))

Depth range (ΔZ0.3(nt))(mm)

20
49
176

15 - 24
39 - 59
140 - 211

6460 - 4037
2485 - 1642
692 - 459

Implementation

From Fig. 5, it can be seen that the dither signals dli and dri control the position of the
left and right cameras. The target point projections xli and xri correspond to the i-th
dither position of the left and right camera respectively and the quantized signals are xQli
and xQri for the left and right image respectively. Furthermore, we can now calculate the
target depth information by averaging the depths of all possible disparities di of the
stereo pairs. The arithmetic average of all the depths constitutes an unbiased estimate of
the target point depths and the depth reconstruction uncertainty is reduced by half for a
two-stage discrete dither signal.
The dithering algorithm, when applying the two-stage discrete dither signal to the
left and right cameras, can be divided into the four following steps:

Fig. 4. The normalized deviation of the projection displacement, Da/Δ represented by
red solid lines, and ΔDa/Δ 0.1 represented by blue dashed lines; nt=20, 49 and 179,
while Δ= 12.9 µm, B=50 mm and f=25 mm.
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Left Camera
Target point
position in
space

Dli

xQli

Camera parameters and
estimated target depth

Dither signal
Dri

+



-

di

AVG.

The depth
information
of target

xQri

Right Camera

Fig. 5. The block diagram of the dithering algorithm where Dli and Dri are the dither signals
for the left and right cameras, xQli and xQri are the quantized signals for the left and right
cameras, and di is disparity.

Step 1. The primary measurement of the target point depth where the target point is
defined as a center of the target object:
The target point disparity and its depth can be estimated from Eq. (1) considering
the stereo pair cameras’ initial positions.
Step 2. Estimation and generation of the dither signal by the baseline length change:
According to Eq. (12), the baseline length change (increasing or decreasing) can be
obtained from the estimated target point disparity. This change is also equal to the dither
signal and can be used to control the left and right camera movement. For simplification
of movement, the left and right cameras move in the same way and in the same
direction.
Step 3. The secondary measurement and calculation of the new disparities:
We acquire the new left and right camera positions for the secondary measurement.
It should be noted that now all four images have been taken; a first pair consisting of
left and right images was taken before the cameras’ movement and another pair of
images was taken after the cameras’ movement. Theoretically, we can combine those
four images into six pairs of stereo images. In practice, however, the dither signal
moves the cameras a very short distance and the disparity of the images taken by the
camera pair at the two closest positions is too small for depth information to be usefully
extracted from this pair. Thus, we have four pairs of images left that we can use to form
the disparity matrix, d, from the horizontal image coordinate vectors xQl and xQr :
d  xQl T  xQr ,

(15)

where the matrixes xQl and xQr are extensions of the vectors [xQl1 xQl2] and [xQr1 xQr2]
with the padding of -1 and 1 respectively, described as:
x
xQl   Ql1
 1

xQl 2 
 1 

 1
 xQr1

and xQr  

1 
,
xQr 2 

where indexes 1 and 2 correspond to the positions of the initial and the new projections
for the stereo pair cameras respectively, while T denotes a transpose of the matrix.
Step 4. The calculation of the final target point depth and its depth reconstruction
quantization uncertainty:
The final target point depth can now be determined by averaging the depths from
four pairs of images, which can be described as:
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Zt 

2 2 fB
1
i, j
,
4 i 1 j 1 d i, j



(16)

with
 B
B
 B  ΔBt

B  ΔBt 
,
B 

where B is the baseline for the stereo pair camera with its initial position, while ΔBt is
the length change of the baseline. The i and j are the row and column indexes in the
matrix respectively.

5.

Results

In this section, we describe two case studies where we test the mathematical models
outlined above. The first study is a simulation experiment and the second is a physical
experiment. The case studies both illustrate how the depth reconstruction uncertainty in
stereo coverage is reduced by the dithering algorithm. The results of the studies are
compared with a conventional direct triangular method, [23]. The simulation
experiment was performed in MATLAB 7.0. The Epipolar Geometry Toolbox, [24],
was used to project and transform the object position in 3D space. In both cases studies,
the cameras’ optical axes were parallel in the XZ-plane, the initial stereo pair baseline
length was 50 mm, the focal length was 25 mm and the pixel length Δ = 12.9 µm.
5.1 Simulated statistical analysis of the depth reconstruction uncertainty
The simulation considered 1500 target points randomly located in a
300 mm×300 mm×300 mm cube. The cubic depth range was from 1800 mm to
2100 mm. The perspective view is shown in Fig. 6a. In the simulation, we applied a
statistical analysis to the reconstruction uncertainty for the target points. We assumed
that each point can be detected at least, and only, by one pixel on the image plane. The
reconstructions of points were simulated with a direct triangular method and the result is
shown as green points in Fig. 6b. The green points form iso-disparity planes which
intervals illustrate the reconstruction uncertainty of the method. The red points
correspond to the exact simulation points. To estimate the dither signal from the first
measurement, the centers of the cubic disparity nt = 49 was assumed to be the target
point. From Eq. (12), we can determine that the left and right camera movement
distance ΔB = 0.51 mm. All points in the cubic space are in a disparity range of 46 to
53, and according to Eq. (13) their maximum deviation projection displacement Da is
0.04Δ, which is inside the accepted space with a mean disparity quantization uncertainty
of 0.6. In Fig. 6c, the black points form the new iso-disparity planes reconstructed by
the triangular method and making use of the dithering algorithm. The intervals of isodisparity planes correspond to the depth reconstruction quantization uncertainty of the
dithering method.
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The histograms describing the normalized depth reconstruction errors for all the
simulation points using both the direct triangular method and the dithering algorithm are
shown in Fig. 7. The histograms show that the triangular distributions of the
reconstruction uncertainty and their ranges are [-Δ, Δ] and [-0.5Δ, 0.5Δ] for the direct
triangular method and the dithering algorithm respectively. The standard error
deviation, , is 8.1 mm for the dithering algorithm and 16.1 mm for the direct triangular
method. The improved depth reconstruction accuracy is 49.7 % in this case. This figure
agrees with the theoretical analysis which proved that the depth reconstruction
uncertainty should be reduced by half by the proposed algorithm.

[mm]
Target space

Y

Y
Cameras

[mm]
ZZ

XX

[mm]

[mm]

(a)

ZZ

[mm]

ZZ

(b)

[mm]
X X

(c)

X X [mm]

Fig. 6. Illustration of the first case study showing the exact points in red; (a) the perspective
view of the cameras and the target points, (b) the direct triangular method showing the
reconstructed points in green, and (c) the dithering algorithm showing the reconstructed
points in black.

Number of points

Number of points
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Normalized depth reconstruction errors

Normalized depth reconstruction errors

(a)

(b)

Fig.7. Histograms of the normalized depth reconstruction errors (a) for the direct triangular
method and (b) the dithering algorithm.

5.2 Physical experiment
In practice, it is inconvenient to measure depth as the distance between the target object
and the camera. It is preferable to measure a line differential depth, ZL. A line
differential depth is defined as a distance between two target points along optical axis.
The physical experiment was designed to measure a line differential depth of ZL using
one camera and a linear translation stage. Fig. 8 shows a photo and the schematic
diagram of the experimental stage, where the camera optical axis is oriented on and
normal to the linear translation stage table. The origin of the coordinate system is
located at the center of the lens and the linear translation stage table is parallel with the

camera
X
X

ZZ

ruler

α

table
linear traslation stage

Fig.8. The photo and schematic diagram of objects and configurations in the physical
experiment.
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X-axis. A ruler functions as the target object and it is transported by the linear
translation stage table along the X-axis with a resolution of 1/80 mm. The ruler is
located about 550 mm away from the camera lens center and has the angle, α, to the
table surface.
The camera focuses on the target points in the camera’s depth of field. Two parallel
lines on the ruler with the angle, α, are tested. The lines’ lengths are 80 mm. Fig. 9
shows images of the example with the angle α1 = 35.6º. The left and right images are
captured for the ruler positions with a distance of 50 mm, which corresponds to a stereo
pair with the base line length of 50 mm and the parallel cameras’ optical axes. The
minimal and maximal disparities of the points are 167 and 185 and their mean disparity
value is 176. The maximum deviation projection displacement is 0.03Δ, which is inside
the accepted space of the mean disparity quantization uncertainty 0.6. To estimate the
dither signal, a virtual point with the disparity 176 is assumed to be the target point.
According to Eq. (12), the baseline should increase (decrease) by 0.14 mm. After
shifting the ruler, we took the other left and right images. The ZL can be estimated by
the dithering algorithm. The other two rulers’ angles, α2 = 19.7º and α3 = 0º, were also
tested. Table II presents the results from a comparison between the direct triangulation
method and the dithering algorithm. The exact line differential depth is taken from
physical measurement and the reconstructed ones are from the stereo pairs’
measurement using two different methods. Table II shows the calculated mean absolute
errors to be 4.7 mm and 3.0 mm for the direct triangulation method and the dithering
algorithm respectively. The improved depth reconstruction accuracy is thus 36.2 %.
Table II. Results of the reconstructed ZL showing errors by the triangulation method and
dithering algorithm for the real target lines.
Angles
Line
α:s []
35.6
19.7
0

6.

1
2
1
2
1
2

Exact
ZL
[mm]
46.5
46.5
27.0
27.0
0
0

The direct triangulation method
Reconstructed Reconstruction
error [mm]
ZL [mm]
43.4
3.1
41.9
4.6
21.9
5.1
21.3
5.7
3.2
3.2
6.4
6.4

The dithering algorithm
Reconstructed Reconstruction
error [mm]
ZL [mm]
45.0
1.5
43.4
3.1
23.6
3.4
23.2
3.8
1.6
1.6
4.8
4.8

Conclusion

One way of resolving the limitations of sensor sensitivity and image resolution due to
SNR is to acquire a super-resolution image from a low resolution sensor. Through this
process, it is also possible to reduce the spatial quantization caused by a discrete sensor.
Super-resolution can be obtain by combining the information from a set of slightly
different low-resolution images of the same scene. The dithering method can be applied
to the model and control the movement of the cameras used to get these different
images.
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Fig.9. The images from the stereo pair of ruler with two parallel lines.

Analysis of the depth reconstruction uncertainty can be accomplished through the
use of the mathematical model of depth reconstruction with dithering. There are two
methods by which a dither signal can be added: the position of the target can be shifted
or the position of the camera sensor can be shifted. The proposed method is based on
movement of the camera sensor position. By applying the two-stage discrete dithering
signal and combining four images into four pairs of stereo images, the depth
reconstruction uncertainty can be reduced by half.
The discrete dither signals are estimated by analyzing the iso-disparity planes and
then generated by controlling the stereo pair baseline length and placing the new isodisparity plane exactly in the middle of the previous iso-disparity planes. This gives the
optimal solution for controlling the camera movement.
The simple and robust dithering algorithm that significantly reduces the depth
reconstruction quantization uncertainty is easy to implement through the use of the
presented mathematical model. The proposed algorithm can also be used to position the
stereo cameras. The dithering algorithm was verified through simulation and with the
aid of a physical experiment. The results produced by the direct triangular algorithm
and the dithering algorithm are contrasted and presented in the form of a statistical
analysis. The histograms of the normalized depth reconstruction errors clearly show the
triangular distribution of the reconstruction uncertainty, revealing that the target depth
reconstruction uncertainty is reduced by half by the proposed algorithm. The result from
the physical experiment proves that the line differential depth accuracy can be
significantly improved by the dithering algorithm.
It should be taken into consideration that the real image can be distorted by other
sources of noise, such as lens resolution or lens distortion. This is why the experimental
results are slightly different from those of the theoretical analysis. Thus, the dither
signal resolution is limited by the movement resolution which is a linear translation of
the accuracy of the stage table. This affects the performance of the real system and
limits the increase in accuracy.
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It is not always necessary to build the entire depth information from the stereo
images. If only a small target region is required, then the dithering algorithm could
spend less computing time to build that region. For a low texture target region where the
texture features are unclear, we can project a structured light pattern on the target to aid
the correspondence algorithm to find accurate matches. For example, the pattern can be
designed as dots that are projected onto the image plane within one pixel. Since the
structured light pattern is known, it can be removed from the images to ensure a
realistic, textured result. The applications could be used when the area demands very
accurate depth reconstruction, for instance in human face feature extraction, remote
controlled surgery etc. Furthermore, the measurement of the differential depth is also
required in robotics controlling.
Further research is needed to explore this issue. In particular, it would be useful for
3D scene reconstruction to analyze the two dimensional image quantization uncertainty
and its corresponding dithering methods. The dithering algorithm based on vergence
angle changes by shifts of the camera sensor chip and the real-time implementation
could be extended. Results from such research could not only be used for 3D
reconstruction but would also aid the study of stereo matching algorithms. Future
research could also focus on the reduction of the depth reconstruction uncertainty of the
out-of-focus part of an image (the blurred part) or in cases where the target is blurred as
a result of dynamic movement. Without the primary measurement of the target point
depth, the dithering algorithm can still be implemented by shifting the sensor plane.
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Abstract
The sensor-shifted stereo camera provides the mechanism for obtaining 3D information
in a wide field of view. This novel kind of stereo requires a simpler matching process in
comparison to convergence stereo. In addition to this, the uncertainty of depth
estimation of a target point in 3D space is defined by the spatial quantization caused by
the digital images. The dithering approach is a way to reduce the depth reconstruction
uncertainty through a controlled adjustment of the stereo parameters that shift the
spatial quantization levels. In this paper, a mathematical model that relates the stereo
setup parameters to the iso-disparities is developed and used for depth estimation. The
enhancement of the depth measurement accuracy for this kind of stereo through
applying the dithering method is verified by simulation and physical experiment. For
the verification, the uncertainty of the depth measurement using dithering is compared
with the uncertainty produced by the direct triangulation method. A 49% improvement
of the uncertainly in the depth reconstruction is proved.
Keywords: Depth Reconstruction, Dithering, Skewed Parallel, Stereo Setup, Iso-disparity
Surfaces.

1.

Introduction

Advanced technologies may help people to extend their ability to process visual
information. This raises the demand for autonomous systems with high performance
sensors. This paper is concerned with a stereo camera and its applications in human
activity monitoring. The Intelligent Vision Agent System, IVAS, is a vision and
information processing system used in these kinds of applications, [1, 2] and [3]. The
IVAS gathers data in order to reconstruct 3D information that can be used in health
care, security and surveillance applications. The system focuses on an interesting part of
the scene by dynamic control of the stereo image. Such a system requires high accuracy
in the reconstruction of the 3D information in order to guarantee high performance.
The human activity field is a 3D world, where the location of each point is
represented by x, y and z coordinates. However, a camera can only capture a twodimensional image where each point is represented by x and y coordinates. The stereo
system provides the mechanism for acquiring the vital z coordinate, [4]. In this case, the
z coordinate is referred to as the depth, and the process of acquiring the depth from the
stereo system is called depth reconstruction.
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The stereo system captures two images in the 3D world. The reconstructed point
needs to have a projection in each image, and this can only happen when the point is
located in the common field of view (FoV) of the camera pair. To be able to reconstruct
3D information, the system needs to first implement a matching process to find the
corresponding points in the two images of the same view.
However, a digital camera quantizes the image plane into an array of pixels that
forms the digital image. Because of this, the projection points are approximated and
assumed to be located in the centers of the pixels. The difference between the
reconstructed depth estimated from the exact and the discretised projections is referred
to as the depth reconstruction uncertainty. The depth reconstruction uncertainty is
related to the pixel size of the camera sensor. The selection of an optimal sensor pixel
size is discussed in [5].
Regarding the image resolution, the limitation of the pixel size is overcome by
combining the information from slightly different low-resolution images of the same
scene into a higher-resolution image. This way of enhancing the image resolution is
called super-resolution reconstruction, [6]. In a similar way, two pairs of images taken
by a stereo system with two slightly different setups can be used in combination to
reconstruct the depth with enhanced uncertainty. The two different setups can result
from a readjustment of one of the stereo parameters. This method is referred to as the
dithering approach, [7]. The dithering technique is commonly used to overcome the true
color issue that exists in colored image printing, [8]. The effect of the dithering on the
estimation of the sine wave amplitude is studied in [9].
In many cases, the camera has to be rotated to capture a certain view that is initially
outside the camera FoV. This rotation causes distortion of the shapes in the captured
images. Hence, further processing is required to overcome this distortion. Instead of
rotating the whole camera, professional photographers use a technique called a sensorshifted camera that applies a millimeter shift between the camera lens and the
sensor, [10]. This shift provides an effect similar to the rotation, so that it captures the
wanted view while avoiding the distortion.
Francisco and Bergholm have proposed the use of a sensor-shifted camera in the
stereo setup where the sensor has a controlled micro-movement, [11]. This kind of
stereo system is referred to as the skewed-parallel stereo camera. In that paper, the
authors discuss the benefits of using this kind of camera in a stereo system instead of
the vergence movement used in the general stereo setup. When compared to the
convergence camera stereo setup, the skewed-parallel camera setup requires simpler
reconstruction processing. In addition to this, the skewed-parallel camera setup offers a
wider common field of view than the parallel camera stereo setup. A similar camera was
used by Ben-Ezra et al. to minimize the motion blur in the reconstruction of superresolution images of a video signal, [12].
After an introduction and a summary of the related works, the problem statement and
the main contributions are provided in Section 2. In Section 3, the geometric model of
the skewed-parallel stereo camera is described followed by the derivation of the dither
signal for this stereo system. Section 4 discusses the implementation of the dithering
algorithm along with the conducted synthetic and physical validation experiments, and
their results. The prototype of the skewed-parallel camera used in the physical
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experiment is also described in this section. Finally, a conclusion and a recommendation
for future work are provided in Section 5.

2.

Problem statement and main contributions

The concern of this paper is to improve the depth measurement uncertainty through the
use of the dithering algorithm for a specific setup of the skewed-parallel stereo camera.
The uncertainty of the depth measurement can also be reduced by decreasing the pixel
size but the drawback of this method is that this will also reduce the signal-to-noise
ratio. Therefore, we propose the application of the dithering method as a simple and
robust way to improve the reconstruction uncertainty. The modeling of the depth
reconstruction using the dithering algorithm for this kind of stereo system, and its
validation through simulation and physical experiment, are the main problems that need
to be resolved before applying the method to real measurement.
This paper contributes to current research by:

3.



Developing a mathematical model of the depth measurement using the skewed
parallel stereo system.



Developing and implementing the dithering algorithm based on the depth
measurement model.



Configuring a prototype for the skewed-parallel camera setup.



Validating the depth reconstruction enhancement of the dithering algorithm for
the skewed-parallel camera stereo setup through simulation and physical
experiment.

Problem analysis and modelling

3.1 The skewed-parallel stereo geometric model
In our approach, we use the pinhole camera model. The setup of the skewed-parallel
stereo camera in the xz plane is shown in Fig. 1, [13]. The center of the coordinates is
in the middle of the baseline, B. The baseline is the distance between the optical lenses’
centers, ol and or, of the left and the right cameras respectively. The sensors lie on the
same horizontal line, and the sensor centers are denoted as cl and cr for the left and the
right cameras respectively. The shift of the sensor is defined as the horizontal distance
between the optical center and the sensor center and it can be different for each camera.
The shifts of the sensors of the left and the right cameras are denoted as Sl and Sr
respectively. In our notation, the shifts are positive for a movement of the sensors to the
right, and negative for an opposite direction. The focal lengths of the two cameras are
assumed to be the same and are denoted as f.
The angle between the optical axis and the primary axis, which is defined as the line
passing through the sensor center and the center of the lens, is called the convergence
angle and it is denoted as l and r for the left and right cameras respectively. The
convergence angle exists as a result of shifting the sensors of the skewed-parallel stereo
cameras. This shift has the same effect as rotating the stereo pair since it introduces a
fixation point, P0, and widens the common FoV. Using trigonometry, the convergence
angle of the left camera can be derived as:
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 l  tan 1

Sl
for  m  Sl  m ,
2
2
f

(1)

where m is the length of the sensor plane.
For any point in the space, P, with the depth Z, the projections of the point on the
left and right sensors along the x-axis are xl and xr respectively (the x coordinates of
each sensor cross the sensor middle). Considering the quantization effect, these
projections are approximated by the pixel centers, and denoted as xQl and xQr for the left
and right cameras respectively. In this case, the quantized depth Zq of the point can be
found through:
Z q n  

fB
for
nD  (Sr  Sl )

nD  (Sr  Sl )  0 ,

(2)

with
,

(3)

where ΔD is the length of pixel, n is an integer number representing the target disparity,
and the symbol

denotes rounding to the nearest integer.

The depth Z0 of the fixation point, P0, being a cross section of the primary axes, can
be found by setting n to zero in Eq. (2). The x and z coordinates of the fixation point are:
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Fig. 1. An x-z view of the skewed-parallel stereo camera schematic diagram.
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The disparity is the displacement of the corresponding x-axis projections of a certain
point in space on the left and the right images. From equation (2), it can be seen that the
depth reconstruction is inversely proportional to the disparity. For each disparity n,
there exists a corresponding iso-disparity surface that represents the depth of all the
points that have the same disparity, [7]. The iso-disparity surfaces appear as lines in the
xz plane as seen in Fig. 2 for the red lines. The interval between the iso-disparity
surfaces represents the depth reconstruction quantization uncertainty, which is a
nonlinear function of n.
3.2 Application of the dither signal
The idea behind the dithering technique is to add noise to the signal prior to the
quantization process in order to slightly change the statistical properties of the
quantization, [2]. The quantizers in this model are the cameras and the quantized signals
are the target point projections xl and xr for the left and right cameras respectively.
Using the dithering technique to reduce the uncertainty of the depth reconstruction for
the parallel stereo setup was proposed in [7]. In that paper, authors proved that the
uncertainty is reduced by half by applying the two stage discrete binary dither signal. To
accomplish this reduction, a dither signal adjusts the stereo setup for a secondary
measurement that follows the initial one, and the depth can then be estimated from all
these measurements.
In this paper, we use a two-stage discrete binary dither signal for each camera. This
means that we make use of four images to calculate the depth of the target. This allows
us to estimate the depth with a reduced quantization uncertainty. In the parallel stereo
setup, the depth reconstruction uncertainty is halved when the dithering algorithm is
applied. The optimal diter signal makes the target projection move from its original
position by a distance that is equal to half a pixel size, [7]. This means that the dither
signal shifts the iso-disparity line so that it lies in the middle of the two consecutive isodisparity lines nt and nt+1 between which the target is present. This shift reduces the
uncertainty by half.
For the skewed-parallel stereo camera setup, calling (2), the difference between two
consecutive iso-disparity lines, Zt, which represents the depth reconstruction
uncertainty, can be found to be:
Zt 

BfD
nt D  Sr  Sl nt  1D  Sr  Sl 

,

(5)

where t refers to a specific iso-disparity line nt.
To estimate the dither signal, generated by a shift of one sensor, that affects the isodisparity line nt to move exactly into the middle of Zt, we should first determine the
depth in the middle by:
Zt 

Zt
Bf
,

2
nt D  Sr  Sl   St

(6)

where ΔSt is the shift introduced to one sensor that moves the iso-disparity surfaces to
the middle of the two consecutive iso-disparity lines nt and nt+1.
Calling (2) and (5), the dither signal, ΔSt, can be mathematically proven to be:
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St  

nt D  Sr  Sl D
2nt  1D  Sr  Sl   D

.

(7)

To verify the dither signal obtained by (7), Matlab 7, [14], and the Epipolar
Geometry Toolbox, [15], are used. In the verification scenario, a target in the common
FoV that belongs to a specific iso-disparity line nt is chosen. Then, the dither signal is
applied to check the movement of the iso-disparity lines. For the simulation, the
baseline B is set to 100 mm, the focal lengths f are 25 mm each, the pixel length D is
8.33 μm and the target is assumed to be in the disparity line nt = 178.
Fig. 2a shows the iso-disparity lines in 2D. Red lines denote the iso-disparity lines
between 1200 mm and 2000 mm of depth for the original setup, while the green lines
denote the iso-disparities after introducing the dither signal, ΔSt, to both cameras. In this
case, ΔSt is found to be -4 µm approximately, which is equal to 0.5 pixels. This shows
that the skewed-parallel stereo camera has the same property as the parallel stereo
camera regarding the dither signal, [7]. To place the new iso-disparity surfaces in the
middle of the old ones, it is required that the projection of the target feature is shifted
half a pixel.
Fig. 2b shows a zoomed area around nt = 178. From calculation, before applying the
dither signal, the depth for the specified disparity can be determined to 1686 mm and
1696 mm for the next disparity level. After applying the dither signal, the depth for the
same disparity nt = 178, is found to be 1691 mm, which falls in the middle between the
above-mentioned depths.

4.

Implementation and validation

4.1 Implementation of the dithering algorithm
From the description of the dithering algorithm in [7], and the description of the
estimation of the dither signal for the skewed-parallel stereo camera in section 3.2, the
dithering algorithm can be defined. By applying the dither signal St which controls the
sensor positions of the left and right cameras, four images are obtained; two images
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Fig. 2. Iso-disparities obtained by simulation before and after applying the dither signal. Red
lines come from the primary and green lines were obtained after the dither signal. b) Zoomed-in
area (inside the box) of a).
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before dithering and two images after dithering. For the disparity calculations, we can
combine those four images into six pairs of images. In practice, however, since the
dither signal moves the camera sensor a very short distance and the disparity of the two
pairs of images taken by the same camera is too small to be useful to extract depth
information from this pair. Therefore, only four pairs are considered.
The quantized projections of the target point obtained from the right and left images
can be used to create the projection matrices xQr and xQl for the right and left cameras
respectively as follows:
x
xQr   Qr1
 1

 1
xQr 2 
and xQl  

1 
 xQl1

1 
xQl 2 

,

(8)

where xQr1 and xQr2 are the quantized projections of the target on the right image before
and after applying the dither signal respectively, while xQl1 and xQl2 are the respective
projections on the left image.
From the projection matrices, the dithering matrix, that contains the disparities of the
four considered pairs, can be obtained by:
d  xQr T . xQl .

(9)

The dithering algorithm can be then implemented through the four following steps:
1.

Preliminary estimation of the depth from the disparity of the initial pair of
images using equation (2).

2.

Estimation and application of the dither signal, St, (7) to shift the sensors of the
two cameras.

3.

Secondary estimation of the four depths corresponding to the four disparities in
d, equation (9).

4.

Calculation of the depth of the target point by averaging the four depths from
step 3.

4.2 Synthetic experiment
The synthetic experiment was performed using Matlab 7 and the Epipolar Geometry
Toolbox, [15]. The simulation environment is a 3D space, with two pinhole skewed
parallel cameras. The target is assumed to be 1500 points randomly distributed in a
cubic area with the dimension 300 mm  300 mm  300 mm. The cubic center is set to
be (0, 0, 1600) in XYZ coordinates. The target points fall in the common FoV of the
stereo camera. Fig. 3 shows a perspective view for this setup in 3D space.
The setup of the stereo camera is: the baseline B is 100 mm, the focal length f is 25
mm, and the pixel size ΔD is 8.33 µm. The simulation scenario is to measure the depth
of each point, where the initial shifts of the two cameras are set to zero, using the direct
method through equation (2), and using the dithering algorithm described in Section 4.1.
The results present a comparison between the two methods in order to illustrate how the
depth reconstruction uncertainty can be improved by the dithering algorithm for this
kind of stereo system.
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Fig. 3. The simulation setup: The points in the cubic area (red dots) are the targets.

Fig. 4 shows the top view of the target points in their original positions and in their
reconstructed positions after the depth measurement for the two methods. The figure
shows the points within the zoomed range from -15 mm to 15 mm along the X-axis, and
from 1585 mm to 1615 mm along the Z-axis. In Fig. 4a, the red dots represent the
original target points while the green dots represent the depth estimations for these
points using the direct reconstruction method. The black dots in Fig. 4b represent the
depth estimations for the same target points using the dithering algorithm. The black
dots form new iso-disparity surfaces with different intervals that correspond to the
reconstruction uncertainty of the method when applying the dithering algorithm.

a)

b)

Fig. 4. Top view of the depth reconstruction of the original target points (in red). The green
points represent the reconstructed points by the direct method. b) describes the reconstructed
points by the dithering algorithm as black points.
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Fig. 5. Histograms of the normalized depth reconstruction error a) for the direct triangular
method and b) after applying the dithering algorithm.

4.3 Skewed-parallel Camera Prototype
To physically implement the dithering algorithm for the skewed-parallel camera, it is
necessary to make use of a camera with a sensor that is capable of moving in a
controlled horizontal movement in relation to the lens. To satisfy this requirement, a
prototype can be built by separating the camera body, which contains the sensor, from
the lens that is normally attached to that body. Additionally, to control the movement of
the camera sensor, the camera body needs to be attached to a micro-movement
mechanical device such as an x-positioner or a DC motor.
Following the above design considerations, a skewed parallel camera prototype was
built to be used for the experimental needs, [11]. This prototype was reconfigured for
the purpose of this project. The camera prototype contains four main components that
are: a camera module, a linear stage controlled by a DC motor, a lens and a metal stand
that holds all the components. In Fig. 6, the prototype containing these components
along with a target grid pattern that is used for the experiment part of the paper are
shown.
The camera module is connected through a cable to a frame grabber card that is
installed in a computer where the pictures are stored and processed. This module
contains a CCD sensor that represents the shifted sensor in the skewed-parallel camera
model. The Sony XC-555P camera module is used in this prototype. The camera
module is a color video camera with a 1/2” type sensor, [16]. The captured image
resolution is 768 (H) x 576 (V) pixels.
In order to provide the horizontal shift of the camera module, the prototype uses a
linear stage with a DC motor. The linear stage movement distance is up to 25 mm with
a resolution of 0.06 μm/count (motor step), [17]. This resolution is sufficient to provide
the required micro-movement capability of the sensor.
To configure this camera prototype as a stereo camera, it has to be placed in two
different positions where the distance between the two positions represents the baseline
B of the stereo camera. The prototype has been attached to a translational stage with an
accuracy of 1 mm, allowing an accurate implementation of the position.
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The Tamron 23FM25SP lens model is used in this prototype. The lens is a Cmount type with a focal length of 25 mm. The focus of the lens can be adjusted for
objects that lie between 0.15 m and ∞ from the front of the lens, [18].
4.4 Physical experiment
To validate that the dithering algorithm enhances the depth reconstruction for the
skewed-parallel camera, we designed a physical experiment, [19]. The setup of the
experiment is shown in Fig. 6 whereas the camera prototype is described in Section 4.3.
The targets have been represented as points in a pattern consisting of a grid of lines with
a distance of 5 mm between the lines. The pattern has been pasted onto a board that can
be easily positioned in front of the stereo camera along the optical axis.
In [7], a way to validate the enhancement of the depth reconstruction is proposed.
The idea is to measure the differential depth ZAB, which is the distance between two
targets along the optical axis, instead of the absolute depth. The method provides more
accurate validation because it avoids measuring the distance between the test target and
the center of the lens, something which is difficult to determine.
The reconstruction uncertainty of the differential depth, ΔZAB, represents a
difference between the reference value of ZAB and the reconstructed value by the stereo
vision system. The probability distribution function, PDF, of the differential depth
quantization uncertainty is described as the convolution of the depth quantization
uncertainties at the two target points:

pZ AB   pZ A   pZ B  ,

(10)

where ΔZA and ΔZB are depth reconstruction quantization uncertainties at the target
points A and B respectively and  denotes convolution. The PDF of the depth
uncertainty ΔZ is defined as [20]:
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2
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 0
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,

(11)

where Zm is the maximum depth reconstruction uncertainty corresponding the to the
interval between iso-disparity surfaces.
According to (10), the range of the differential depth reconstruction quantization
uncertainty is the sum of the depth quantization uncertainty ranges of the two
corresponding points.
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Fig. 6. A side view of the camera prototype showing its components and the experiment
setup.

The experiment was conducted for three different values of the tilting angle α: 0°,
26.6° and 45°. In addition to this, two target pairs were used. The distance between the
two target points on the grid L was set to 100 mm and 150 mm for the first and the
second pair, respectively. The two target pairs were in the common field of view of the
stereo system.
The baseline B is equal to 100 mm, and the grid of targets is at a distance of
approximately 1600 mm from the baseline. For the camera prototype described in 4.3,
the length of the pixel size has been calibrated to 8.33 µm, and the number of motor
steps required to shift the camera module half a pixel size is found to be 69 motor steps.
The focal length is 25 mm.
L
B
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L
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ZB
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ZA
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Fig. 7. The target grid positioning: a) front view, b) top view.
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Table 1 presents the results of the validation experiment for the two pairs of target
points with the three different titling angles. The reference differential depth for each
pair at each angle is compared with the reconstructed one by use of both the direct
method and the dithering algorithm. The absolute error of the differential depth
reconstruction for each method with respect to the reference differential depth is also
listed for each case. This error can be estimated as a convolution of quantization errors
of the target pair where these errors depend on the distance of each target point from the
baseline. The distances cannot be measured exactly but it is possible to determine the
minimum distance value to be 1560 mm. From this measure, it is possible to estimate
that the quantization error of the target pairs is at least 4.7 mm which corresponds to
n = 253. Then, the maximum absolute error is at least 9.4 mm for the reconstructed
differential depth by the direct method in this setup, and 4.7 mm for the reconstructed
differential depth by the dithering method.
From Table I, it can be noticed that the reconstruction error by the use of the
dithering method is about half of that of the direct method. The mean of the absolute
reconstruction errors for each method, calculated from the table, is 5.1 mm for the direct
method, and 2.6 mm for the dithering algorithm. The improvement in the depth
reconstruction accuracy in this experiment is thus 49%.
Table I. Results of the differential depth reconstruction showing errors by the direct method
and the dithering algorithm for the target pairs.
The direct reconstruction
Reference
method
Line differential
Angles
depth
Absolute
length
Reconstructed
α:s []
distance
Z
reconstruction
[mm]
Zd [mm]
[mm]
error [mm]
0
26.6
45

5.

The dithering method
Absolute
Reconstructed
reconstruction
Zm [mm]
error [mm]

100.0

0.0

7.4

7.4

3.7

3.7

150.0

0.0

7.3

7.3

3.7

3.7

100.0

44.7

47.7

2.7

43.5

1.2

150.0

67.1

61.0

6.1

63.9

3.2

100.0

70.7

68.8

2.0

71.7

1.0

150.0

106.1

111.2

5.1

109.9

2.8

Conclusion

This paper introduces the use of sensor-shifted cameras in the stereo system instead of
the conventional cameras and applies the dithering algorithm to improve depth
reconstruction. Both the synthetic and the physical experiments verify that applying
dithering reduces the depth reconstruction uncertainty by half when compared with the
direct method.
It is verified by simulation that the dither signal causes the iso-disparity surfaces of
the skewed-parallel stereo camera to shift with respect to their initial positions. The new
position is the middle of the iso-disparity intervals before applying the dither signal.
This can be interpreted to mean that dithering can be applied to reduce the depth
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reconstruction uncertainty by half through a multi-stage measurement, i.e. the dithering
algorithm.
It is also found that the dither signal is equal to half the pixel size of the camera
sensor regardless of the first estimation of the depth of the target. Thus, it can be
concluded that no primary measurement is needed for the dithering algorithm, which in
turn means that it significantly simplifies the use of this kind of camera when
determining depth.
In the synthetic experiment, the enhancement was verified using computer
simulation. The depth reconstruction of the test target points using the dithering
algorithm shows improvement of the uncertainty since the reconstruction of the points
forms iso-disparity lines with interval widths reduced by half for the dithering algorithm
when compared to the direct method. This improvement can be confirmed by
comparing the histograms of the reconstruction error produced by both methods. This
comparison shows that the dithering algorithm reduces the span of the error distribution
to half the range obtained with the direct method. The depth reconstruction
improvement can also be observed in the 48.6% reduction in the standard deviation of
the reconstruction error for the simulation targets by the dithering algorithm.
The results of the physical experiment also show reconstruction improvement for all
the test targets with an average of 49%, which is close to the theoretical value. For
higher experimental accuracy, the differential depth of the target pairs was used in the
validation experiment instead of the absolute depth of a single target.
The proposed method can be applied to measure a depth of objects with structural
surfaces. Furthermore, the dynamics of the measured objects is limited by the speed of
the camera movement. However, it can be extended by using a variable opacity optical
attenuation mask directly in front of a camera lens, [21].
For further research, the dithering approach can be applied with more steps in order
to reduce the uncertainty to less than half.
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Abstract
The intelligent multi-sensor system is a system for target detection, identification and
information processing for human activities surveillance and ambient assisted living.
This paper describes RFID multi-target tracking using the Gaussian Mixture Probability
Hypothesis Density, GM-PHD, algorithm. The multi target tracking ability of the
proposed solution is demonstrated in a simulation and real environment. A performance
comparison of the Levenberg-Marquardt algorithm with and without the GM-PHD filter
shows that the GM-PHD algorithm improves the accuracy of tracking and target
position estimation significantly. This improvement is demonstrated by a simulation and
by a physical experiment.
Keywords: Human Tracking, Probability Hypothesis Density, Radio Frequency Identification.

1.

Introduction

The intelligent multi-sensor system, IMSS, is a high-performance autonomous
distributed vision and information processing system, [1]. Fig. 1 illustrates the idea of
using radio-frequency identification, RFID, sensors for person identification and
localization. This is useful for medical healthcare services, security, the home help
service etc., for all services that require robust tracking. One approach which has
attracted particular attention is that of ambulatory wireless systems worn by elderly
individuals in their own homes and designed to detect abnormalities in their motions
and to report these abnormalities to a remote monitoring center for further action. The
IMSS system inter alia includes vision, RFID sensors and actuators for surveillance and
tracking of the human activities space. This space consists of the human beings and
their surrounding environment, including robots, household appliances, and so on. An
intelligent agent contains a knowledge database that includes learning and decisionmaking components that can be used to track, recognize, and analyze targets.
Just like the human eye, the multi vision sensor system acquires information about
objects such as color, shape and position etc. in a 3D space. The accuracy of the target
position estimation depends on many factors where the most important are: the distance
between target and camera, camera focal length, stereo baseline and camera
resolution, [2]. The target tracking robustness is also affected by light, obstacles, the
camera’s field of view etc. The human factor can also interfere with the tracking
process. RFID is a rapidly developing technology based on wireless communication
used to identify the target. The RFID system consists of tags which can be very small
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Fig. 1. Intelligent multi-sensor system

and easily carried by a human being. The tags can also be easily equipped with
emergency buttons or other sensors, such as motion, temperature, heart rate, and voice
recognition sensors. The RFID reader receives data from the tags that are used to
identify the target. The technology has been widely studied and used in different
applications, [3-5]. For instance, the tagged target’s position can be tracked in an indoor
environment by means of the tag’s radio signal strength, RSS. The advantage of the
RFID tracking system is its low-cost, large coverage area, independence of light, and
ability to penetrate obstacles.
This paper proposes the use of the GM-PHD algorithm to track multi RFID targets.
The estimated position of a RFID target can be then used by a vision sensor to identify
the region of interest or the target’s’ initial position. Further, this information can be
valuable when determining the tracking cameras’ position, orientation, movement
speed, focal length and baseline length, [1], [2]. In the case when the vision system is on
standby due to occlusions, darkness or due to personal reasons, the RFID can still track
the individual with a certain accuracy.

2.

Related Works

The tracking of a specific target can be achieved by using different positioning systems
like the Global Positioning System, GPS, ultrasonic, infrared and radio frequency
signals. GPS can be used for an accurate outdoor localization while technologies like
artificial vision, ultrasonic, infrared and radio frequency signals can be employed for
indoor localization, [6-8]. The localization technique used in RFID relies mostly on an
accurate estimation of the distance between the reader and the tag.
In a positioning system that uses ultrasonic or sonic signals, there is a need to
initially deploy and distribute networked reference points within the tracking
environment. The reference points form the reference space, [9]. Within the location
where the system is used, special detectors are located to detect the tags’ unique
ultrasonic identification signals. As the monitored object is moving within the observed
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area, the location of the object is being tracked and captured by the computer
application (middleware), [10]. The position of the object is calculated with respect to
the reference points. The integration of multi-sensor architecture for indoor navigation
was introduced in [11].
The GM-PHD algorithm was proposed by Vo and Ma, [12]. Clark, Panta and
Vo [13] suggested that the algorithm could be used for tracking multiple targets in a
high clutter density. The comparison between the algorithm and the Multiple
Hypothesis Tracker, MHT, shows that the former is better in areas of high clutter
density and that it estimates the number of targets and their trajectories more accurately.
Further, the performance of the GM-PHD algorithm for multi-target tracking in vision
systems has been evaluated by Chen et al., [14].
The work of Sidenbladh discusses a particle PHD filter implementation for tracking
multiple vehicles in terrain, [15]. The result shows the robustness of the method when
tracking a varying number of targets.

3.

Problem Statement and Main Contributions

The IMSS should instantly locate the multiple targets’ initial positions when the system
starts up. When the vision system is on standby or the targets are obscured by obstacles,
the IMSS can still track the targets’ motion by using the RFID system. The paper
investigates the robustness of the RFID system when tracking multiple targets. The
tracking improvement is accomplished by the application of the Levenberg-Marquardt,
LM, algorithm with the GM-PHD filter.
The main contributions of the paper can be summarized as follows:

4.



Use of a minimization algorithm to estimate the propagation factor in the radio
propagation channel model;



Implementation of the GM-PHD filter on the LM algorithm for multi-target
tracking using RFID technology;



Verification of the GM-PHD algorithm for multi-target tracking in simulated
and real environments.

Modelling

Radio propagation in an indoor environment is affected by reflections, diffractions and
scatterings. The average radio signal power is decreased log-normally with the distance
for indoor wireless channels. In this section, the radio propagation channel model is
discussed. The estimation of the propagation factor using the minimum square error
algorithm is proposed, and the LM algorithm with the GM-PHD filter is suggested to be
used to track the multiple targets.
4.1 Radio propagation channel model
In wireless communication systems, the interaction between electromagnetic waves and
the environment reduces the received signal strength. The path loss between two
antennas strongly depends on the propagation environment. The power transfer ratio for
a pair of lossless antennas in free space with optimum orientation is given by:
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where λ is the wavelength; Pr is the received power; Pt is the transmitted power; Gr is
the receiver antenna gain; Gt is the transmitter antenna gain; and d is the distance
between antennas.
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In equation (1) the factor 
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receiver antenna gains, is referred to as the free space path loss. This is a path loss that
occurs in a physical building and takes into account reflection, path obstruction,
absorption and other attenuation effects introduced by the presence of objects inside the
building [16].
The in-building path loss propagation model used to depict the effect of obstructions
is given by:
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where do is an arbitrary reference distance away; αp is a propagation factor, i.e., the path
loss exponent which depends on the surroundings and the building types; d is the
transmitter-receiver separation distance; PL(do) is the in-building path loss at an
arbitrary reference distance away, which can be derived empirically; AWGN is additive
white Gaussian noise with a zero-mean and the standard deviation .
The radio propagation properties can be estimated by the identification procedure.
For instance, the optimized propagation factor, αp, can be estimated by applying the
minimum square error algorithm:
min
αp

i 1PLRSS di   PLα p , di 2
I

,

(3)

where PLRSS is the measured path loss from RSS for the corresponding distance di from
a reader to tag. The theoretical path loss, PL (αp, di), is calculated from equation (2). I is
the number of samples.
4.2 Target tracking using the GM-PHD algorithm
Using the wireless wave propagation model (2), we can estimate the distances from a
tag to the multiple base stations, the RFID readers, using RSS with AWGN. For each
reader as a center, a sphere can be formed with a radius equal to the distance from the
station to the tag found from the RSS. The straightforward approach uses a geometric
method to find the intersection point of the spheres around each reader. This point
determines the tag position.
In practice, however, the calculated distances from a tag to the readers are
contaminated by noise. The estimated spheres may not even have an intersection that
allows the tag position to be found. In this case, one can apply the LevenbergMarquardt, LM, algorithm to estimate the tag position, δ(x, y, z), [17].
The distances, Dl, from a tag position, δ(x, y, z), to the l-th reader’s position,
β(xl, yl, zl), can be described as:
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where L is the number of readers.
The LM algorithm is an iterative technique that locates the minimum of a function
expressed as:

l 1Dl    dl 2
  x, y , z 
min

L

,

(5)

where the distance from tag to readers dl is calculated from (2) according to the RSS
received by the l-th reader and where L is a number of readers.
In the framework of the multi-target tracker, the state of the multi-target position can
be described by the Random Finite Set, RFS. The state can be represented as a discrete
time k set Xk defined as:





Χk   k , i : i  1,, M  (k )

,

(6)

where M(k) is the number of targets in the space in the time k, and i is the index
variable.
Firstly, according to (5) the state of the multi-target position can be estimated using
the LM algorithm from the RSS measured by the RFID readers. Then, the multi-target
measurement can be formulated as the set:

Zk   k , j : j  1, M  (k ) ,

(7)

where M(k) is the number of observations in the time k, and j is the index variable.
The PHD algorithm assumes that each target generates observations independently
and the clutter RFS is a Poisson distribution independent of target-oriented
measurement, and that the predicted multi-target RFS is also a Poisson distribution. The
GM-PHD filter is based on three additional assumptions compared to the PHD
algorithm, [12]:
(i) Each target and the sensor follow the linear Gaussian model which can be
described by:
f k k 1 (   )  N (  ; Fk 1 ; Q k 1 ) ,
g k (  )  N ( ; H k  ; R k ) ,

(8)

where N is the normal or Gaussian distribution operator and N(·, m, Ψ) denotes a
Gaussian density with the mean m and the covariance Ψ,
Fk-1 is the state transition matrix,
Qk-1 is the process noise covariance matrix,
Hk is the observation matrix, and
Rk is the observation noise covariance matrix.
(ii) The survival and detection probabilities, pS and pD respectively, are state
independent,
(iii) The intensity of the birth RFS is a Gaussian mixture.
Like other smoothing filters, the GM-PHD filter consists of two steps: prediction and
update. The prediction equation is defined as:
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where γ is the birth intensity and w is the weight parameter.
After the object detection has been finished and k is available, the state is updated
according to:
J k k 1

vk (  )  (1  p D,k )v k k 1 (  ) 

  wk( j)  N ( ; mk( jk) ,Ψ k( jk) )

,

(10)

 Z k j 1

where v is the intensity function.

5.

Implementation and validation

In this section, simulation results are shown to validate that the GM-PHD algorithm
implemented in Matlab, can track multiple RFID targets. The performances of the LM
algorithm with and without GM-PHD are analyzed and compared. Further, the
measurements of the RFID system used in real environments verify the model and the
simulation results. To assess the uncertainty of the estimated target position by the
algorithm, we use the Euclidean distance between the actual location of the target and
the estimated location.
5.1 Method validation by the simulation results
The models introduced in the previous chapter were implemented in Matlab and the
validation scenario was then applied in a simulated space corresponding to a 3D indoor
environment. This space was covered by signal receiving ranges of three RFID readers
in order to determine the tag position. The simulation environment considered a regular
room of the size 9 m  6.5 m  3 m as shown in Fig. 2. In order to simplify the analysis
of the tracking process, the targets were represented as points in the 3D space and
located at same height as the three readers. The readers were located at A(0, 0, 1.5) m,
B(9, 0, 1.5) m, and C(9, 6.5, 1.5) m positions respectively. The propagation factor, αp,
was set as 3.00, which is consistent with the physical measurement shown the next
section.
The model validation was carried out in a noisy environment. The RSS was
simulated from the radio propagation path loss channel model (2) as a function of the
distance between the tag and the reader, and contaminated by the AWGN. The noise
takes input disturbances into account. In this simulation, the Gaussian noise distribution
with the standard deviation 1.5 and the mean 0 was added.
To validate the GM-PHD algorithm implemented in Matlab and applied for RFID
multi- target tracking, the trajectories of two targets in a form of circular motion and
straight line motion respectively were used. The RFID tags’ positions were first
estimated by the LM algorithm (5) according to the distance from the tags to the
different readers, where the distance was estimated using the path loss radio propagation
channel model (2). Then, the GM-PHD algorithm was applied. In Fig. 2, the tag
circular and straight line motion are illustrated as a red dash line and green solid line
respectively, and the prediction positions from the GM-PHD algorithm are shown as red
crosses and green asterisks respectively. Fig. 3 indicates the tracking manner of the
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Fig. 2. The schematic diagram of the two targets motion paths in space simulation

GM-PHD algorithm in the x and y directions in respect to the time k. The same two
truth trajectories as in Fig. 2 are presented as solid red and green lines, respectively. The
GM-PHD predications of each of the two targets are marked as the red crosses and
green circles respectively. The algorithm tracks the targets’ movement successfully
which confirms the GM-PHD algorithm’s ability to track the multiple targets. The
estimation uncertainties of the LM algorithm with and without GM-PHD are shown in
Table I. Applying the GM-PHD algorithm reduces the mean and standard deviation of
the distance estimation uncertainty by 30% and 33%, respectively.

Fig. 3. The target motion paths in space from Fig. 2 in the x and y coordinates; for different
target the ground truths are marked as the solid lines and the predictions by the GM-PHD are
marked as crosses and circles respectively.
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5.2 Physical Experiment
The active RFID system for target tracking consists of active tags and readers. The
active tag used was a Wavetrend TG100-A, which is generally used for personnel
tagging. The RFID reader was a Wavetrend RX-900 with an AN100 whip antenna,
where the fronted side of the reader orients to the tag. The reader radio signal coverage
was greater than 15 meters and at a working frequency of 433.92 MHz. The
environment is considered as a free space of the size 9 m  6.5 m  3 m. The tag was
mounted on a tripod and moved in the room without any obstacles and the tag antenna
was kept in the vertical direction. The gross error was removed from the measurement
of the radio signal strength, [18].
The propagation factor αp was found using the optimization algorithm (3) for 20
samples when the tag moved away from the reader by a distance of 1 meter to 20 meters
with an interval of 1 meter. Each sample was calculated as a mean value of three RSS
measurements taken from each position of the tag. The propagation factor, αp, was
found to be 3.00.
Table I: The distance estimation uncertainty of the LM algorithm with and without the GMPHD filter for the simulation and the physical experiment.
Experiment
Simulation
Physical

Distance estimation
uncertainty
Mean [m]
Standard Deviation [m]
Mean [m]
Standard Deviation [m]

With GM-PHD

Without GM-PHD

0.7
0.4
1.0
0.6

1.0
0.6
1.4
0.9

Fig. 4 shows the schematic diagram of the experiment. Three readers were located at
the A(0, 0, 1.5) m, B(9, 0, 1.5) m and C(9, 6.5, 1.5) m positions respectively. Two tags
were used in the real experiment and their trajectories are depicted in the figure as blue
circles and turquoise squares respectively. The positions estimated by GM-PHD
algorithm are marked as red crosses and green asterisks, respectively. Fig. 5 indicates
the tracking manner of the GM-PHD algorithm in the x and y directions in the real
environment in respect to the time k. The result verifies the GM-PHD algorithm ability
to track a multi-target.
The estimation uncertainties when tracking real RFID tags using the LM algorithm
with and without the GM-PHD filter are shown in Table I. Applying the GM-PHD
algorithm reduces the mean and standard deviation of the distance estimation
uncertainty with about 29% and 33% respectively, which validates the similar
simulation results.

6.

Conclusions

The paper proposes the LM algorithm with the GM-PHD filter to track multiple targets
using the RFID system for ambient assisted living applications.
The propagation factor for the radio propagation model in the RFID system can be
found by applying the optimal algorithm with the minimum square error. This robust
and flexible method can be used to adjust the factor to different environments.
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Fig. 4. The schematic diagram of the physical experiment

The LM algorithm with and without the GM-PHD filer has been implemented for
multi-target tracking in RFID systems by Matlab. The ability of the GM-PHD algorithm
for multi-target tracking is validated by simulation and real environment experiments. It
is shown that the algorithm successfully tracks multiple targets while using the RSSs of
each tag. The GM-PHD algorithm improves the accuracy of the target position
estimation. The simulation and physical experiments show an improvement of the mean
value by 30% and 29%, respectively, and an improvement of the both standard
deviations by 33%, when compared to using the LM algorithm without the GM-PHD
filter.

Fig. 5. The target motion paths in physical experiment environment in the x and y
coordinates; for different targets the ground truths are marked as the red and green solid
lines respectively and the predictions by the GM-PHD are marked as red crosses and green
circles respectively.
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In future work, the radio propagation model and the tracking algorithm should be
investigated in more complex environments. The integration of the vision and RFID
systems is going to be developed to use the tag position measured by the vision system
as a reference to calibrate the RFID system. This lets the system automatically adjust
the radio propagation factor according to changes in the environment.
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Abstract
The paper presents a method for planning the position of multiple stereo sensors in an
indoor environment. This is a component of an Intelligent Vision Agent System. We
propose a new approach to optimize the multiple stereo visual sensor configurations in
3D space in order to get efficient visibility for surveillance, tracking and 3D
reconstruction. The paper introduces a constraints method for modelling a Field of View
in spherical coordinates, a tetrahedron model for target objects, and a stereo view
constraint for the baseline of paired cameras. The constraints were analyzed and the
minimum amount of stereo pairs necessary to cover the entire target space was
optimized by an integer linear programming. The 3D simulations for human body and
activities space coverage in Matlab illustrate the problem.
Keywords: Sensor Placement, Multi Stereo View.

1.

Introduction

Vision is one of the most important information sources for humans. Human senses and
the ability to process this information may be extended by the use of advanced
technologies. The Intelligent Vision Agent System, IVAS, is such a high-performance
autonomous distributed vision and information processing system. It consists of
multiple sensors for gathering information and surveillance but also control of these
sensors including their deployment and autonomous servo. It is able to extract 3D
model information from a real scene of target objects, and compare this with a pattern in
order to make decisions. Meanwhile the patterns are also renewed by the inclusion of a
learning phase. These features enable the system to dynamically adjust camera
configurations to track, recognize and analyze the objects, to achieve the desired 3D
information. The Intelligent Agent consists of a knowledge database, with learning and
decision making components. Figure 1 shows the block diagram working sequence of
the IVAS. The paper focuses on the planning of stereo pair deployment of the system.
The critical problem for the system is to find the optimal configuration of sensors so
that the features of the environment and target objects are visible under the required
constraints. The sensors’ intrinsic and extrinsic parameters are examples of parameters
considered while choosing the configuration. The system also requires optimal
configuration for stereo pair design.

124

Figure 1: The block diagram of Intelligent Vision Agent System.

1.1

Related works

The sensor planning can be viewed as an extension to the well-known Art Gallery
Problem, AGP, (O’Rourke, 1987). In its simplest form, the AGP describes a simple
polygon, often with holes, and the task is to calculate the minimum number of guards
necessary to cover the entire polygon. Sensor planning has a similar goal, to minimize
the number of sensors needed to cover the target space. The AGP has a Field of View,
FoV, of 360 for the guards, whereas in sensor planning the camera’s FoV is limited by
image resolution and the viewable angles of cameras. A stereo view requires the target
space to be covered by at least two views.
Camera placement algorithms based on binary optimization techniques are known,
and analyzed for camera deployment in a polygonal space in 2D space
(Erdem&Sclaroff, 2006). Also a linear programming method to optimize sensor
placement, with respect to coverage, has been developed (Hörster&Lienhart, 2006;
Chakrabarty et al., 2002). Using the sensor detection range r to solve the area of grid
coverage problem is common (Hörster &Lienhart, 2006; Chakrabarty et al., 2002; Zou
&Chakrabarty, 2004). A quality metric including a probabilistic occlusion can be used
to evaluate the optimum configurations of multiple cameras (Chen, 2002). The sensor
planning can be analyzed by examining the visibility in the dynamical environment, and
the result simulated by re-annealing software (Mittal, 2006). An optimal stereo vision
configuration for a mobile robot focuses on optimizing the stereo pair orientation to
detect static obstacles where the stereo pair is assumed to be known a priori
(Huang&Krotkov, 1997). For a model-based sensor placement, the target geometry
information is known (Fleishman et al., 2000; Chen&Li, 2004). Mobile single camera
positioning to optimize the observability of human activity has been studied (Bodor et
al., 2005). There has been relatively little work on determining optimal multiple sensors
for sensor configurations (Mittal, 2006).

2.

Problem formulation

The algorithm proposed in the paper works in 3D space and a new approach to define
the camera’s FoV, applied in spherical coordinates, is proposed. In the presented
solution the maximum volume of FoV coverage becomes a part of sphere that simplifies
the calculation. The definition is intrinsically related to the sensor’s physical
parameters, such as the dimension of the CCD and focus length. For the camera’s view,
this paper considers not only the problem of coverage, but also the orientation of the
target. To deal with this, a target space is modelled by a tetrahedron. The presented
method formulates all factors into the constraints, and has a flexible way to add other
constraints. Knowledge of stereo technology is integrated, a greedy stereo pair search
algorithm solving for the minimal amount of stereo pairs by Integer Linear
Programming, ILP, is proposed and the ILP model is given.
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2.1 Problem statement and main contributions
The paper addresses the problem of determining the optimum amount of cameras and
corresponding positions and poses to observe human body and activities space in stereo
views.
The main contributions of the paper may be summarised as follow:


The new approach to modelling a 3D FoV using spherical coordinates;



Modelling of human and target space as tetrahedrons;



Stereo pairs formulation by a greedy algorithm using stereo constraints;



Minimizing the amount of stereo pairs by means of the stereo view integer
linear programming model.

2.2 Definitions and constraints
The space denotes a 3D indoor environment. The target object or space describes the
space for human body and activities, and is required to be covered by cameras’ FoVs. In
other words, it should be visible to the cameras and respect the minimal requirements of
each constraint. The constraints analysis ensures sufficient data of scene features for 3D
reconstruction and image analysis. Design of the optimal parameters for cameras’
positions, poses and stereo baseline length is done according to the criteria from
cameras’ FoVs; the target objects and stereo matching.
The following factors formulate the constraints:
Field of View is the maximal space volume visible from a camera. The FoV is a cone
determined by the azimuth and elevation within a spherical coordinate system.
Image Resolution, IR, describes the visibility of the object in a camera view as the size
of the object in the image. IR is affected by the distance from camera to the target object
and the angle between the camera view direction and the orientation of the target
objects surface.
Stereo Baseline Length is the distance between the paired cameras in a stereo view.
Stereo matching becomes harder when the baseline length increases.
2.2.1 Camera constraints
The horizontal and vertical viewable angles of the camera can be determined by the
focal length of the lens and the size of the CCD element:

 h  2 arctan

Sh
S
, v  2 arctan v ,
2f
2f

(1)

where h and v define the horizontal and vertical viewable angles of the camera FoV;
Sh, Sv are the horizontal and vertical dimensions of the CCD element, and f is the focal
length of the lens.
The camera working distance, r, is the radius of a sphere and can be calculated from
the focal length of the lens f and image resolution requirement.
The camera position C(xc,yc,zc) and pose (c,c) describe the camera’s extrinsic
parameters. The camera pose defines its azimuth c and elevation c.
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In the world frame, the target object and camera’s position and pose are described in
Cartesian coordinates. In the camera view, a spherical coordinate system is applied. The
distance l between the target position O(x,y,z) and camera position C(xc,yc,zc) is:

l  ( x  xc ) 2  ( y  y c ) 2  ( z  z c ) 2 .

(2)

The azimuth o and elevation o of target object with respect to camera position are
given by

 o  arctan

z  zc
x  xc
,  o  arcsin
.
y  yc
l

(3)

In order for the target object feature point to be covered by the camera’s FoV, the
following constraints must be fulfilled:
l  r and
 c  h / 2   o   c  h / 2 ,

 c  v / 2   o   c  v / 2 .

(4)

In the spherical coordinate systems, the range of the camera’s FoV is directly
determined by Sh, Sv, r and f, which makes it easy to dynamically compute FoV
according to the changing of the focal length f. The modelling of the FoV can be viewed
as a part of the sphere, as shown in Figure 2.
2.2.2 Object constraints
In the human living environment, we always have some knowledge about the target
objects and space under observation, e.g. the floor plan of the room, the geometric
properties of the furniture, human body and activities space, etc.
The 3D target object or space can be modelled by a tetrahedron, giving four
triangles. We define four vertices of tetrahedron by Tv1,2,3,4, as in Figure 3. The three
upward triangles are required to be covered by cameras’ FoVs. The normal of each

Figure 2: The spherical co-ordinates system and FoV of a camera where C is camera
position and the example target point is located at point T.
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triangle gives the orientation of the surface. If the visibility angle , between the
triangle normal n and a line drawn from the centroid of triangle to camera position
increases then the image resolution decreases. In order to get good image resolution, an
angle  less than the maximum visibility angle max is required:

   max .

(5)


It is best that the camera orientation c lines up with the centroid of triangle,
bringing the target object to the centre of the camera’s FoV and causing less lens

distortion. The angle between camera orientation c and a line drawn from camera
position to the centroid of triangle less than the maximum max is also required and
constrained as:

   max .

(6)

The triangle is considered to be covered if all three vertices are within a camera’s
FoV and fulfil constraints (5) and (6), guaranteeing good observability of the target
object.
2.2.3 Stereo pair constraints
We construct the stereo coverage from the overlap of two cameras’ FoVs. Overlapping
FoVs are typically used in computer vision for the purpose of extracting 3D information
(Khan et al., 2001). The area of stereo coverage must cover all of the target objects.
Assuming the camera is a pinhole camera, the 3D depth Z is given by (Faugeras, 1993):

Z

Bf
,
dx

(7)

where B is the baseline length between two cameras and dx is the disparity.
The accuracy of depth resolution relies on stereo matching, but stereo matching
becomes harder as the baseline length increases. Hence, we have a constraint defining

Figure 3: Illustration of the human space modelled as a tetrahedron;  - the visibility angle

between the triangle normal c and a line from the centroid of the triangle to the camera

position;  - the angle between the camera orientation c and a line from the camera
position to the centroid of the triangle.
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the maximum baseline length for stereo matching:

B  Bmax .

3.

(8)

Approaches

The stereo pair placement problem consists of two stages. Firstly, we find potential
stereo pairs that satisfy stereo constraint by greedy searching from all potential cameras’
positions and poses. Secondly, we minimize the amount of stereo pairs needed, subject
to the coverage constraint.
3.1 Greedy algorithm
The algorithm gives a flexible way to organize cameras into stereo pairs, each potential
camera to be included in a stereo pair may be chosen by an algorithm according to the
stereo pair constraint. The first step of the algorithm is to sample the potential camera’s
positions Cn(xcn,ycn,zcn) and poses n(cn,cn) of the camera state, Scamera Ck , , where k is
camera state index number. The target object, which we must cover, is modelled as a
tetrahedron. In the next step, we compute all of the potential cameras’ positions and
poses needed to cover each upward triangle of this model. Taking this, we combine
every two camera states to be a potential stereo pair, Stereopairi, according to the stereo
constraint (8). The algorithm is sufficiently flexible to add other constraints for stereo
pairs, e.g. the angle constraint between the cameras’ optical axes. Finally the algorithm
removes the redundant potential stereo pairs.
n

n

3.2 Stereo view integer linear programming model
This model assumes that one type of camera is used throughout, resulting in just one
camera’s FoV being considered. The optimization of the amount of cameras with
different FoVs also can be easily extended, by adding one more term for different FoVs.
Since the stereo pairs have been found by the greedy algorithm, the integer linear
programming can be applied to minimize the total stereo pairs subject to the coverage
constraint (Hörster &Lienhart, 2006; Chakrabarty et al., 2002).
A binary variable is computed and stored in advance. The stereo visibility binary
variable table Stereovisj,i is defined by:
Stereovis j ,i

1 if a Stereopairi covers


triangl e j of target object model ,
0 otherwise


(9)

which indicates each triangle j as the row j to be covered by the stereo pair i in the
column i, and 1  i  K s , where Ks is the total number of stereo pairs.
This objective function minimizes the number of stereo pairs needed to cover all
triangles in the target object model, and also ensures that the target object is covered by
at least one stereo pair:
Ks

min  S i ,
i 1

subject to

(10)
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Ks

S
i 1

i

 Stereovis j ,i  1 , for j  1, 2, 3 ,

(11)

where the Si is the binary variable where a “1” indicates the stereo pair to be chosen.
To ensure that only one camera is located at each position and has only one pose, the
conflict binary variable table cp,i is also calculated in advance and defined by:

c p ,i

1




0

if two pairs i and p share the
same camera with different
orientatio ns, where i  p

,

(12)

otherwise

for i=1, 2, , Ks, and p=1, 2, , Ks.
One more constraint is added into the model:
Ks

S
i 1

i

 c p ,i  1 ,

for p  1, 2,  , K s .

(13)

The information on the optimal number of stereo pairs, and which pairs to use, are
returned as vectors by the ILP model.

4.

Results

The described algorithm was simulated in MATLAB 7.0. The integer linear programs
lpsove package (Berkelaar et al., 2005) and the Epipolar Geometry Toolbox
(Mariottini&Prattichizzo, 2005) were used to minimise the amount of cameras and
transform the object position in 3D separately. The simulation environment considers a
rectangular room with size 8x8x3 m. The modelling of the human body as a tetrahedron
requires three upward triangles; each of them occludes the triangles behind it and must
be visible to at least one pair of cameras. The human model is 2 m high and 1.2 m at the
base edges. The cameras’ positions are restricted to the ceiling around the room, their
potential positions sampled at half meter intervals, and the poses sampled at 12
intervals. The camera has same horizontal and vertical viewable angles h, v of 60 and
has a working distance r of 7 m. The maximum visibility angle max and the angle max
are taken to be 70 and 10 respectively. The maximum stereo baseline length Bmax is
1.5 m.
This case study illustrates the optimum amount of stereo pairs with corresponding
cameras’ positions and poses changing according to the model location. In order to
clearly show cameras’ positions and poses, the analysis only considers the model at
three locations 1, 2 and 3, see Figure 4. The arrows indicate the optical axes of the
cameras. The index numbers indicate the model locations and corresponding cameras’
positions and poses. In each position every upward triangle surface is visible to at least
one stereo pair; the algorithm proves that a set of two pairs is sufficient to cover three
triangle surfaces. When the model moves from position 1 to position 2, the stereo pair
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positions (0,200) and (0,250) change to (0,0) and (0,50) respectively. The elevation
angle is increased as the model moves further away from the camera. At the same time,
another stereo pair located at (600,0) and (650,0) moves to (800,100) and (800,150)
respectively, the elevation angle is decreased as the model moves closer to it. The
azimuth c and elevation c in stereo pair may vary by camera individually. Both two
stereo pairs follow the model when the model changes from position 2 to position 3, see
Figure 4.

5.

Conclusion

The proposed approach is useful in determining the optimal number of cameras and
their corresponding positions and poses to observe human body and activities space in
stereo view. The stereo pair has the flexibility to adjust cameras’ poses and positions
individually. Multi camera planning and control for surveillance and tracking in
supermarkets, museums and the home environment, and especially in situations which
require stereo data to reconstruct 3D, are possible fields of application.

(b)

(a)

(c)
Figure 4: The human space modelled as tetrahedron with corresponding cameras’ positions and
poses changing according to the model location; (a) perspective view (b) top view (c) side view.
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To model the target object as a tetrahedron gives a convenient way to extract the
orientation of each surface and guarantee a good observability. Modelling camera’s
FoV using spherical coordinates simplifies the model and constraints, which speeds up
computations. Formulating the stereo pairs with greedy algorithm using stereo
constraints is a simple way to get all possible stereo pairs and then minimize the amount
of stereo pairs by means of the stereo view ILP model.
It is possible to extend this algorithm to dynamic cameras to track humans. In order
to follow target objects movement, the camera movement distance constraints can be
applied (Chen et al., 2007). The human activities space also can be extended to a large
space modelled by multiple tetrahedrons. The space can be covered without changes of
cameras’ positions and poses. Future work may focus on dynamic occlusions and
tracking multiple dynamic objects by using multiple dynamic stereo pairs.
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Abstract
This paper presents a method for planning the position of multiple stereo sensors in an
indoor environment. This is a component in an Intelligent Vision Agent System. We
propose a new approach to dynamically adjust the multiple stereo pair’s position, pose
and baseline length in 3D space in order to get sufficient visibility and enough accuracy
for surveillance, tracking and 3D reconstruction. The paper proposes visibility
constraints to plan the camera’s pose, and a depth accuracy constraint to control the
baseline length. The minimum number of stereo pairs necessary to cover the target
space is optimized by an integer linear programming. The 3D simulations of
reconstruction accuracy and the human activities space coverage problem were
performed in Matlab.
Keywords: Active Vision, Image Reconstruction, Position Control, Stereo Vision.

1.

Introduction

Vision is one of the most important information sources for humans. Human senses and
abilities to process this information may be extended by the use of advanced
technologies. The Intelligent Vision Agent System, IVAS, is one such highperformance autonomous distributed vision and information processing system. The
IVAS has learning and decision making functions. For such a system, the critical
problem is to find the optimal configurations of sensors and to control a reconstruction
accuracy level, so that the features of environment and the target object are visible
under the required constraints. The stereo pair’s position, pose and baseline length are
the most important factors for the 3D reconstruction. The agent system can apply a
depth accuracy constraint according to the requirements to get sufficient accuracy, but
too high accuracy requirements will restrict a camera movement unduly.
Sensor placement algorithms based on binary optimization techniques are known,
and have been analyzed for camera deployment in 2D space, e.g. a linear programming
method to optimize sensor placement with respect to coverage has been
developed, [1], [2]. The optimum number of cameras and corresponding positions and
poses to observe human activities space by a linear programming model is known, [3].
The planning of the sensors can be carried out by examining visibility in the dynamical
environment, and the result can be simulated by a re-annealing software, [4]. In the field
of active vision, there have been some studies on the dynamical adjustment of stereo
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baseline for one stereo pair to improve the reconstruction accuracy, [5], [6]. However,
there has been relatively little work on determining optimum sensor configurations, [4].

2.

Problem formulation

The paper addresses the problem of determining the multiple stereo pair’s baseline
lengths, corresponding positions and poses to observe the human activities space with a
depth accuracy requirement.
2.1 Problem statement and main contributions
The algorithm proposed in the paper works in 3D space. The human activity space is
defined by a tetrahedron. The approach dynamically adjusts the stereo pair’s baseline
length according to the accuracy requirement and the target distance as a distance from
the target position to the stereo pair baseline. The 3D reconstruction accuracy, which is
ensured by the accuracy constraint, can be verified by a cubic reconstruction. The
minimum quantity of stereo pairs to cover the human activity space is solved by means
of Integer Linear Programming, ILP.
The main contributions of the paper may be summarised as follow:


To analyse the key factors which affect the accuracy of 3D reconstruction,
assuming that a depth quantization error is given by a single image pixel;



To control the stereo pair’s baseline length, position and pose by means of a
depth accuracy constraint, which guarantees a certain accuracy in the 3D
reconstruction;



To implement a cubic reconstruction, to verify the reconstruction accuracy;



To apply the two stages sampling rate and the limited movement range for the
camera positioning system, where a new camera position is found based on the
previous position and a movement distance constraint.

2.2 Definitions and constraints
The space denotes a 3D indoor environment and the target is a human activity space
covered by the camera’s Field of View, FoV. We implemented three types of
constraints to ensure sufficient data from the 3D scene.
2.2.1 Visibility and baseline length constraints, [3]
The camera constraints describe the camera’s FoV. In the spherical coordinate systems,
the camera’s horizontal and vertical viewable angles, h, v, and a working distance, r,
can be calculated from camera’s attributes.
In order for the target object’s feature points to be covered by the camera’s FoV, the
following constraints must be fulfilled:
l  r and

 c  h / 2   o   c  h / 2 ,
c  v / 2  o  c  v / 2 ,

(1)
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where: l is the distance between the target position and camera’s position; o, o are
respectively the azimuth and elevation of target; c, c are respectively the azimuth and
elevation of the camera’s pose.
The human activities space is modelled by a tetrahedron. The normal of each triangle
gives the orientation of its surface. If the visibility angle, , between the triangle normal
and a line drawn from the centroid of triangle to the camera’s position, increases then
the image resolution decreases. In order to get a good image resolution, the visibility
angle, , of less than the maximum visibility angle, max, is required:

   max .

(2)

The camera’s orientation should line up with the centroid of triangle, thus bringing
the target object to the centre of camera’s FoV and causing less lens distortion. The
angle between the camera’s orientation and the line drawn from camera’s position to the
centroid of triangle,  , of less than the maximum max is required and is constrained as:

  max .

(3)

Since stereo matching becomes more difficult when the baseline distance increases,
the baseline length has to be limited to the maximum stereo baseline length, Bmax:
B  Bmax .

(4)

2.2.2 Depth accuracy constraints
We construct the stereo coverage from the overlapping of two cameras’ FoVs. The
overlapping FoVs are typically used to extract 3D information. The area of stereo
coverage must cover all the target objects. In the most common case, the cameras form
a converging stereo pair. Cameras’ poses azimuths and baseline are shown in Fig. 1.
Cameras’ convergence angles, (cl, cr), are the angles of each camera rotated inwards
from the parallel to achieve convergence. The target convergence angles, (l, r), are
the angles between the visual lines of each camera and the baseline perpendicular. From
Fig. 1, simplifying:  = l = r and c =cl =cr, we obtain:
Z

B
,
2 tan

(5)

where: B is a baseline length and Z is a target distance.
The equation (5) can be written as:

Z

tan c  tan( c  ) 
B 
1
.
 

2  tan c  tan( c  ) tan c  tan( c  ) 

(6)

In the case of parallel stereo or with the target close to the fixation point, the c or
(c-) varies by a small amount, and the equation (6) can be further simplified. The
resolution of the target convergence angle, , is related to a single pixel, p, in the image,
thus the relative depth error can be written as:

cos  c
Z
p
p

  AF  ,
Z
sin cos( c  ) f
f

(7)
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Target

l  r

Fixation
point

Z

 cl  cr

f

Zo

 cr

f

B

dl

dr'

dl'

dr

 cl

Fig. 1. The model of stereo pair geometry; Z0 is the depth of the fixation point, dl-dris
stereo disparity, f is focal length.

where: AF is the depth accuracy factor, f is a focal length, and the depth quantization
error is assumed to be one pixel, p.
The depth error is proportional to the depth accuracy factor. In fact, since the depth
accuracy factor varies more significantly with respect to the target convergence angle, ,
than to the camera’s pose, c, therefore the target convergence angle determines the
depth accuracy factor. The accuracy constraint for a given p can be defined as:
AF  AFcon ,

(8)

where: AFcon is determined from the reconstruction accuracy requirements of the given
application.
2.2.3. Camera movement distance constraints
In order to follow the movement of target object, camera’s movement distance
constraint can be applied. The next-view position for the camera should not be placed
too far away from the previous one. This constraint is formulated as:
Dist(StereoPairnext , StereoPaircurrent )  Dismax ,

(9)

where: Dismax is the camera’s maximum movement distance.
This constraint for obvious reasons will simplify computation.

3.

Approach

Solving the stereo pair placement problem utilises the three distinct stages.


Firstly, the depth accuracy factor constraint, AFcon, is applied for the target. All
potential stereo pairs that satisfy the constraint are found by a greedy
algorithm, [3].
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Secondly, to minimize the amount of stereo pairs needed, the optimum number
of stereo pairs is subject to the coverage constraint by the stereo view integer
linear programming model, [3].



Finally, in order to verify 3D reconstruction accuracy, the cubic reconstruction
is simulated using a pair of rectified scene images. The rectification matrix is
computed directly from the perspective projection matrix, PPM, [7], and the
rectification algorithm also gives two new PPMs, Pn1 and Pn2. The cubic
reconstruction in 3D can be performed with a triangulation method directly
from the rectified images, using Pn1, Pn2. The 3D reconstruction error, rec, for
a single pixel error along a horizontal direction in the rectified image, has same
value as the depth error and is given by:
1 8 ˆ
rec 
 Mi  Mi
8 i 1

2

,

(10)

where M̂ i gives the coordinates of the reconstruction point i in a cube of the
rectified images and Mi gives the real coordinates of the target point i in the
cube.

4.

Results

The simulations were performed in MATLAB 7.0. The integer linear programs lpsove
package, [8], and the Epipolar Geometry Toolbox, [9], were used to minimise the
number of cameras and transform the object position in 3D separately. The simulation
environment considers a rectangular room with size 8 m  8 m  3 m. The modelling of
the human activities space as a tetrahedron requires three upward triangles; and each
triangle must be visible to at least one pair of cameras. Each model is 2 m high and
1.2 m at the base edges. The cameras’ positions are restricted to the ceiling around the
room, their potential positions sampled at 0.2 m intervals in the initial phase, and 0.1 m
intervals for a next view camera’s position; Dismax is taken 3 m. The camera’s pose is
sampled at 12 intervals. The cameras have the same horizontal and vertical viewable
angles, h, v, of 60 and have a working distance, r, of 7 m. The maximum visibility
angle, max, (2) and the angle, max, (3) are taken to be 70 and 10 respectively. The
pixel size of our vision system, p, is 0.02 mm and focal length, f, is 1.21 cm. The
maximum stereo baseline length, Bmax,, is 1.5 m. The cubic centre is located at the
centroid of tetrahedron and each edge is 10 mm.
This case study illustrates how the variable stereo baseline length, camera positions
and poses vary according to the accuracy requirement and the target location. In order to
illustrate the cameras’ positions and poses, the analysis considers the target model at
four locations, 1, 2, 3 and 4, see Fig. 2. The arrows indicate the optical axes of cameras.
The index numbers indicate the model locations and corresponding cameras’ positions
and poses calculated according to the maximum accuracy factor. The circles are the
camera’s potential sample positions. The sample positions and intervals are changed
according to the camera’s previous position with the constraint (9). In each position
every upward triangular is visible to at least one stereo pair. The algorithm proves that a
set of two pairs is sufficient to cover the three triangle surfaces. The stereo baseline
length is dynamically changing according to the distance to the target.
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Fig. 2. The stereo pair positions, poses and baselines with the depth accuracy
factor AFcon = 8, for the moving target.

Fig. 3 illustrates a case of four different values of AFcon applying to a target at the
same position. The index number indicates the corresponding stereo pair according to
AFcon. The stereo baseline lengths and reconstruction errors for the different accuracy
factors are shown in Table I. It proves that the baseline increases as AFcon become more
restricted, and the reconstruction error is smaller.

Pair a

Pair b

Pair b

Fig. 3. The stereo pair positions and baseline lengths for the same target
location vary according to the different accuracy.
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Table I. The baseline lengths of two pairs and the reconstruction errors for different
accuracy factors
IN
1
2
3
4

AFcon
8
11
14
17

Ba
100
70
60
50

Bb
80
60
50
40

rec

Zmax

3.3
4.5
4.9
5.2

4.5
6.2
7.9
9.7

IN: the index number; AFcon: the reconstruction accuracy requirement; Ba, Bb: baseline lengths
for each pair, [cm]; rec: the maximum value reconstruction error of pairs, [cm]; Zmax: the
theoretical maximum depth error, [cm].

5.

Conclusion

The proposed approach is useful in the dynamic control of stereo pairs’ baselines, and
their corresponding positions and poses, to observe a human body and its activities
space. The baseline of stereo pair may be adjusted according to the accuracy
requirements and target distance. The planning and control of multi stereo pair’s
baselines, positions and poses for surveillance and tracking in supermarkets, museums
and the home environment, and especially in situations which require stereo data to
reconstruct 3D with a required accuracy, are possible fields of application.
The analysis of key factors which affect the accuracy of 3D reconstruction shows
that the convergence angle, , and target distance, Z, are most significant. The depth
accuracy constraint may be sufficient to control the stereo pair’s baseline length,
position and pose. It is an effective method for system decision making and is easy to
implement. From the simulation results, it is readily noticeable that the cubic
reconstruction is useful in verifying the reconstruction accuracy and the proposed
method of baseline length control has been proven. The two stages camera’s position
sampling has the flexibility to adjust the intervals and position ranges, and speed up
computation. Future work could be to improve the human geometry model, for instance,
it is possible to mark two of the upper triangles of tetrahedron to represent the human
forefront. Camera zooming and human self-occlusions would be also an interesting
study subject.
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a Stereo Vision System
Jiandan Chen, Soheil Ghadami and Wlodek Kulesza

Abstract
This paper evaluates the performance of the Gaussian Mixture Probability Hypothesis
Density (GM-PHD) filter for tracking multiple targets in an intelligent vision system. A
stereo vision camera is used to get the left and right image sequences in order to extract
3-D coordinates of the targets’ positions in the real world scene. The 3-D trajectories of
the targets are tracked by a GM-PHD filter. Moreover, the label continuity of the targets
is guaranteed by a new method of labeling. Motion speed and angular velocity are
proposed for the evaluation of the accuracy and label continuity of the filter in the
implemented 3-D test motion model. The simulation results for two moving targets
show that the proposed system not only robustly tracks them, but also maintains the
label continuity of the two targets.
Keywords: Performance Evaluation, Probability Hypothesis Density, Stereo Vision, Trajectory
Tracking.

1.

Introduction

The tracking of moving objects has very diverse applications in almost all endeavours of
life in present-day society, including security, surveillance, robotics, aeronautics,
medicine, and sports. Object tracking is the fulcrum of the Intelligent Vision Agent
System, IVAS, [1], which is a high-performance autonomous distributed vision and
information processing system. The objective of multiple-target tracking is to estimate
the number of targets at each time step from noisy measurements and correctly track
them in the consecutive time steps. However, missed detection, vague tracks, and
information lost due to occlusion and crossing-targets are among the essential problems
in the motion tracking research field.
The inferential measurement is used to determine the dynamic behaviours of a
process such as the ability of a system to process, store, transform, and transmit data, [2].
Validation and evaluation methods are the inferential measurement used to verify
correctness and evaluate the performance of the analytical model and the procedure
employed for a specific task. Evaluation results allow an estimation of the quality,
reliability, efficiency, complexity and consistency of the analytical results. The measures
used for evaluation are based on simulation and/or real experimental tests, [3].
In this paper, a parallel stereo vision system, a setup of two cameras with parallel
optical axes, is applied to get the left and right image sequences of the targets’ positions
in the scene. The left camera’s optical center is set as the original coordinate system, i.e.
xy, plane is parallel to the left camera’s image plane, and z is the targets’ distance to the
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left camera’s position. Here, the proposed GM-PHD filter tracks the x, y, and z
coordinates of the targets in the world coordinate system with respect to the left camera
coordinate system, in contrast to many single-view filters which track the pixel
coordinates in the image plane, [4]. The experimental results show that the proposed
GM-PHD filter, combined with a stereo vision camera is able to properly track each
dimension of the targets and associate observations with the appropriate targets. The
Wasserstein distance from theoretical statistics was adopted as a means of defining a
metric for multi-target distances which penalizes when the estimate of the number of
targets is incorrect, [5]. The 3D circular motion test signal is introduced to evaluate the
tracking performance according to the target speed and the angular velocity. The test
signal with its standardised characteristics makes it possible to compare different
methods and their efficiency for multi-target tracking
1.1 Survey of related works
Most traditional tracking algorithms such as Multiple Hypothesis Tracking (MHT), [6]
and Joint Probabilistic Data Association Filter (JPDAF), [7], involve explicit association
between measurements and targets. However, researchers have recently focused on
Random Finite Sets (RFS) theory in which measurements and states are treated as
random sets. Modeling set-valued states and set-valued observations as RFSs allows the
problem of dynamically estimating multiple targets in the presence of clutter and
association uncertainty to be cast in a Bayesian filtering framework, [8], [9]. A typical
tracking algorithm based on the Bayesian’s recursion computes the posterior probability
density of a process based on the prior probability density of the process and the
likelihood function, [8].
Furthermore, the multiple-target recursive Bayes filter based on the random Finite Set
Statistics (FISST) is the theoretically optimal approach to multiple-sensor multiple-target
detection, tracking, and identification, [10]. Mahler, [9], developed an approximation
model called the Probability Hypothesis Density (PHD) filter for Bayes filtering to
compensate for its computational intractability. A generic sequential Monte Carlo
technique estimates states from the particles representing the posterior intensity using
clustering techniques such as K-mean or expectation minimization, [11]. Cardinalized
Probability Hypothesis Density (CPHD) is a generalization of the PHD recursion that
jointly propagates the posterior intensity and the posterior distribution of the number of
targets, [12].
Zhou and Aggarwal, [13], classified labeled tracked blobs into several model cues and
the occluded target is matched with an appropriate class. Mozerov et al., [14], have
proposed an approach based on the matching of the multiple trajectories in time to
overcome long-term occlusion of targets. It is an interpolation algorithm to match the
disconnected parts of the same trajectory during the occlusion. Parrilla et al., [15],
presented an algorithm for 3-D tracking objects in a stereo video sequence by combining
optical flow and stereo vision, and then proposed an adaptive filter and neural networks
to handle occlusion. Darrell et al., [16], combined stereo, colour, and face detection
modules into a single system and tracked face and body parts.
1.2 Problem statement and main contribution
A combination of a tracking filter with a stereo camera extends the vision system ability
to track the multi target in 3-D space. Target movement features are influential factors in
the evaluation of the tracking filter performance. The target speed motion and angular
velocity play key roles in the GM-PHD filter’s tracking performance.
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The main contributions of the paper can be summarized as follows:


The GM-PHD filter for multi-target tracking using a stereo vision camera is
modeled and implemented in MATLAB, and validated by applying two random
motion trajectories;



The 3-D spatial motion test signal is introduced to evaluate the filter tracking
performance in terms of its accuracy and label continuity.



The two key parameters, the motion speed rω, and angular velocity ω, in the
motion model test signal are proposed for the evaluation of the GM-PHD
filter’s tracking performance;



The robustness of the filter performance on occlusions for multitracking is
investigated.

2. Modeling of the GM-PHD filter and the test spatial motion
introduction
2.1 A model of the GM-PHD filter for multi-target tracking
In the framework of the multi-target tracker, the multi-target state can be described by
the RFS. The multi-target state can be represented as a discrete time k set Xk defined as:





Χ k   k , i : i  1,, M  (k )

,

(1)

where Mχ(k) is the number of targets in the scene in time k, and i is the index variable.
The multi-target measurement Zk from the camera sensor is the set:





Z k   k , j : j  1,M  (k )

,

(2)

where Mδ(k) is the number of observations in the time k, and j is the index variable.
The GM-PHD filter is based on three additional assumptions compared to the PHD
filter [8]:
(i) Each target follows a linear Gaussian dynamical model, and the sensor has a linear
Gaussian measurement model that can be modeled as:
f k k 1 (   )  N (  ; Fk 1 ; Q k 1 ) ,

(3)

g k (  )  N ( ; H k  ; R k ) ,

where N(·; m; Ψ) denotes a Gaussian density with the mean and the co-variance Ψ,
Fk-1 is the state transition matrix, Qk-1 is the process noise co-variance, Hk is the
observation matrix, and Rk is the observation noise co-variance.
(ii) The survival and detection probabilities denoted as pS,k(χ)= pS,k, pd,k(χ)= pd,k are
independent.
(iii) The intensity of the spontaneous birth is a Gaussian mixture can be expressed as:
 k   

 w(i,)k N  ; m(i,)k , Ψ (i,)k 

J  ,k

i 1

,

(4)
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where Jγ,k, w(i,)k , m(i,)k , Ψ (i,)k , i=1,…, Jγ,k are given model parameters that determine the
shape of the birth intensity [4]. The posterior intensity at time k-1 is given as follows:
vk 1 (  ) 

J k 1

 wk(i) 1N ( ; mk(i) 1,Ψ k(i)1)

(5)

.

i 1

Then, the predicted intensity at time k is given by:
vk k 1 (  )  vs, k k 1 (  )   k (  ) ,

(6)

where γ is the birth intensity, w is the weight parameter, and:
vS , k k 1 (  )  pS , k

J k 1

 wk(i) 1N ( ; mS(i,)k k 1,Ψ S(i,)k k 1)

(7)

.

i 1

After the object detection has been finished and Zk is available, the posterior intensity
is updated by:
J k k 1

v k (  )  (1  p d ,k )v k k 1 (  ) 

  wk(i)  N ( ; mk(i)k ,Ψ k(ik) )

.

(8)

 Zk i 1

2.2 Track labeling in the GM-PHD filter
With the stereo vision camera’s configurations given in Chapter IV and taking the left
camera’s coordinate system of the stereo pair as the reference one, we are able to obtain
the reconstructed position δk, j =(xk, j, yk, j, zk, j) of the target j at the time k, in the real
world frame with respect to the left camera’s coordinate system, [17], where:
bf

 zk , j  D 
k, j

ul k , j z k , j


 xk , j 
f

vl k , j z k , j

 yk , j 
f



(9)

,

and k and j subscripts are skipped for generalization; (ul, vl) and (ur, vr) are the left and
right image plane coordinates in pixels, respectively, ∆ is the pixel size, D = ul - ur is the
disparity value, and f and b are the focal length and baseline length respectively.
Each target is assigned by a fix label. If a new target appears, a new label is added to
the set, and similarly if a target dies or disappears, its corresponding label is discarded
from the labels’ set. The set of labels at time k is Lk ={lk1, lk2, lkJk}, where Jk is the number
of targets at time k.
Consider Zk={δk-1, 1, δk-1, 2}, a two-target measurement set, and its corresponding
prediction state Zˆ k k 1  ˆk k 1, 1, ˆk k 1, 2 . The labels’ set is defined as a two-value set,





i.e, Lk ={lk1, lk2}, in which lk1 and lk2 are labels of the first and the second target,
respectively. The filter detects the targets’ label discontinuity if the following condition
holds:
 k 1, 1  ˆk k 1, 1   k 1, 2  ˆk k 1, 1

.

(10)
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Thus, the targets’ labels at time k are swapped to maintain label continuity of the
targets.
2.3 Modeling of the test spatial motion
The point δk-1, j = (xk-1, j, yk-1, j , zk-1, j ) at the time k-1 represents the target j position in the
3-D space as shown in Fig. 1. This point is assumed to have moved to a new position δk,
j at the time k. The target motion can be described as follows:
 k , j   k 1, j  kVk 1, j k 1, j

(11)

,

where αk-1,j = (cosθk-1,j,sinθk-1,j, sinφk-1,j) is the direction vector of velocity of target j in the
3-D space. The angle θk-1,j ϵ [0, 2π], is the angle between motion direction and YZ plane,
and φk-1,j ϵ [0, 2π] is the angle between the motion direction and the XY plane. Vk-1,j αk-1,j
denotes the velocity in the time k-1, and Vk-1,j is the speed (absolute amplitude of
velocity). The sample interval, Δk, is the observation sampling time when the target
moves from position δk-1, j to δk, j.
In order to evaluate the performance of the proposed GM-PHD filter, a 3D circular
test motion is proposed and also shown in Fig. 1. The target’s initial position δ0 in the
3-D space is described by:



 0, j  O  r j cos  0, j , sin 0, j , sin  0, j



,

(12)

where O=(ox, oy, oz) is the center of the test motion, rj is the radius from O to the target’s
initial position, α0 is an angle between the radius vector and YZ plane, α0 ϵ [0, 2π], and
β0 is an angle between the radius vector and XY plane, β0 ϵ [0, π], .Then, the target
motion at position δk, j can be approximated by:



 k , j   k 1, j  rk cos  k 1, j , sin k 1, j , sink 1, j



,

(13)

where the angular velocity is ω=2π/(K·Δk), and K is the measurement sampling rate in
samples/period. The motion direction alteration is defined as Δθk,j = ωΔk. The motion
speed is rω. Fig. 2 shows the image plane view and top view of two targets following
the test motion model.

3.

Validation and performance evaluation of the GM-PHD filter

As mentioned previously, the two images are taken by a pair of CCD cameras modeled
as pinhole cameras. The simulated space considers a regular room of the size 8×8×3 m,
in which targets are covered by the cameras’ Field of View. The Epipolar Geometry
Toolbox, [18], is used to project the target’s position in the 3-D space to the image
planes of the size 1024×1024 pixels. Each camera of the stereo vision system has a focal
length of 6 mm and a pixel size of 12.9 µm. The baseline length is 100 mm. A Gaussian
noise distribution with the variance of half a pixel size is used during measurements.
A random walk motion is used to validate the implementation of the GM-PHD filter.
In addition, the 3-D spatial test motion is used to evaluate the performance of the filter.
The mean value of absolute error defined as the difference between the prediction and
the ground truth was measured by using the Wasserstein distance, [19].
3.1 Validation of GM-PHD filter for multi-target tracking
A random walk motion evaluates the filter’s multi-target tracking ability. The random
trajectories are generated according to (11) with 70 samples. The target motion speed is
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Figure 1. Target circular motion illustration

generated by Gaussian distribution in MATLAB. Two targets are observed within the
surveillance region.
Fig. 3 indicates the ability of the stereo vision based GM-PHD filter to track targets in
each coordinate. The mean values of the absolute error in x, y, and z dimensions are
66.3 mm, 19.6 mm, and 110.6 mm, respectively. The two targets’ labels are well
preserved through the tracking process.
3.2 Performance evaluation of the GM-PHD filter
The spatial test motion defined by (11), (12) and (13) is applied to evaluate the
performance of the tracker when two targets move in the space, causing occlusions and
crossings to occur.
In order to evaluate the potential of the GM-PHD filter, two targets whose trajectories
follow the spatial motion model with the equal value r=1.4 m, and K=25 samples/period
in two periods are applied. Fig. 4 shows that the filter tracks two targets quite well, and

(a)

(b)

Figure 2. (a) Left image plane view and (b) top view of the scene. Red paths with motion
parameters α0,1 = 180, β0,1 =135, r1=0.6 m, and green paths with motion parameters
α0,2 = 180, β0,2 =135, r2=0.6 m.
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Figure 3. The target motion path in the world coordinate system, and the ground truth is
marked as the solid lines, and the predictions produced by the filter are marked as crosses
and circles.

Figure 4. The filter maintains labels and while tracking targets in two periods. The
ground truth is marked as the solid lines, and the predictions by the filter are marked as
crosses and circles.

151

152

that the targets’ identities are maintained even when two targets cross and occlude each
other.
The ability of the filter to track targets with increasing speed motion is evaluated by
changing the radius r. Table I shows the mean and variance values in the x, y, and z
dimensions for different radiuses and K= 25 samples/period in fifty periods. The mean
value of the absolute error is proportional to the radius r.
Fig. 5 and Fig. 6 show that the mean value of the absolute error in the x and y
dimensions decreases when the sampling rate K increases for different values of radius,
respectively. The black, green, and red curves correspond to radius r = 1.4 m r = 1 m,
r = 0.6 m, respectively. K varies from 5 samples/period to 40 samples/period.
It is shown in Fig. 7 that the mean value of absolute error in the z dimension
decreases with the increase of the sampling rate. However, the mean error is higher than
the other two dimensions. It may come from an inaccurate depth reconstruction due to
spatial noise and the estimation of camera’s intrinsic and extrinsic parameters. The most
influential noise in each camera is the spatial noise, which may originate from discrete
sensor pixels and the resolution of the focal length. Furthermore, the depth
reconstruction accuracy depends on the system configuration which is defined by sensor
resolution, focal length, and baseline length. However, depth spatial quantization plays
a key role in determining the accuracy of a 3-D reconstruction, [1]. The effect of
reconstruction on the tracking performance is not discussed in this paper.
Table I. Mean and variance of the tracking error in each dimension for
K=25 samples/period in fifty periods
Radius r
[m]
0.60
1.00
1.40

4.

x
Mean
[mm]
32.40
41.20
56.70

y
Var
[mm]
0.049
0.031
0.020

Mean
[mm]
33.10
48.90
66.20

z
Var
[mm]
0.18
0.12
0.31

Mean
[mm]
121.60
143.20
159.30

Var
[mm]
1.21
0.56
1.41

Conclusion

A new approach to tracking multiple targets by the GM-PHD filter in the real scene with
the use of a stereo vision system is presented. It makes possible to handle occlusion by
gathering 3-D information of the activity space. It is shown that the filter successfully
tracks targets while maintaining each target’s label and performs well even when one
target is occluded by the other one, or when they cross each other.
A 3-D test motion of the spatial movement is modeled by two key parameters, motion
speed and angular velocity, which are useful for the evaluation of the tracking filter. The
angular velocity and speed of the test motion model are easily related to the sampling
rate and the radius what simplifies the filter evaluation.
The error between the prediction and the ground truth in the tracking shows that the
GM-PHD filter performance depends on target motion features and the tracking accuracy
is proportional to motion speed and angular velocity.
In future research, it would be useful to evaluate the performance of the GM-PHD
filter using multiple cameras in multiple-view multiple-target tracking problems. The
compassion of performance for different tracking algorithm can be implemented.
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Figure 5. The mean value of the absolute error for different radius vs. sampling rate
(samples/period) in x dimension.

Figure 6. The mean value of the absolute error for different radius vs. the sampling rate
(samples/period) in y dimension.

Figure 7. Mean value of the absolute error for different radius vs. the sampling rate
(samples/period) in z dimension.

153

154

References
[1]

J. Chen, S. Khatibi, and W. Kulesza, “Planning of a multi stereo visual sensor
system- depth accuracy and variable baseline approach”, in: Proc. of IEEE
Computer Society 3DTV-Con, the True Vision Capture, Transmission and
Display of 3D Video, Kos, Greece, 2007.

[2]

J. McGhee, V. Henderson, M. J. Korczynski, W. Kulesza, Scientific Metrology,
Lodart S.A., Lodz, Poland, 1st ed, Reprint with corrections, 1996.

[3]

J. Wirandi, Modelling and Validation of Industrial Measurement SystemsAspects of Quality and Human Factors, PhD thesis, Lund University, 2007.

[4]

J. Chen, O. E. Adebomi, O. S. Olusayo, and W. Kulesza, “The evaluation of the
Gaussian mixture probability hypothesis density approach for multi-target
tracking”, IEEE Int. Conference on Imaging Systems and Techniques, Greece,
2010.

[5]

J. Hoffman and R. Mahler, “Multi-target miss distance via optimal assignment”,
IEEE Trans. Sys., Man, and Cybernetics-Part A, vol. 34, no. 3, pp. 327-336, 2004.

[6]

S. Blackman, “Multiple hypothesis tracking for multiple target tracking”, IEEE
Aerosp. Electron. Syst. Mag., vol. 19, no. 1, pp. 5-18, 2004.

[7]

Y. Bar-Shalom and T. E. Fortmann, Tracking and Data Association, San Diego,
CA, USA, 1988.

[8]

B. N. Vo and W. K. Ma,”The Gaussian mixture probability hypothesis density
filter”, IEEE Transaction on Signal Processing, vol. 54, no. 11, pp. 4091-4104,
2006.

[9]

R. Mahler, “Multi-target Bayes filtering via first order multi-target moments”,
IEEE Trans. Aerosp. Electron. Syst., vol. 39, no. 4, pp. 1152–1178, 2003.

[10] Z. Hongjian, J. Zhongliang, and H. Shiqiang, “Tracks extraction of the probability
hypothesis density filter for survival targets”, in: Proceedings of the 27th Chinese
Control Conference, Kunming, China, pp. 343-347, 2008.
[11] B. Vo, S. Singh, and A. Doucet, “Sequential monte carlo implementation of the
PHD filter for multi-target tracking” in: Proc. of Int. Conf. Inf. Fusion, Cairns,
Australia, pp. 792–799, 2003.
[12] R. Mahler, “PHD filters of higher order in target number”, IEEE Transactions on
Aerospace and Electronic Systems, vol. 43, no. 4, pp. 1523 – 1543, October 2007.
[13] Q. Zhou and J. K. Aggarwal,”Object tracking in an outdoor environment using
fusion of features and cameras”, Image and Vision Computing, vol. 24, no. 11,
pp. 1244-1255, 2006.
[14] M. Mozerov, A. Amato, and X. Roca, “Trajectory occlusion handling with
multiple-view distance minimization clustering”, Optical Engineering, vol. 47,
no. 4, 2008.

Paper VII

155

[15] E. Parrilla, J. Reira, J. Torregrosa, and J. Hueso, “Handling occlusion in object
tracking in stereoscopic video sequences”, Elsevier, Journal of Mathematical and
Computer Modelling, vol. 50, no. 5-6, pp. 823-830, Sep 2009.
[16] T. Darrell, G. Gordon, M. Harville, and J. Woodfill, “Integrated person tracking
using stereo, color, and pattern detection”, International Journal of Computer
Vision, vol. 37, no. 2, pp. 175-85, 2000.
[17] A. Dankers, N. Barnes, E. Zelinsky, “Active vision, rectification and depth
mapping”, Australian Conference on Robotics and Automation, 2004.
[18] G. L. Mariottini and D. Prattichizzo, “The epipolar geometry toolbox: multiple
view geometry and visual servoing for MATLAB”, In: Proc. Of the IEEE Int.
Conf. on Robotics and Automation, 2005.
[19] D. Clark, K. Panta and B.-N. Vo, “The GM-PHD filter multiple target tracker”,
9th International Conference on Information Fusion, July 2006.

Paper VIII

An Adaptive Quality Assessment System
– Aspect of Human Factor and Measurement Uncertainty

Authors:
Jenny Wirandi, Jiandan Chen and Wlodek Kulesza

Reformatted version of paper originally published in:
IEEE Transactions on Instrumentation and Measurement, vol. 58, no. 11, pp. 68-75, January,
2009

An Adaptive Quality Assessment System
– Aspect of Human Factor and Measurement Uncertainty
Jenny Wirandi, Jiandan Chen and Wlodek Kulesza

Abstract
In this article, we discuss a model of quality that makes use of the fuzzily defined
variable approach in order to better understand the concept and thus enable the further
development of this variable. We propose a general method that may estimate a quality
index which handles both qualitative and quantitative issues. The system furthermore
uses a neural network, since the system learns how to integrate the human factor into a
quantitative quality index. In our case study, we have examined the measurement of
image quality and proposed a theoretical model of pulp quality.
Keywords: Fuzzily Defined Quantity, Neural Network, Image Quality, Pulp Quality, Quality
Index, Quality Assessment.

1.

Introduction

Often, the evaluation of scientific and industrial measurements fails due to a lack of
traceable calibration of the specific type of measurements or instruments being used.
For example, when the measured variable is fuzzy  an attribute, such as product
quality or smell or a service  the traceability chain related to calibration may be
incomplete or missing altogether, [1], [2]; the systematic error cannot be reduced, and
the Guide to the Expression of Uncertainty in Measurement, (GUM), [3], cannot be
applied, [4].
An additional issue is the modelling problem of the Fuzzily Defined Variable,
(FDV), since the FDV often consists of both the quantitative and the qualitative factors,
which are of different importance for different targets or users. Ordinarily, the way to
solve the problem of describing the FDV quality is to create an index that depends only
on quantitative features. Some qualities have a defined and accepted common index, but
some quality systems have to be continuously updated due to varying requirements,
particularly those qualities composed of both quantitative and qualitative factors.
Moreover, it has been indicated that the lack of a clearly defined quality index, e.g.,
pulp quality, reduces employee awareness of the product quality, [5].
In this article, we propose a general adaptive system that defines and estimates a
quality index which can merge both qualitative and quantitative features and factors.
The system can be updated continuously and adapted for time and for changeable
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features, [6]. The Neural Network, (NN), is a tool suited to the system, since it can learn
how to integrate both qualitative factors and quantitative features.
In our case studies, we apply two different fuzzily defined variables, image quality
and pulp quality. The main difference between those variables is that image quality
often has a reference – a pattern image – that can be compared with and this is not the
case with pulp.
The article is structured as follows: in the next section, we present research that
relates to the subject. In section 3, we present the formulation of the problem and the
main uses of the fuzzily defined variable. Section 4 presents the results of our two case
studies and the implementations of image quality and pulp quality. Finally, in section 5
we discuss our findings and end with some concluding remarks.

2.

Related works

In order to estimate and compare quality, different kinds of Quality Indices, (QI), have
been developed in different branches such as the food industry, the pulp industry,
ecology and image processing.
In the mid 1980s, the Tasmanian Food Research Unit in Australia developed a
method called Quality Index Method (QIM), [7]. Later on, this method was further
improved by European fisheries research institutes. The QIM is based on well-defined
characteristic changes occurring in the odour and texture of eyes, skin and gills of raw
fish. An advantage of the QIM is that the quality index increases linearly with storage
time in ice. Moreover, the information may be used in production management, [8].
The food industry has implemented a Quantitative Descriptive Analysis, (QDA),
which defines the sensory attributes of food. These sensory attributes include texture,
odour and flavour and the QDA thus provides a detailed description of all qualitative
and quantitative attributes. A trained panel is given a broad selection of reference
samples, and, under the guidance of a panel chairman, they use the samples to create a
terminology that describes all detectable aspects of the product, [9].
In the ecological field, a Water Quality Index, (WQI), is used to define criteria for
the classification of surface water. The index is based on characterisation data for large
quantities of water, [10], [11]. It applies a weight factor according to the relevance of
the feature as an indicator of water quality, [11].
In the paper pulp industries, there are company specific quality indices, but so far no
defined index has been adapted by the whole industry. Pulp quality needs to be defined
from case to case, since it has no standardised definition and since quality demands
change according to what it should be used for, [4], [5], [12]. In fact, there is indication
that employees within the same company define pulp quality in different ways, [5]. At
the same time, papermakers combine different measurement features to determine the
quality of pulp. Their choice of features depends on what kind of paper they produce.
Their decision is furthermore influenced by the tradition/education of the employees
and of the company. The pulp manufacturer has to select these features in order to
satisfy all customers and enable them to make their own assessment of the product, [5].
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To return to image quality, there are several multidimensional aspects to consider
when assessing this. There are different image quality indices, depending on the
application area. In general, there are two dissimilar views of how to define image
quality. These views relate to whether an existing pattern image is available or if
physical limits are clearly defined, [13]. A review of several ways of describing image
quality was carried out by Engeldrum, who states that the most successful ones are the
Minkowski metric and other metrics related to Minkowski, [13]. A new image quality
index is proposed by Wang et al., [14], [15]. It relies on three quantitative features:
structured distortion, luminance distortion and contrast distortion. Their quality index is
defined mathematically, and the input measurement is based on the difference between
a reference image and the measured image. It has been indicated that the index
correlates with the human visual system and thus with human assessment.

3.

Problem formulation and a proposed solution

The FDV attributes are not clearly defined since they depend on different types of
features and factors. The choice of these features and factors depends on the
customer/target group, and/or the cultural environment, and/or the tradition of education
within the application field. Since this FDV often depends on both quantitative and
qualitative factors, it can not be expressed in only quantitative terms, [4]. Due to this,
the two main dependencies that must be handled within the FDV are related to:
1. The set of features that are a part of the FDV, and depend on:
a. Expertises;
b. Possible measurements;
c. Pattern data.
2. The weights on the FDV and depend on:
a. Human perception - assessment;
b. The feature’s relevance;
c. Measurement uncertainty;
d. Other factors such as cost or complexity.
The quality index may thus be calculated with the help of the different methods
described in the introduction. The index should aid the quality assessment in a
comparable and more objective way. We propose an index that is created through a
method that uses the NN, which could be generalised for many different kinds of
products and services. The method uses (for more details see Fig. 3 and Fig. 9 in
section IV):
1. A set of quantitative features which can be re-selected;
2. A set of quantitative factors which can be re-selected;
3. A set of qualitative factors, which are used to train the system.
Fig. 1 illustrates the modelling of quality. The initial quality model is established by
experts in the field. The set of quantitative features to be included in the QI and their
initial weights, [α], are based on the measurement uncertainty and relevance of each
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feature. Then, the adaptive quality model is trained to integrate the relationship between
the value of the quantitative features and the human subjective assessments of different
types of products or services.
When the product or service is used for different purposes, the human assessment
can differ completely. In these cases, a group classification method based on Principal
Components Analysis, (PCA), is useful. The judges are grouped according to different
factors that may determine how they subjectively assess the product’s quality. Such
factors include the purposes of the product, job positions, background, etc. The applied
group classification procedure is as follows:


In order to remove the non-significant components, the PCA is applied before
evaluating the QI.



The Root Mean Square Deviation, (RMSD), values of the reconstructed
quantified assessments are calculated for all the possible groups.



The groups are recognised as being distinguishable if the RMSD value is greater
than the discretisation step of the neural network index. Otherwise, the groups
cannot be distinguished.

Product or Service
Mental Health
Quantitative
Features
Feature
Relevance
Measurement
Uncertainty

Quantitative
Factors

[α]

Human
Assessment

[F]
Group 1

Adaptive
Quality
Model

Cost

Qualitative
Factors

Physical Health
Personality
Tradition

Group 2
Education
Group 3

Quality
Index

Fig. 1. A block diagram illustrating the quality model. Ellipses denote representations of
information, and rectangles denote process transformation from one representation into
another.

In the training stage, two input data, quantitative human assessment and the
quantitative features, train the NN. This stage requires several epochs of training to
adjust the NN-weights to meet the output performance goal, [16]. Then, the trained
quality model estimates the discrete QI of the product/service based on both the
quantitative features and factors and the knowledgeable human assessments.
The modelling procedure can be summarised by recounting the following steps:
1.

Definition of the initial quality model with a selection of input quantitative
features, [F], and quantitative factors, represented by weights [α].
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2.

Group classification, by finding the correlation between human assessment and
qualitative factors.

3.

Training stage for self-organising NN input layers according to classified groups
and estimation of the weights of NN.

4.

Validation stage, to get the discrete QI.

Case studies and results

The quality model described in section 3 has been implemented for image and pulp. The
QIs have been estimated by a simplified image quality system. The validation stage
which occurs after the training stage of the adaptive system using NN, is shown in
Fig. 2. The system classifies the qualitative factors into different target groups. Then,
the NN estimates the QI for each target group based on the quantitative features and
factors.

Quantitative
Features
[F]
and
Quantitative
Factors
[α]

Group 1
Neural

Group 2

Network
Group N

[QI]

Fig. 2. The validation stage of the adaptive quality system.

The weights are calculated from quantitative factors. For instance, they could be
calculated as a mean value or product of the measurement uncertainty ratio, αui and
relevance ratio, αri, e.g.:
i 

 ui   ri ,
2

(1)

where the measurement uncertainty ratio αui is calculated as:
 ui  1  uc ( yi ) ,

(2)

where uc(yi) is the combined relative standard uncertainty of output estimates, yi , [3].
The relevance ratio, αri, could be calculated as the ratio of a numbers of experts who
recognise the feature, i, as relevant, hi, to a total number of experts, H.
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 ri 
4.1

hi
.
H

(3)

Application to image quality

The image quality is influenced by quantitative features such as basic properties,
naturalness and colourfulness. The initial weight of each quantity is estimated from the
quantitative factors’ measurement uncertainty, cost, data and relevance. However, the
human quality assessment depends also on many qualitative factors such as personal
background, physical environment, usefulness, tools and pattern representation, which
are related to the target and the human being. Therefore, image quality can be modelled
by the Ishikawa diagram presented in Fig. 3.

Quantitative Features

Quantitative Factors
Relevance

Data
Cost

Region of interest

Application

Health

Personality

Validation
Memory

Tradition

Experience

Education

Usefulness
Tool

Pattern representation

Qualitative Factors

Traceability

Image Quality

Psychical Environment

Personal Background

Repeatability
Calibration

Measurement Uncertainty

Structure
Noisiness

SNR
Chroma

Colourfulness

MSE
Sharpness

Size

Naturalness

Color
Temp.

Contrast

Illuminance

Resolution

Basic properties

Fig. 3. Definition of the image quality modeled by the Ishikawa diagram.

4.1.1 Initial quality model
The simplified quality model has been tested by estimating the QI of greyscale images.
The NN consists of two stages: a training stage and an validation stage. In the training
stage, three types of quantitative features are used in the quality model: structure
distortion ratio, Fs, and two basic properties, luminance distortion ratio, Fl, and
contrast distortion ratio, Fc. These measurements of the intensity data of the pattern and
test images are normalised, [14], [15]. This can be described in the following way:
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Fs 
Fl 
Fc 

σ xy

,

(4)

σ xσ y
2x  y

,

x2  y2
2σ x  σ y

,

(5)
(6)

σ x2  σ 2y

where x denotes the intensity data of the image being tested, and y denotes the intensity
data of the image pattern; σx, σy are the standard deviations related to the contrast of the
test and pattern images respectively; σxy is the covariance representing structure
similarity.
Since all features are normalised, they are less than or equal to one, |Fi|≤1.
Moreover, the product of these three weighted features, FIQ, is implemented as a fourth
feature, where the respective weights, α:s, are based on the measurements’ uncertainty
and features’ relevance, [15]:
FIQ

 Fs  s  Fl  l  Fc 
α

α

αc

.

(7)

For reasons of simplification, in this case study all weights, α:s, are considered to equal
one unit.
4.1.2 Group classification and training stage
To formulate the relationship between the quantitative features and the qualitative
factors, 51 people were asked to assess 21 training images with the same illustration,
but with different types and levels of distortions, such as gaussian noise, salt-pepper
noise, multiplicative speckle noise, blurring and JPEG compression distortion, (see
example in Fig. 4). They were asked to assess the quality of the images on a scale of 0
to 9, where 0 represents the best quality. They were informed that the images were not
to be ranked and that several images could have the same grade. Histograms of the
collected data from our questioning show that they are normally distributed.
In the first step of the procedure, we chose to classify the images with different
groups of people. The groups’s assessments could be biased due to gender and/or
because they may have had previous experience with image processing. The
reconstructed quantified assessments were computed from the first three principle
components resulting from applying PCA. Next, the mean values of the reconstructed
grades were taken for each image within each group.
The male and female groups consisted of 27 and 24 people respectively. The mean
reconstruction quantified assessments for each image for both groups are presented in
Fig. 5. The RMSD of those two groups’ quantified assessments for all 21 images is
0.36. Fig. 6 shows the mean reconstruction quantified assessments for groups according
to their experience with image processing. The groups of experienced and nonexperienced people consisted of 20 and 31 persons respectively. The RMSD of these
two groups’ quantified assessments of 21 images is 0.46. Both RMSD values, based on
gender and on experience, are less than 1, which is the discretisation step of NN QI. In
this case, we can conclude that the different groups provide compatible quality
assessments. Therefore, distinguishing people participating in this study in different
groups is unnecessary.
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The NN was implemented with the help of the Matlab Neural Network Toolbox and
the three-layer transig/transig/logsig network with ten neurons in each layer, [16].
Afterwards, the Back-Propagation approach Neural Network was applied. The training
function trainlm was used, and the training procedure had to be repeated up to 5000
epochs to meet the output performance goal with a Mean Square Error of 0.02. The
training stage was then considered complete.
4.1.3 Validation stage
After the training stage, the NN was used to estimate image QIs for a new set of 21
images with a different illustration, (see examples in Fig 7). This validation of the
image quality index based on the images’ quantitative features should anticipate the
groups’ assessments. To validate the model, the new images were also evaluated by 15
people. The results given by the model approximates the human assessment within the
QI resolution (see Fig. 8). Furthermore, based on this result, one can conclude that the
model recognizes different kinds of disturbance.
When we compare the results of the QIs generated by our adaptive quality system
with the results calculated using the method proposed by Wang et al., [14], [15], it is
clear that our QIs predict the human assessment with much better accuracy, (see Fig. 8).
4.2

Application to pulp quality

Another promising application field of the quality model is pulp quality assessment.
Pulp has many different application areas. Therefore, to be able to properly derive a
relationship between QI and human quality assessment, it is necessary to first classify
the involved people into tentative groups depending on the application at hand. To
obtain the relationship between the quantitative features and the qualitative factors
shown in Fig. 9, producers and/or customers have to assess training samples. Because of
the different target groups, a classification method based on PCA, which groups people
according to the subjective quantitative assessment and qualitative factors, is required,
(see Fig. 2).
4.2.1 Initial quality model
The set of essential quantitative quality features that are a part of the Chemical Pulp
Quality model includes measurements of single fibre properties, physical pulp
properties, cleanliness and colour, [4], [5], [12]. The pulp quality can be defined by the
Ishikawa diagram presented in Fig. 9.
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Fig.4a. The training image distorted by
Gaussian noise and human grade=6.54.

Fig.4b. The training image distorted by
blurring distortion and human grade=5.47.
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Fig. 5. The mean reconstruction quantified assessments for each image for the male and
female groups.
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Fig. 6. The mean reconstruction quantified assessments for each image for the two groups,
experienced and none experienced with image processing.

168

Fig. 7a. Test image distorted by Gaussian
noise: QI=7 and human grade=7.14. This
image is represented by the number 3 in
Fig. 8.

Fig. 7b. Test image distorted by saltpepper noise: QI=4 and human
grade=3.57. This image is represented by
the number 15 in Fig. 8.

Fig. 7c. Test image distorted by
multiplicative speckle noise: QI=8 and
human grade=6.07. This image is
represented by the image number 7 in Fig. 8.

Fig. 7d. Test image distorted by JPEG
compression distortion: QI=5 and human
grade=5.57. This image is represented by
the image number 9 in Fig. 8.
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Fig. 8. A validation of the image quality system. The grade of the images ranges from 0 to 9,
where 0 represents the best quality.

In our case study, we implemented three essential features into the quality model:
fibre length, f, tear index, t, and brightness, b. The features were chosen based on a
poll regarding pulp quality conducted at the company where the model was
tested, [5]. These features are mathematically modelled as quantitative features by
implementing the method presented in [14], [15]. Since a reference pattern does not
exist for the pulp, the pulp companies usually apply features such as target value (for
our case study, respectively ltarget, ttarget and btarget), as goals for the respective
measurements of fibre length, tear index and brightness. Apart from the target values,
upper and lower permissible target values for fibre length and tear index are also
used. However, when measuring brightness, only the target value and the lower
permissible target value need be taken into account, since measurement results above
the target value are harmless.
Based on the limits discussed above, the standard target deviations for the
respective features could be determined. It is important to note that since different
pulp products are produced within the same factory, the preferred target value and
upper/lower limits vary according to the manufactured product.
The target value and standard target deviation of each feature, together with
measurements of samples, form the normalised features. Each of the three features
can be expressed as two quality elements, one related to the mean values of the
relevant number of samples, Fl(1) , Ft(1) , Fb(1) respectively, and one related to standard
deviation, Fl(2) , Ft(2) , Fb(2) respectively:
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Fig. 9. Definition of the pulp quality modelled by the Ishikawa diagram.
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where l, t, b are the standard deviations for test fibre length, tear index and
brightness respectively; σ ltarget , σ ttarget , σ btarget are the standard target deviations for
target fibre length, tear index and brightness respectively; l , t and b , are the mean
values of fibre length, tear index and brightness respectively, and ltarget, ttarget, btarget are
the target values of fibre length, tear index and brightness respectively.
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Since all features are normalised, they are less than or equal to one, Fi(j)  1 . As with
the image quality model, the product of all exponentially weighted features, FPQ , is
used:

   F   F   F   F   F 
(1)
(1) αl

FPQ  Fl

(2)
(2) αl
l

(1)
(1) αt
t

(2)
(2) αt
t

(1)
(1) αb
b

(2)
(2) αb
b

,

(14)

where αi(j)  1 .
The weights, α i(j) :s, of each feature in (14) depend on the quantitative factors
measurement uncertainty, cost and relevance. The weights are also evaluated by
experts. Since the model results strongly depend on the chosen weights, α i(j) , they need
most likely to be adjusted several times during the modelling phase before the most
appropriate values can be achieved. This is the case, since there is indication that the
employees within a pulp company attribute varying degrees of relevance to different
quantitative pulp quality features, [5].

5.

Conclusions and discussion

The proposed QI model can handle both qualitative and quantitative factors, as well as
the features that are a part of the FDV. The model focuses on the human assessment of
product or service quality. As a modelling tool, the NN is used.
The proposed objective group classification method is useful in cases when the
assessment of different customer/user groups differs significantly.
The calculation of the weight of each quantitative feature should be based on its
measurement uncertainty and on its relevance for the quality assessment. Please note
that the measurement feature’s relevance should be based on hard facts as much as
possible as this minimizes the errors associated with human assessment. Furthermore, it
is important that each factor be considered only once. For example, a lack of traceable
calibration lies within the bounds of measurement uncertainty and should not be a part
of the analysis of the feature’s relevance. The Ishikawa diagram is a valuable tool since
it can help avoid such errors during the modelling process.
The human assessment of the product’s quality is a part of the model training stage
during which the weights and the layers of NN are established.
The model has been tested and validated with the help of the image QI. The QI
estimated by the adaptive system and human quantitative assessments matched each
other very well. Our model of image quality was tested on the same image, but with
different disturbances. The results could be improved by testing the system with a more
significant number of images, as well as with different kinds of illustrations and a
bigger group of people.
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We have also presented a QI model of pulp where some quality features related to
fibre length, tear index and brightness have been defined and used in the adaptive
quality model of pulp.
A common definition of pulp quality will encourage pulp quality awareness, which
in turn will increase a given company’s competitive strength. However, to be able to
make use of the quality index’s full potential within the company, it is necessary to
educate and regularly update the employees on how to influence the measurement
features essential to product quality.
Finally, to be able to adopt the QI completely, it is necessary to be aware of the fact
that people interpret measurement data differently. It is important to educate employees
regarding how they, in their daily work, may influence the measurement features
essential to product quality and to regularly update their knowledge of these features.
The continual education of staff dealing with measurements at different stages of
development and production is crucial for improving product quality. The methods of
education must be flexible and adapted to different levels and requirements.
We believe that the idea introduced in this paper is a promising starting point for the
future development of a representative QI that allows for a more efficient comparison of
products or services based on both quantitative and qualitative factors. If developed
further, research along the proposed lines may well lead to potential dynamic
calibrations of the Fuzzily Defined Variable  Quality.
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In our society with its aging population, the design and implementation of a high-performance
distributed multi-sensor and information system for autonomous physical services become
more and more important. In line with this, this
thesis proposes an Intelligent Multi-Sensor System, IMSS, that surveys a human activities space
to detect and identify a target for a specific
service. The subject of this thesis covers three
main aspects related to the set-up of an IMSS:
an improved depth measurement and reconstruction method and its related uncertainty, a
surveillance and tracking algorithm and finally a
way to validate and evaluate the proposed methods and algorithms.
The thesis discusses how a model of the depth
spatial quantisation uncertainty can be implemented to optimize the configuration of a sensor system to capture information of the target
objects and their environment with required
specifications. The thesis introduces the dithering algorithm which significantly reduces the
depth reconstruction uncertainty. Furthermore, the dithering algorithm is implemented on
a sensor-shifted stereo camera, thus simplifying
depth reconstruction without compromising
the common stereo field of view.
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