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Abstract
An important task in computer vision is to recover three dimensional information of the world
around us. Unlike three dimensional human visual perception, the classical computer vision approach is limited to a single image or a sequence of two dimensional perspective images and
feature correspondence between images to build models of the world environment and camera
motion. Direct 3D range sensing technology offers an important alternative and has motivated
researchers to develop 3D vision systems and algorithms that have revolutionised the task of
processing 3D information. A 3D time-of-flight camera is one specific emerging technology developed for three dimensional measurement and is now extensively used in areas such as robotics,
automotive, security and automation industry.
The purpose of this thesis is two fold: to develop an important understanding of the measurement processes of 3D time-of flight cameras in the presence of noise and secondly to exploit the
potential of 2D/3D image technology in computer vision and intelligent transportation systems.
Fundamental to time-of-flight camera’s performance is the reliability of the range measurements obtained. An important step prior to developing high performance time-of-flight camera
applications is the formulation of a detailed and accurate statistical model of the measurements—
an area that has remained mostly untouched within literature. In this thesis, a robust framework of
signal-to-noise ratio is developed by investigating the probability distributions of different measurement parameters of a time-of-flight camera. The probability distribution models provide an
in-depth information of range estimation in these cameras especially in varying scene conditions
and during instances of low signal-to-noise ratio.
A 3D time-of-flight camera measurement encodes both intensity and range data using information from the light reflected from the object. In this thesis, this process is understood by
examining the illumination and reflectance modelling of objects in the field of view of the camera.
The interdependence of background scene illumination and infrared light source of the camera
illuminating the scene aids in developing a unified radiometric model for time-of-flight camera.
ix

This model is discussed in detail and has lead to many potential applications. This thesis presents
applications in noise filtering and segmentation of scene based on illumination conditions.
The second part of this thesis is related to smart automotive industry and investigates 2D/3D
imaging applications. The ability of a time-of-flight camera to provide range information at
video frame rate in 3D is exploited to develop a four dimensional spatio-temporal segmentation
framework. This highly efficient and robust algorithm utilises the random sample consensus
approach to segment range data into planar features such as road, ground plane and wall for
smart vehicle navigation systems.
In a separate body of work, also motivated by automotive applications, the question of enhancement of 2D images is considered. An algorithm is proposed for super-resolution of moving
objects in 2D video sequences. The approach adopted uses the statistical expectation maximisation framework and extended Kalman smoother for motion estimation. The developed algorithm
is applied to super-resolution of road side speed signs from video sequences recorded from a
moving car.
Throughout this work, real and simulated data is used for empirical analysis and verification
of applications and algorithms. The applications included in this work, demonstrate robustness
and efficiency.
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Chapter 1

Introduction

This thesis investigates 3D time-of-flight (TOF) camera technology measurement processes and
applications based on a stochastic analysis framework. The algorithms developed in this thesis
also focuses on applications for smart automotive industry.
Reliable range from a TOF camera is a key indicator of performance in range image cameras.
An in-depth study of a TOF measurement process is required in order to understand the variation of range measurement data from a TOF camera. An explicit noise model associated with the
measurements of the underlying system is essential, especially in low signal-to-noise ratio (SNR)
for range data obtained from TOF cameras. In this thesis, statistical modelling is used to analyse
3D TOF camera signal behaviour and measurements under varying noise conditions. The proposed stochastic model helps in investigating the effect of noise on signal and classifying range
data reliability in TOF cameras. Since 3D TOF cameras are range imaging devices and provide
both range and intensity image measurement, conventional photometric analysis associated with
2D cameras can be adapted for various illumination models of light sources. This work is examined in this thesis for near infrared using knowledge of the additional available measurement
parameters in a TOF camera along with scene reflectance. An insight is given into radiometric
modelling for point and illumination sources in an environment that effects TOF signal. Such a
model provides valuable information about a scene without depending on the reflectivity of the
objects and is a foundation for many applications such as range filtering and shadow estimation
that in turn directly impact computer vision algorithms and TOF cameras in particular.
The automotive industry is actively pursuing vision systems for smart automobile applications. This thesis considers algorithms from both TOF cameras and ordinary CCD cameras.
Applications such as obstacle detection and segmentation of planar features using 3D TOF range
1
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data considered in this thesis are important for Advanced Driver Assistance Systems (ADAS) in
smart automotive industry.
The inability of a TOF camera to offer high resolution imaging provided the author with a
starting point for a possible direction of research on image enhancement coupled with investigation into automotive applications. Hence, low resolution video stream data from a 2D camera
on board a vehicle is another area that has been touched in this thesis. Smart car theme lead
to an investigation into the image enhancement application where low resolution video data of
moving objects was used. A detailed stochastic super-resolution framework along with filtering
of motion model for objects exhibiting a dynamic relationship with camera in a video sequence
is presented. A typical example of super-resolving the image of speed signs from low quality
video data is used for experimental verification.
The work in super-resolution was undertaken with the goal of generalising it to super-resolution
of TOF camera measurements. However, research using 3D TOF camera (PMD 3k-S) was not
possible for a few months in the first year of the author’s PhD due to the late arrival of a prototype
TOF camera. As a result, further research into 3D video super-resolution could not be undertaken
due to time constraints for the research and project completion and considered beyond the scope
of this thesis.

1.1

Background

Human visual systems allow human beings to deal effectively with the three dimensional world
around them. Visual perception is fundamental in performing the tasks of navigation and obstacle
avoidance in three dimensional surroundings. Since 2D imaging systems such as classical CCD
cameras do not fully represents the observed world, computer vision practitioners have to rely
on inverse modelling to reconstruct the three dimensional information of the world. The task of
analysing 3D space resulted in an increased interest and demand for 3D vision systems [Jähne
and Haußecker 2000; Cyganek and Siebert 2009] in almost every field of life such as medicine
[Gudbjartsson and Patz 2005], agriculture [Chateau et al. 2000] and automotive [Labayrade et al.
2002], and has been made possible due to a steady development of new technology and increase
in the computation power. Despite the extensive use of stereo-photogrammetry based 3D systems
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(using 2D camera pairs) in numerous areas of application, there are some obvious limitations of
spatial 2D sensors, such as difficulty in high dynamic ranges and adverse weather and lighting
conditions [Sun et al. 2006]. These limitations can be overcome through either more sophisticated and expensive manufacturing of these 2D spatial cameras or through the use of alternate
sensor devices [Kodagoda et al. 2006] such as range imaging [Jochen 2008], In fact, the effectiveness of range imaging for both near and far distances in varying illumination and weather
conditions makes the technology an outstanding candidate for any Advanced Driver Assistance
Systems (ADAS) application [Broggi et al. 2004; Sole et al. 2004; Mobus and Kolbe 2004; Yoon
et al. 2008]. The significant role of 3D range imaging in many computer vision applications
such as 3D reconstruction [Kuhnert and Stommel 2006] and motion modelling [Groll and Kapp
2007], demands a growing need for compact and fast 3D imaging devices. This has motivated
the development of 3D time-of-flight (TOF) cameras [Jähne and Haußecker 2000; Lange and
Seitz 2001] that are capable of providing direct measurement of distance between the camera
and the targeted surface. 3D TOF camera technology is a relatively new arrival compared to
conventional 2D cameras currently being used for detection [Gavrila et al. 2001], recognition
[Fardi et al. 2006], classification and tracking [Meier and Ade 1997] amongst a growing body of
applications.

IR illumination

IR Modulated
signal
transmitter

3D data dispaly

Signal
Processing

Reflected signal
3D TOF detector

Figure 1.1: 3D TOF camera operation.
A typical 3D TOF camera provides 3D information in parallel by illuminating the entire
scene at once. Using the basic principle of time-of-flight (TOF) (see Figure 1.1) between the
sensor and the object in the scene, the camera estimates the distance to a target using the time of
flight of the modulated IR signal between the target and the camera. Phase shift TOF cameras use
the phase shift principle for TOF measurement, that is the phase delay of the received modulated
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signal is proportional to the ratio of range on speed of light to the observed point in the scene.
A phase demodulation circuit with respect to the reference signal is implemented at a pixel level
using CCD/CMOS technology. The parallel processing of received signal in an image array is
the most significant feature of a 3D TOF camera. Each pixel of a TOF camera captures both
distance (derived from time-of-flight) and grey scale image (intensity of the received signal)
measurement at video frame rate, an obvious advantage over traditional range data sensors such
as LIDAR (Light Detection and Ranging) sensors [Hancock et al. 1998; Perrollaz et al. 2006]. As
a result of their high frame rate, dense depth information, and reliability even when there is sparse
texture of the observed target, TOF cameras have become an attractive choice for researchers and
in commercial applications.

1.2

Motivation

3D time-of-flight (TOF) cameras are solid state sensing devices using a modulated near infrared
(nIR) source to illuminate the scene. These cameras are primarily a range measurement device
and provide additional intensity information, contrary to normal 2D cameras that are used only
as intensity gathering device for image formation. Obtaining a reliable range data and an understanding of the limitations of the measurement process from a TOF camera are vital to its
performance. As the camera emits a signal and receives it back after reflection, it is susceptible to scene geometry, signal variation and signal processing [Lange 2000; Möller et al. 2005].
The quality of the measurement of signal is often measured as signal-to-noise ratio (SNR). Thus
reliable range measurement with varying SNR levels of the received signal is a key issue underlying the performance of TOF cameras and is observed in almost every application where these
cameras are used [Tanner et al. 2008; Mufti and Mahony 2009].
The photoelectric effect of charged carriers (electron hole pair from arriving photons) is
the deriving component of electronic technology using photo receptors such as photodiode and
CCDs. In TOF cameras based on CCD/CMOS technology, the arrival process of these photons
is by far the most significant element of the noise [Lange and Seitz 2001 ]. Noise characterisation
and analysis of range data is not possible without a clear understanding of the statistical process
of different measurements in a range TOF camera. Each measurement parameter in a TOF cam-

§1.2

Motivation

5

(c)
Figure 1.2: (a) Picture taken from a normal CCD camera of flat surface (felt pin board) pasted with a
black sheet and an automotive grade rubber matt is stick at its centre, (b) Grayscale image of the same
scene observed by a PMD 3k-S TOF camera. A high intensity portion below the sheet is due to specularity
of the metal strip border of the board, (c) 3D surface plot of the scene with visible variation (error) for low
reflective rubber mat.
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era requires independent modelling for associated statistical distribution effecting SNR of the
TOF signal. The error analysis based on true statistical model, provides a meaningful range error
classification used in algorithms and applications.
In addition to photon shot noise, the signal is also effected by various other noise parameters.
These include typical operating conditions such as temperature and integration time [Kahlmann
et al. 2006] as well as external factors such as reflectance properties [Radmer et al. 2008] of the
material from which the light is reflected back to the TOF camera receiver. Materials existing in
the natural environment effect the way modulated signal is reflected back to the camera as shown
in Figure 1.2. A high absorbing material even in close vicinity of a TOF camera would reduce
the signal strength whereas a highly reflective surface would create an illusion of being close to
the camera. This variation not only effects the SNR of the received signal but also influences the
subsequent range calculations based on the measurements. The impact of external sources on
signal variation requires understanding of the scene geometry and illumination conditions under
which the camera is operating. Reflectance modelling of TOF signal, therefore, becomes crucial
for expanding the domain of TOF based computer vision applications.
Vision based sensors play a significant role in the smart automotive industry. An image based
sensor provides various cues, such as visual, motion and depth. The increasing use of 2D and 3D
cameras in ADAS application is proving to be useful and is being employed both at research and
commercial level. One key area of considerable research is to provide means to warn the driver
about obstacles on the road such as pedestrians and vehicle [Yoon et al. 2008]. This area has
been investigated from various angles such as classifying pedestrian, road geometry and motion
of the object to name a few [Gandhi and Trivedi 2007]. A time-of-flight camera provides visual
depth cue as 3D data at video frame rate resulting in computational efficiency for algorithms that
require 3D data for distance, scene geometry and ground plane constraint without sophisticated
range estimation routines. A fast ground plane or road segmentation framework is a starting point
that can help accelerate a series of tasks and algorithms of collision avoidance and navigation in
ADAS. In many applications such as tracking of licence plates [Donoser et al. 2007], surveillance
of objects [Lin and Wei 2007] and detection of on road signs [Liu et al. 2009], the object is
moving in the video sequence, due either to the movement of the camera or movement of the
object itself. Speed sign detection [Barnes et al. 2008] is one such area in ADAS where the aim
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Figure 1.3: Sequence of images captures as video stream of an object observed moving in video. Improved resolution of the image obtained using multiple low resolution images in a super-resolution framwork.
of developing detection and recognition of speed signal algorithm stems from the need to warn
the driver and to assist one with complying with road rules and safety procedures.
This is a multi stage process and normally starts with detection and recognition. Although
miniature 2D video cameras have been produced to reduce cost, recognition depends heavily on
the resolution of the image obtained from the camera. The images obtained are often of low quality due to the angle of tilted sign board, the direction of sun in relation to the camera and operation
under various light and weather conditions. One approach to improve speed sign recognition in
speed sign detection systems is to take a sequence of low quality images to generate a single high
resolution image suitable for image recognition processing and improved performance.

1.3

Principle Contributions

The principle contributions of this thesis are as follows:

Chapter 2: Literature Survey
• A comprehensive literature survey is provided that covers time-of-flight range image performance issues and applications.
• A scientific review is presented for the use of range and spatial imaging for advanced driver
assistant systems applications; especially for ground plane estimation and super-resolution
for image enhancement.
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Chapter 3: Time-of-Flight Camera Technology
• An overview of TOF camera technology and measurement techniques is provided.
• Noise sources that effect range measurement of a TOF camera are discussed along with
the technology limitations of current research.
• Experimental work is presented to characterise the effect of noise on TOF cameras.
Chapter 4: Time-of-Flight Camera Statistical Analysis
• Phase shift TOF cameras measure amplitude, phase and the offset (intensity) of the received signal. An accurate statistical distributions of these three parameters are analysed
for reliable distance measurement especially in low SNR scenarios.
• Explicit noise models for the three parameters of amplitude, phase and intensity are utilised
to derive maximum likelihood model for SNR and to provide an improved estimation of
error in range measurement.
• Verification of statistical modelling is provided using both experimental data and simulations.
Chapter 5: Radiometric Analysis of TOF Camera
• The measurement capability of a TOF camera along with reflectance modelling of modulated and non-modulated light source is discussed.
• A detailed analysis is given for the modelling of TOF measurement and background light
sources. The dependencies between amplitude, intensity and phase measurements are used
to formulate a radiometric range model for improved performance of TOF cameras.
• Applications using the radiometric model, considered in this thesis are:
- A range reliability criterion that is constant over similarly illuminated parts of the
scene and statistical distribution used to improve range data filtering.
- An algorithm to cluster and segment an image based on highlights and shadows.
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- An algorithm for specularity detection in an image of a surface or object from the
radiometric model.
• Experimental results for range filtering, shadow segmentation and specularity detection are
provided.
Chapter 6: 4D Spatio-temporal RANSAC for Planar Surface Segmentation
• The problem of estimation of planar surfaces in range image data obtained from time-offlight cameras is considered.
• A framework is proposed to extend the 3D spatial RANSAC to 4D spatio-temporal RANSAC
by incorporating a time axis. The construction for planar surface models in the framework
is derived from spatio-temporal random data points, thereby robustifying the algorithm
against short term temporal effects such as passing cars, pedestrians, etc.
• The novel algorithm is computationally fast for robust estimation of planar surfaces in
general and the ground plane in particular.
• The performance is analysed alongside experimental results with real video data from a
range sensor mounted on a moving vehicle. Potential applications are considered in automotive driver assistance systems such as reliable identification of obstacles, the ground
plane, pedestrians and segmentation test of hazards.
Chapter 7: Super-resolution of Moving Objects in Video Sequences
• The problem of generating high resolution (super-resolved) images of moving objects observing motion model extracted from sequences of low resolution video frames is investigated.
• Accurate sub-pixel image registration is improved by incorporating a rigid body motion
stochastic filter to estimate inter-frame image motion displacement.
• An expectation Maximisation (EM) framework is used to formulate the coupled image
registration filtering and super-resolution problem. The expectation step is solved as a
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Bayesian smoothing algorithm derived from a full rigid body motion model. The superresolved image is updated as a maximum likelihood estimate based on the new image
registration parameters.
• Results demonstrating excellent convergence, robustness and quantitative improvement of
speed signs obtained from a moving vehicle are presented.

Chapter 2

Literature Survey

The material presented in this thesis is focused on 3D time-of-flight camera technology applications and super-resolution of low quality video images with an emphasis on applications in
automotive industry.
This chapter is organised into five sections. The first section provides a historical perspective
on vision and image perception. Section 2.2 summarises the salient techniques relevant to optical
range measurements. This is followed by Section 2.3, on 3D time-of-flight (TOF) range imaging; current issues of range measurement data, performance and application in 3D TOF range
imaging. A general literature review of 2D optical ADAS systems is provided in Section 2.4
to provide context for the 3D TOF algorithms developed later in the thesis. A literature survey
dealing with image enhancement using super-resolution in covered in Section 2.5.

2.1

Historical Perspective

Human vision is based on three dimensional perception of the environment around us [Forgus
and Melamed 1976]. The environment provides the human eye various cues for depth and size
for absolute and relative distance. These could be monocular cues like linear perspective (parallel
lines) for example railway tracks progressively converging with distance or aerial perspective as
distant objects losing contrast and become somewhat hazy. Other monocular cues include texture
(texture gradient from different viewing angles), interposition (objects far away are hidden by
closer objects), shading (shadow of three dimensional objects lit by different illumination sources
for example dents and bumps), familiarity (because of size) and motion parallax [Eysenck and
Keane 2005, ch.2]. Binocular and oculomotor cues, a consequence of the use of both eyes,
depend on muscular contraction of eye such as accommodation (variation of thickness of eye
11
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lens with objects closer to observer), convergence of eye (for focusing objects closer to observer
compared to far objects) and stereopsis (disparity of image projection on retina of two eyes).
The history of investigating depth and human perception dates back to Ancient Greeks [Howard
and Rogers 1995]. The earliest known work on optics was by Euclid for his book on Optics written around 300BC (see recent reprint)[Euclid 1956]. Centuries later the works of Leonardo da
Vinci [Vinci 1792, reprint] and Sir Issac Newton in 1704 (see recent reprint) [Newton 2000] laid
the foundations of modem optics and stereoscopic vision that helped in the understanding of
stereoscopic depth [Anderson 1994].
Even though optical sensing, often called an anthropomorphic science of vision, [Ronchi
1991] has long been considered a fundamental element in various aids to human visual system
such as glasses, binoculars, telescopes etc; measuring depth and distance with accuracy has remained a challenging issue. Direct optical depth measurement has its roots embedded in distance
and propagation delay measurement techniques. This can be traced back in history; for example Egyptians used the most basic triangulation techniques for depth in construction of pyramids
[Strand 1983] while Galileo tried determining the speed of light by measuring delay of light travelling between nearby hilltops, mentioned in his book Discorsi publised in 1638 [Drake 1974,
recent reprint]. Later in 1676, Römer measured the speed of light using departure from predicted eclipse time of Jupiter’s moon Io (a time-of-flight experiment) [Borengasser et al. 2007].
While optics and understating of human visual system resulted in the development of camera
technology, the concept of depth and distance measurement laid the foundation of optical range
measurement.
In the early 20,/? century, the understanding of photo electric effect [Einstein 1905] coupled
with the invention of transistor [Bardeen and Brattain 1950] opened a whole new world of semiconductor technology enabling a marriage of optics and ranging that led to the new field of range
imaging devices. The last 30 years have seen the development of a variety of both active and passive 3D range imaging devices. Imaging laser radar [Lewis and Johnston 1977], time-of-flight
imaging radar [Ross 1978], amplitude modulated imaging laser radar [Nitzan et al. 1977], line
scanning range sensor [Rioux 1984] and focusing range sensors [Denstaman 1980] are some of
the examples of devices that utilize range imaging to get depth/distance information of a scene
in three dimensions.
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An optical range sensor normally measures the depth of a single point, or the distance and shape
profile in a 3D scene [Trucco and Verri 1998]. Over the last few decades the demand for 3D
vision systems [Jähne and Haußecker 2000; Cyganek and Siebert 2009] has increased in various
fields. The applications are spread over various domains ranging from robotics to automotive; for
example, simultaneous localisation and mapping (SLAM) [Cole and Newman 2006], 3D scene
and environment reconstruction [Hebert 1986; Hähnel et al. 2003; Guidi et al. 2004], Range
image segmentation [Hoover et al. 1996], parameter based motion modelling [Groll and Kapp
2007], space exploration [Blais et al. 2000] and tracking of obstacles and automobiles [Weber
et al. 1995]. Review papers on range imaging written by Strand [Strand 1983], Jarvis [Jarvis
1983b] and Besl [Besl 1988] are suggested for further reading.
The majority of 3D range optical imaging devices in use can be classified (see Figure 2.1)
based on the key principle techniques discussed below:
Optical R ange
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Figure 2.1: Hierarchy of optical range imaging. Adopted from Jähne and Haußecker 2000, ch 7
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2.2.1

Triangulation

Triangulation is a geometric technique widely used in optical measurement and photogrammetry.
In a simplistic form, the system is based on establishing a set of two triangles, one between the
object and the measurement plane (known as baseline b) and the other between the image and
the baseline as shown in Figure 2.2.While the baseline and the focal length (height) h of image
triangle are known, base of the image triangle Ax is measured that provides the height or range
of the object as [Strand 1983; Blais 2004; Beraldin 2004]
_ bh_
r ~ Ax'

(

2 . 1)

The accuracy in a good triangulation system is governed by the triangulation baseline and the

Figure 2.2: Triangulation principle.

detector resolution as [Lange 2000]
1 r2
6 r= --6 (A x ).
h b

( 2. 2)

Triangulation systems can be further subdivided into:
• Passive triangulation. Also known as passive stereo, is a form of digital photogrammetry
that is based on ambient sources and does not consider geometric arrangement of illumination [Jähne and Haußecker 2000, ch. 7]. This category includes disparity maps, structure
from motion and depth-from-motion. It normally uses multiple cameras (at least two)
mounted on a known baseline or a single moving camera. The process considers solv-
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ing the correspondence of points in multiple views and projecting them into the world
scene [Gokturk et al. 2004]. In self-calibration method, given set of fundamental matrices
related to sequence of un-calibrated images is used to determine the intrinsic parameters that satisfy the essential matrix constraints. It differs from conventional calibration
methods where Euclidean information is used for camera calibration matrix [Mendonca
and Cipolla 1999][Hartley and Zisserman 2003, ch. 19]. Depth-from-motion uses triangulation of tracked instances of points over time representing 3D structure (shape and
motion) [Szeliski 1999]. Aerial photogrammetric systems based on passive triangulation
require high resolution cameras with significant post-detection process [Fritsch and Stallmann 2000; Niu et al. 2004]. In vision systems, passive triangulation is effective for high
contrasting surfaces and close ranges. However, it suffers from a high computation cost of
ambiguous correspondences between points in the presence of noise.
• Active triangulation. In this technique, a single imaging device (camera) is used alongside
a structured light source [Boyer and Kak 1987]. The light source (such as 1-D laser) is
detected by either a line sensor or a position sensitive photo-detector. Three dimensional
information is obtained by scanning the scene and creating a 3D point cloud. This category
includes laser scanners, light and laser detection and ranging (LIDAR, LADAR), etc. This
method provides a good depth resolution, however, it requires the use of strong active light
source (for example a Moire projected pattern [Dorsch et al. 1994]) to differentiate it from
other light sources. The approach requires a large triangulation base relative to the scale
of active light pattern for good resolution and results in slow frame rate due to scanning of
the 3D scene.

2.2.2

Interferometry

Interferometry is based on the phenomenon of super-position of light waves [Schwarte 1999].
The key principle is to make use of the super-position of coherent light either single or multiple
wavelength [Creath 1988; Zimmermann et al. 1996] by splitting the outgoing beam and combining the reflected received signal with the transmitted beam at the detector as shown in Figure 2.3.
The path difference of the beam alters the phase of the received signal with respect to the trans-
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mitted signal in proportion to the distance of 3D scene point. The intensity of the combined beam
on the receiver is measured and is related to the phase difference and hence, beam length of the
light. One has [Strand 1983]
—H

^

h—

Figure 2.3: Interferometry principle.

A
2n

1
a

r = — co s ' ---- ,

where a is (nominally) a constant and / is the intensity of the of the signal. The measurements
in such interferometry systems are unique over a range of A/ 2 but are ambiguous over longer
ranges. The technique is restricted to small ranges due to the wavelength of the light source
[Schwarte et al. 2000]. Predominantly interferometry devices are used for applications where
precise measurement of range from micrometres to centimetres is required such as lens testing,
velocimetry and surface profiling.

2.2.3

Time-of-Flight Ranging

The basic principle of time-of-flight range system [Massa et al. 1991; Lange 2000] is to measure
the distance to a target using the absolute time delay of the emitted light received after reflection
from the target. The time-of-flight (TOF) of light on a round trip from the measuring device to
the observed target and back is given by [Büttgen et al. 2005]
2 •r
td = ---- ,
c

(2.4)

where td is the delay time dealy, c is the speed of light and r is the distance to the target.
TOF range sensors are categorised based on the modulation of the light source:
Pulse modulation. These TOF range sensors correlate the start and end of a pulsed light
source [Moring et al. 1989; 3DV Systems 2007]. Such sensors have low optical mean and
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low signal-to-noise ratio and have gained significant importance for a range of high peformance applications. However, these sensors typically have low repetition rates, display
signal dispersion and require careful design and engineering to produce sharp edges on the
pulsed light source.
• Continuous wave (CW) modulation [Beheim and Fritsch 1986]. In contrast to pulse modulation TOF sensors, devices based on CW modulation measure the phase difference between the sent and received signal rather than relying on direct measurement of time-offlight. Since the process does not require fast rise and fall time of the light source, it is
significantly easier and cheaper to implement such systems. For phase shift TOF sensors,
the range (or distance r) of the observed point is related to phase by
c • ip
■/mod

(2.5)

where / mod is the modulation frequency of the TOF range sensor and ip is the phase delay
due to 3D scene in the received signal. Note that it is the modulation frequency and not the
actual frequency of the light source as is used in interferometry system.
• Pseudo-Noise modulation. Pseudonoise modulation uses a repeated pattern of binary coding of the optical signal in such a manner that the signal exhibits statistical properties of
white noise [Büttgen et al. 2007]. This offers the advantage of high peaks in auto correlation and is popular in communication system design [Zepernick and Finger 2005].

2.2.4

Miscellaneous methods

This category includes methods such as depth-from-focus, depth-from-defocus and depth-fromshape. Depth-from-focus works by taking multiple images with varying focus settings. Depth
information is generated based on the best observed focus settings and knowledge of focal length
and focal plane [Jarvis 1983b]. Likewise de-focussing techniques measure the focal gradient for
depth estimate [Pentland 1987] or determine an illumination pattern by maximizing the accuracy of depth from de-focus [Nayar et al. 1996]. These methods are limited in application due
to low frame rate and range inaccuracy resulting from increasing distance [Jarvis 1983b]. The
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depth-from-shape technique involves solving the ill-posed problem of determining surface gradient under varying illumination conditions. It is normally covered under shape-from-shading and
photometric stereo [Horn and Brooks 1989; Zhang et al. 1999]. These techniques are generally
suitable for specific applications but have inherent draw backs such as constraint minimisation,
iterative solving and limited range for best solution. Hence they are not ideal for real time 3D vision systems especially in automotive domain which requires varying distance and illuminations.
In some literature, several of these methods are covered under triangulation methods [Schwarte
et al. 20001. The literature also provides ample evidence of variation [Hwang et al. 1989; Szeliski
1991b; Nayar and Nakagawa 1994; Suneetal. 1995; Dalmia and Trivedi 1995; Favaro 2007; Ahmad and Choi 2007] and is discussed separately from triangulation.

2.3

3D Time-of-Flight Range Imaging

The last three decades witnessed significant advances in the field of micro-electronics that led to
the advancement in the field of range image systems. The primary benefit has been a dramatic
reduction in the cost of fabrication of TOF devices although the accuracy of TOF systems has
not improved substantially [Luan 2001]. The phenomenal growth in computational power coupled with miniaturisation of CCD/CMOS technology motivated the development of phase shift
time-of-flight camera/imaging devices [Spirigetal. 1995; Lange and Seitz 2001] for commercial
and industrial use. Commercially available cameras are produced by Canesta Inc., PMDTech
and MESA Imaging [Canesta 1999; PMD 2002; Mesa 2006]. 3D TOF cameras, based on continuous wave modulation technology can use a wide variety of illumination sources and are not
restricted to coherent light sources as required in interferometry. TOF cameras have superior
spatial resolution to comparable LADAR or LIDAR scanning systems and have high frame rate.
Modem CW 3D TOF cameras have improved significantly from earlier TOF range camera
technology. Early TOF cameras, such as the one developed by Lewis and Johnston in 1972
[Lewis and Johnston 1977] that had a maximum range image resolution of 64 x 64 up to 3
meters and took 40 seconds per frame capture. Jarvis developed a TOF camera in 1983 [Jarvis
1983a] with identical resolution and speed but range of up to 4 meters. Today, TOF cameras
are capable of operating at video frame rate (approximately 25 frames per second) in 3D with
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the image resolution of 204 x 204 [PMDTech 2009] and range information of up to 7.5 meters
in both indoor and outdoor environments. Cameras with significant improved performance have
been reported, however, such cameras are not commercially available and performance claims of
companies developing them have not been verified.
TOF cameras not only provide range information but also measures grey scale intensity of
the scene. Existing technology has dramatically widened the scope of applications for 3D TOF
cameras and there is considerable interest in the robotics community concerning potential applications [Ye and Hegde 2009; Wang et al. 2009; Pathak et al. 2009]. Although existing cameras
are still in the range of 200 x 200 pixel, the range of potential application is such that next five
years are expected to witness the development of 640 x 480 pixels cameras to match standard
video resolution.
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Figure 2.4: Basic principle of TOF 3D imaging system.

CW time-of-flight cameras require the entire scene to be illuminated by a single light source,
typically a 2D array of LEDs or laser diodes. The range measurement requires a modulator and
demodulator device running in parallel with the demodulation circuits for each pixel. Conventional 2D modulators such as Kerr-cell and Pockels cells, developed as electro optical modulators
and fabricated in a 2D array not only require polarisation of the beam but also demand modulation voltages of kVolts [Lange et al. 1999]. Similarly, micro channel plate based modulators
are relatively expensive requiring significant driving voltages [Lange et al. 2000]. Liquid crystal shutters, suffer from slow response and are band limited [Xu et al. 1998]. High sensitivity
PIN photo diodes or avalanche photo diodes, available as discrete devices, are not suitable for
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fabrication in a 2D array.
The current state of the art is to combine modulation and detection process as a 2D array in
a single semiconductor device. In such devices the independent sensing (of the received signal)
and mixing (demodulation) of the reflected signal with the reference signal is performed in each
pixel of a CCD array. The concept of independent measurement in smart CCD pixels, known as
Photonic Mixer Device (PMD), was proposed by Schwarte [Schwarte et al. 1997] of Center for
Sensor Systems, Zentrum fuer Sensorsysteme (ZESS). The strength of the demodulated received
signal and relative phase shift is used to individually calculate the intensity and range of the
targeted surface from the camera for each pixel (see Figure 2.4). Since 3D TOF cameras measure
range in each pixel (PMD unit) in parallel, they can provide frame rate range data combined
with high lateral resolution over a full image array. This overcomes scanning issues related to
traditional range data sensors such as FIDAR (Fight Detection and Ranging) sensors with 1D/2D
spatial scanning [Hancock et al. 1998; Perrollaz et al. 2006]. Recently, other demodulation pixel
architecture for TOF devices have also been proposed [Büttgen et al. 2007].

2.3.1

Time-of-Flight Camera Performance

Time-of-flight cameras based on smart pixel sensors (or PMD) are a relatively new technology
and is maturing gradually. Based on a solid state CCD and CMOS technology, TOF cameras
inherit problems inherent to both calibration issues of CCD cameras as well noise issues of
CMOS technology. External as well as internal noise factors that effect the camera performance
are temperature, dark current, optical noise and photon shot noise coupled with quantisation
effects in the sampling process. Noise in the measurement process can significantly effect the
distance measurement reliability of a TOF sensor. A key issue of considerable interest for 3D
TOF cameras is to evaluate the reliability of the range measurement from the received signal in
the presence of noise [Fange 2000; Möller et al. 2005]. The limitation on distance measurement
[Büttgen et al. 2004; Oggier et al. 2004] has been characterised to have cyclic deviation due to
the uneven harmonics in modulations [Lange 2000]. As a result, research work for range error
rectification in TOF devices has mostly focused on physical assumptions of noise models for
various calibration techniques [Lindner and Kolb 2006; Kahlmann et al. 2007]. Although the
calibration techniques for 2D cameras have been extensively studied [Tsai 1986; Fryer 1989;
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Lenz and Lenz 1990; Beyer 1992; Zhang 1998; Faugeras and Luong 2001], initial research on
calibration of 3D camera in the context of PMD was first carried out by Kuhnert and Stommel
[Kuhnert and Stommel 2006]. The authors linearly approximated the phase and true distance
relationship using the mean phase value of a 5x5 block of pixels over several distances to create
minimum and maximum depth maps. Then a second order polynomial fit (precision distance
function) was used to correct the depth map by adding or subtracting appropriate values. Another
approach proposed by Reulke [Reulke 2006] considers geometric calibration of the PMD camera
in combination with high resolution 2D camera to obtain intrinsic camera parameters, followed
by median filtering of neighbourhood pixels of range data. Lindner and Kolb [Lindner and Kolb
2006] presented both lateral and distance calibration of a TOF camera. The lateral calibration,
based on intrinsic camera parameters, is done through bi-linear interpolation of low resolution
PMD intensity images using classical camera calibration technique [Bouguet 1999]. Later the
distance calibration is formulated using global B-spline model for systematic distance deviation
to a known reference plane. The global B-spline adjustment is performed on a per pixel basis
using least square fit of all distance samples. This calibration method is further developed in later
work [Lindner and Kolb 2007] for a bi-variate function of distance and intensity measurements.
A more direct calibration approach based on lookup tables (LUTs) has also been investigated
[Kahlmann et al. 2006; Kahlmann et al. 2007] using SwissRanger™ TOF camera (developed by
Swiss Center for Electronics and Microtechnology (CSEM) Switzerland). The LUTs are used to
offset the effect of temperature, reflectivity of the target and integration time on distance measurement that has been characterised as an offset called a Fixed Pattern Noise (FPN) [Kahlmann and
Ingensand 2006]. Parametric calibration via a fixed FPN matrix for an entire pixel array coupled
with an integral calibration using high precision calibration track line is suggested within this
framework. A unified model combined with Lambertian reflectance properties in LUT is also
considered [Radmer et al. 2008] for improved calibrations. In [Kim et al. 2008], the difficulty of
systematic bias or distance errors has been handled in a multi-view time-of-flight sensor fusion
recording system. More recently, May [May 2009] provided time-of-flight camera calibration
and performance analysis to address issues in mobile robotic applications.
The calibration methods discussed above all require a specific set of calibration experiments
for each camera in a known environment and the resulting calibration minimisation is an average
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approximation for each pixel. On the other hand, some techniques have made use of the signal’s
amplitude by either thresholding the amplitude of the received signal for the basis of pixel reliability [Fardi et al. 2006] or median history filtering of amplitude [Vacek et al. 2007] for range
data. These approaches, however, are based on ‘average’ scene conditions and are not valid for
high and low reflective surfaces. A more pragmatic approach independent of surface reflectivity
is a contribution of this thesis and will be discussed in detail in Chapter 5.
Since TOF camera measurements are based on the received modulated signal, the sensitivity
of the distance measurement data obtained in a time-of-flight (TOF) camera depends heavily on
signal-to-noise ratio (SNR) of the signal. There is little documented research on the statistical
behavior of the measurement processes of 3D TOF cameras. At present, the existing literature on
TOF statistical analysis is based on classical error analysis assuming Gaussian noise in the signal
measurement [Lange 2000; Büttgen et al. 2006]. Rapp [Rapp 2007; Rapp et al. 2008] conducted
a theoretical and experimental analysis of noise, including noise due to anharmonic properties
of the optical and reference signals and systematic Gaussian error modelling for various TOF
sensors. Another approach using first order error propagation for harmonically modulated signal
with adaptive filtering is also proposed [Plaue 2006] to reduce the effect of noise on phase measurement of a TOF camera. More recently, Frank et al. [Frank et al. 2009] presented a detailed
error analysis for four and eight channel modulated signals and showed a phase distribution as a
special case of Offset Normal distribution for variance and depth bias in phase shift TOF cameras.
A phase shift TOF camera is remarkable in its ability to provide phase, amplitude and intensity information. Each of these measurements has an associated statistical distribution that plays
an important role in modelling reliability of 3D range data. A comprehensive statistical analysis
of each of the TOF measurements is presented in [Mufti and Mahony 2009] and is the basis of
Chapter 4 of this thesis.
One method to achieve better range resolution is to improve SNR by increasing the exposure time, termed integration time per frame, for TOF camera at the cost of a lower frame rate.
A high integration time, however, is not always desirable, especially when the scene contains
high contrast and close range surfaces that may saturate the CMOS photo diodes. Moreover, the
saturation effects results in intensity measurement over a large range leading to significant quantisation errors. These effects result in reduced range resolution [Lange 2000]. The blurring effect
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caused by motion is also a cause of concern at high integration time. On the other hand, if the
camera is operated at low integration time, it is necessary to develop techniques to compensate
for the low SNR of single images. One possible approach is to fuse data from multiple frames
at a higher frame rate to improve SNR of the averaged signal. There are many TOF camera
applications where multiple frames are used, for example; super-resolution [Schuon et al. 2008],
camera calibration [Kahlmann et al. 2006] and multi-view dynamic 3D scene reconstruction and
high quality geometric and texture analysis [Kim et al. 2008]. These applications use averaging
or median filtering over a sequence of 3D images to reduce the influence of noise. Existing literature assumes that the underlying noise processes in the camera measurements are Gaussian or at
least near Gaussian. However, at low SNR values this is no longer the case especially for range
error estimation. A more detailed statistical analysis has been performed in [Mufti and Mahony
2009] and is discussed in Chapter 4 of this thesis.
The signal-noise-ratio (SNR) of TOF cameras depends primarily on the intensity of the received active light. The intensity of received active light depends in turn on the reflectivity of
the observed scene [Lindner and Kolb 2007] at the point viewed, as well as the attenuation due
to dispersion of the emitted signal according to the well known inverse square law. Reliability
of signal strength and range data in the presence of unknown reflectivity has posed itself as a
real challenge for TOF cameras in real environments. Most real environment scenes consist of
objects that can be modelled as Lambertian surfaces [Torrance and Sparrow 1967]. The reflectivity of Lambertian surfaces has been extensively studied in 2D computer vision [Szeliski 1991a;
Horn et al. 1993; Zhang et al. 1999], and recovering reflectivity is an active research topic in
Shape From Shading (SFS) [Horn and Brooks 1989]. Horn [Horn 1977] approached this problem through the introduction of reflectance map. Later Woodman developed photometric stereo
[Woodham 1980] to recover reflectivity with the help of a reflectance map. Techniques based on
photometric stereo to recover surface albedo require multiple images or multiple sources to solve
an ill-conditioned inverse problem [Zhou et al. 2007]. The complexity and the degree of error
due to minimization algorithms [Zheng and Chellappa 1991], and imaging conditions [Zhang
et al. 1999] limits the applicability of reflectance modelling of environment in computer vision
applications. In Chapter 5, a comprehensive study of the radiometric modelling of TOF signals
reflected from Lambertian surfaces is provided. Amongst other possible applications, this leads
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to a novel radiometric criterion for range reliability.
Range imaging has been actively pursued by researchers for a wide range of applications;
for example detection and recognition of obstacles [Sobottka and Bunke 1998b; Fardi et al.
2006; Tanner et al. 2008], 3D reconstruction of an environment [Hähnel et al. 2003; Kuhnert
and Stommel 2006] and tracking of automobiles [Meier and Ade 1997]. In the next section
application of TOF imaging in Advanced Driver Assistance Systems (ADAS) is considered.

2.3.2

Applications of TOF Range Imaging to ADAS

A growing market where range sensors have penetrated is in the area of smart automotive applications for producing better and efficient Advanced Driver Assistance Systems (ADAS) [Kaempchen and Dietmayer 2004]. Research has been taking place over the last 15 years [Sun et al.
2006] to produce better and efficient ADAS using both active (mostly range imaging) and passive
(2D cameras) sensors for integrated systems. Range sensors technology considered for ADAS
applications includes radar [Lee et al. 2007], ultrasnoic [Martin et al. 2000; Carullo and Parvis
2001], laser [Cole and Newman 2006] and especially 3D time-of-flight [Bostelman et al. 2005;
Kahlmann et al. 2007] cameras to name a few. In the European Union (EU) alone the imperative
need for ADAS sensors can be gauged from the fact that every day the total number of people
killed on Europe’s roads are almost the same as the number of people killed in a single mediumhaul plane crash [Commission 2001 ] with 3rd party road users (pedestrian, cyclist, etc.) comprising the bulk of these fatalities (see Figure 2.5 for proportion of road injuries) [Sethi 2008]. This
transforms into a direct and indirect cost on society (including physical and psychological damage to families and victims) with an economic cost of 160 billion euros annually [Commission
2008a]. The European Union has embarked on an ambitious plan to reduce the road fatalities
to half by the end of 2010 through substantial improvement in intelligent transportation system
(ITS) technologies and through the implementation of legislatives policies [Commission 2001;
Commission 2003; Commission 2008b] such as advanced emergency braking (AEB) based on
range, lane departure warning and rear vision.
Recent times bear witness to modem vehicles that are capable of providing Advanced Driver
Assistance Systems. These vehicles rely extensively on a variety of range imaging based systems
that provide continuous updates of the surroundings of the vehicle and aid drivers in safe driving.
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Figure 2.5: Proportion of road traffic injury deaths in Europe (2002-2004).

In this regards range image devices based on the principle of time-of-flight (TOF) [Spirig et al.
1997] such as 3D TOF cameras are becoming popular for automotive applications such as parking
assistance [Scheunert et al. 2007], collision avoidance [Vacek et al. 2007], obstacle detection
[Bostelman et al. 2005], as well as including the key task of ground plane [Mufti et al. 2008]
and pedestrian detection [Fardi et al. 2006]. Time-of-flight ranges sensors are robust against
shadow, brightness and poor visibility making them ideal in automotive applications. Unlike
laser scanners (such as LIDAR or LADAR) that traditionally require multiple scans, 3D TOF
cameras are suitable for video data gathering and processing systems especially in automotive
that often require 3D data at video frame rate. This has opened a new avenue for TOF range
sensors in the industry due to rapid advancements in 3D TOF camera technology. In recent years
various companies have developed time-of-flight sensors, and as the application and demand is
growing for such sensor, they are becoming less expensive and are more readily available for
commercial applications [IEEE(CVPR) 2008].

2.4

Imaging Techniques for Automotive ADAS

Over the last two decades there has been a significant improvement in automotive design, technology and comfort standards along with safety regulations and requirements for automobile
design and manufacturing standards. At the same time, growth in population and a steady increase in the number of road users has resulted in a rise in the number of accidents involving
both automotive users as well as pedestrians. According to World Health Organization (WHO),
road traffic accidents (RTA), including traffic collisions, auto accidents, road accidents, personal
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injury collisions and motor vehicle accidents, account for the deaths of an estimated 1.2 million people worldwide each year, with 50 million or more suffering injuries [Organization 2009].
These figures are expected to grow by 20% within the next 20 years [Peden et al. 2004]. These
statistics provide a strong motivation to improve the ADAS ability of automobiles for the safety
of both passengers and pedestrians.
Today, a key problem of considerable interest in automotive ADAS domain is to warn the
driver of any obstacle or obstruction on the road [Meier and Ade 1998; Sobottka and Bunke
1998b]. This task has normally been approached as either (a) direct obstacle (or vehicle) and
pedestrian detection (b) ground plane estimation and location of obstacles from the road geometry. The techniques to develop vision based ADAS systems depend heavily on the imaging
device technology used. In general these sensors are either spatial devices such as monocular
CCD cameras, stereo cameras or other sensor devices such IR, laser and TOF sensors. The
fusion of multiple sensor modalities has also been actively pursued in the automotive domain
[Gem et al. 2000]. A survey covering obstacle detection using recent technology is presented in
[Discant et al. 2007]. Recent autonomous vehicle navigation competition DARPA (US Defense
Advanced Research Projects Agency) URBAN Challenge [Baker and Dolan 2008] has demonstrated a significant surge by major automotive companies and research centers in their ability to
produce ADAS that are capable of driving autonomously in an urban terrain. It is not possible
to provide a comprehensive survey of all computer vision algorithms for automotive applications
in this chapter, however, an overview of 2D techniques covering obstacle avoidance and ground
plane detection followed by range imaging for ground plane estimation is presented in this section.

Obstacle avoidance: Two dimensional (2D) imagery for obstacle detection techniques is an
extensively explored area in ADAS research. Most image sensors produce a projective map of
the 3D world, are low cost, and provide high resolution. Such data is ideal for applications of
classical computer vision algorithms. As a consequence, most intelligent transportation applications for detection and tracking of on road obstacles such as vehicles or pedestrians in automotive
industry have explored pure intensity images [Beymer et al. 1997]. Ferrier et al. [Ferrier et al.
1994] presented a tracking algorithm based on the template of the average shape of a vehicle
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considered to be a planar shape. A second order motion model is applied using Kalman filter on
vehicle dynamics. Template based approaches using edges of a vehicle and road position [Regensburger and Graefe 1994; Parodi and Piccioli 1995; Handmann et al. 2000; Bensrhair et al.
2001 ] have also been reported. Other more specific template methods such as Support Vector Machines (SVM) [Papageorgiou and Poggio 1999], AdaBoost [Freund and Schapire 1995] learning
[Viola et al. 2003] and template hierarchy with distance transform [Gavrila and Philomin 1999;
Gavrila 2000] for pedestrian detection have been analyzed for obstacle avoidance frame work.
Knowledge based methods use a-priori knowledge of vehicle and obstacle in the image
space. There are different approaches for knowledge based methods, for example symmetry
of a vehicle observed in an intensity image from front and rear can be exploited [Kuehnle 1991;
Zielke and von Seelen 1993]. However, these algorithms are susceptible to noise of homogeneous areas. Koller eta/. [Koller et al. 1993] proposed a model fitting approach for detection and
tracking of the vehicle in monocular image sequences. In this method, moving vehicles are detected and tracked automatically using prior knowledge about the shape and motion in road traffic
scenes. Colour cues for lane and road marking [Guo et al. 2000] and vehicle segmentation form
background [Crisman and Thorpe 1988; Buluswar and Draper 1998] have also been proposed.
Shadow and texture analysis of a vehicle followed by segmentation based on histogram threshold and entropy is another knowledge based method. Motion based methods [Fomland 1995]
use optical flow, where departing and approaching vehicle produces strong flow. Giacheetti et
al. [Giachetti et al. 1998] proposed first and second order differential methods for segmenting
vehicles, whereas Curio et al. [Curio et al. 2000] proposed a combination of motion and shape
algorithms for pedestrian detection by focusing on cues from human legs region.
Stereo vision is another popular technique for obstacle detection [Labayrade et al. 2002;
Caraffi et al. 2007]. Stereo vision method used by Zhao and Yuta [Zhao and Yuta 1993] compute
inverse perspective mapping from the left and right images to world coordinates. Assuming a flat
road, they are able to detect objects above the ground plane. Zhao and Thorpe [Zhao and Thorpe
2000] proposed neural networks for classification and stereo vision for foreground and background detection in an urban terrain. Broggi and Bertozzia [Broggi and Bertozzi 1997; Bertozzi
and Broggi 1998] used disparity of images after computing the inverse perspective mapping.
Due to the constraint of the texture and brightness of obstacles, they suggested polar histogram
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to count the over threshold pixels. The idea was further extend by Knopped et cil. [Knoeppel et al.
2000] by incorporating Kalman filter for tracking assuming known dynamics of the vehicle. Several excellent survey articles have been published recently covering vehicle detection [Sun et al.
2006] and pedestrian detection [Gandhi and Trivedi 2007; Enzweiler and Gavrila 2009].

Ground plane detection: Ground plane estimation is the second approach to obstacle avoidance.
According to Gibson (a prominent psychologist of the last century in the field of visual perception), ground plane perception is of vital importance to human beings and their mobility [Se and
Brady 2002]. Gibson states, “there is literally no such thing as a perception of space without the
perception of a continuous background surface” [Gibson 1950]. This statement makes it evident
that ground plane detection is a highly important aspect of an on road ADAS system. There
are different approaches to this problem ranging from road features to model-based algorithms
for ground plane or road segmentation. In [Waxman et al. 1987], Waxman et al. implemented
a complete visual navigation system for an autonomous land vehicle based on image analysis
that comprises different modules for image processing such as linear feature extraction and segmentation of road and ground plane. This also includes knowledge based modeling to extract
land marks, road structure and shape recovery of road based on geometric reasoning for contours. The Navlab group at Carnegie Mellon University has been pursuing the field of automated
guided vehicles (AGVs) navigation and driver assistance for some years. In [Thorpe et al. 1988],
they presented an autonomous vehicle navigation system and employed classification method for
road feature detection based on color and texture. The road is assumed locally flat and the geometry of the road is defined by the intercept of the vanishing points and orientation with respect to
camera in the image space.
Dickmanns et al. [Dickmanns et al. 1990] analyzed a 3D model of the geometry of the
road as state parameters consisting of clothoids (arcs with constant curvature). The features are
filtered using velocity derivatives in a Kalman filter for recursive estimation. In [Irani et al. 1992]
a 2D tracking of dominant motion estimation is suggested to obtain ground plane. This work is
based on segmenting the image into objects with dominant motions while tracking of the detected
objects in a temporal integration framework. Sullivan [Sullivan 1994] and Tan et al. [Tan et al.
1994] proposed to calibrate the camera with respect to the scene, and imposed the ground plane
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constraint (GPC); the notion that vehicles have all wheels in contact with the roadway except in
exceptional circumstances. This constrains vehicles to move with only three degrees of freedom;
two in translation and one in rotation about the vertical axis with respect to an arbitrary world
coordinate system.
Badal et cil. [Badal et al. 1994] and Li et cil. [Li et al. 1995] demonstrated that ground plane
disparity can be represented as a linear relationship in terms of the image pixel coordinates. In
[Badal et al. 1994], the authors used a stereo disparity map to pre-compute the ground plane and
obstacles were detected by estimating range information from disparity map. Later in [Weber
et al. 1995; Luong et al. 1995] the disparity of the stereo images is exploited using Helmholtz
shear (that is the disparity is a direct function of the distance between points). The authors proposed a framework on the assumption that road can be locally modelled as ground plane. This
configuration helped in mapping points that belong to ground plane and those above the ground
plane as obstacles. Broggi and Berte [Broggi and Berte 1995] used a low level image processing
of binary representation for road and off-road objects within an Italian project Mob-Lab (MOBile LABoratory) land vehicle. The road detection used <3-/?n<9r/-knowledge of road model for
features of the road such as lane markings from correct synthetic road model selection. Se and
Brady [Se and Brady 2002] discussed RANSAC ground plane fitting in disparity images after
applying Sobel edge detector to obtain disparity features. In [Ke and Kanade 2003], a transforming camera geometry is used for ego-motion estimation and ground plane detection. A virtual
camera rotation for downward-looking pose is used that exploits the vehicle’s planar motion constraint on the ground to eliminate the ambiguity between rotational and translational ego-motion
parameters, and improves the Hessian matrix condition in the direct motion estimation process.
A robust weighting scheme based on both ground plane geometry and motion compensated intensity residuals was then used for global ego-motion estimation and ground plane detection.
Lombardi et al. [Lombardi et al. 2005] proposed road detection as a ground plane estimation
problem in stereo disparity data using least square fit. The road segmentation is done without
any prior road feature knowledge.
Ground plane detection and segmentation has been widely investigated in robotics [Batavia
and Singh 2001]. In [Gaspar and Sentieiro 1994], ground plane is described by the disparity
map computed from the eight points in the stereo images. A disparity map or a reference map
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is used to establish correspondence between image point and 3D ground plane. In [Ohnishi and
Imiya 2005], the authors proposed Independent Component Analysis (ICA) to extract dominant
planar feature using optical flow for a moving robot. Lee et al. [Lee et al. 2005] combined Scaleinvariant Transform (SIFT) features and RANSAC framework for planer surface segmentation.
A ground plane estimation based on estimating the dominant homography between two frames
taken from the sequence has also been reported in [Zhou and Li 20061. A pertinent survey on
vehicle navigation and guidance applications using 2D cameras video images is presented by
Kastrinaki et al. [Kastrinaki et al. 2003].
There are a range of difficulties associated with every computer vision algorithm. Knowledge based algorithms employing symmetry, corners and textures are effective in non cluttered
environment. However, the false positive increases with increase in the number of surrounding
objects or partial occlusion. Colour and illumination techniques suffer from inherent shadow
effects and bad weather conditions. Stereo methods, though popular in computer vision have
reduced efficiency owing to computational cost and vibration effects when mounted on vehicles,
especially for dense disparity maps. Aliasing and ego motion effects in temporal derivatives at
higher speeds and lack of texture in an environment make real time computation of optic flow
difficult. Template based methods require the development of template for a larger number of individual objects. Model-based methods, require a substantial data set for developing classifiers.

2.4.1

Range Imaging for Planar Surfaces and Ground Plane Estimation

Range sensors based on infrared (IR) source can provide information that is not available in a
visible spectrum [Barham et al. 2000; Andreone et al. 2002] and hence are widely used for object detection and tracking in automotive applications [Sobottka and Bunke 1998a; Sobottka and
Bunke 1998b]. The majority of obstacle detection algorithms in these applications initially use
an estimate of ground plane [Meier and Ade 1998; Bostelman et al. 2005] and classify obstacle
pixels as statistical outliers from this model. Since segmentation of ground plane is an integral
part of most obstacle detection algorithms, local ground plane estimation has become an important application for range sensors in general [Surmann et al. 2003; Stevens et al. 2003] with direct
relevance to ADAS systems in particular [Meier and Ade 1998; Chateau et al. 2000; Madhavan
et al. 2006].

§2.4 Imaging Techniques for Automotive ADAS

31

A number of methods for local plane estimation for three dimensional range data have been
proposed [Kanazawa and Kanatani 1995; Watanabe and Saito 2006]. Early work [Schmitt and
Chen 1991], a split-and-merge algorithm based on Delaunay triangulation surface approximation, is used for planar surface segmentation in range images. Jiang and Bunke [Jiang and Bunke
1994] proposed scan line grouping for planar surface segmentation by treating a complete line
segment as an atomic entity. An earlier comprehensive comparison and evaluation of planar surface segmentation methods using range images was presented by Hoover et al. [Hoover et al.
1996]. Meier and Ade [Meier and Ade 1998], suggested simple linear least squares for plane
fitting on a 3D data obtained from a range and used this in obstacle detection and tracking algorithms for vehicles. Wang et al. IWang et al. 2001] solved plane fitting of noisy range data as a
minimisation problem obtaining the optimal solution via partial weighted eigen method.
A statistical framework for estimation of planar surfaces (walls, doors, ceilings) using Expectation Maximization (EM) [Liu et al. 2001; Martin and Thrun 2002] was developed in 2001 -2002.
This approach has been further explored by Triebei et al. [Triebel et al. 2005] using Hierarchical EM and by Lakaemper and Latecki in [Lakaemper and Latecki 2006] using extended EM.
Hähnel et al. [Hähnel et al. 2003] suggested a region growing method for planar surface approximation. In [Wolf et al. 2005] an approach based on Hough transform representation of a
plane for 3D range data obtained from laser scanner mounted on a Segway® Robotics Mobility
Platform (RMP) for an outdoor environment is presented. Other techniques based on computationally expensive semantic or scene constraint approaches [Cantzler et al. 2002; Niichter et al.
2003] have been analyzed for segmentation using 1D/2D laser range [Hancock et al. 1998; Perrollaz et al. 2006] or LIDAR (Light-Imaging Detection and Ranging) data [Lee et al. 2007].
These methods work well for dense 3D point clouds and are appropriate for laser range data.
Segmentation and robust model fitting of range data using RANSAC (Random Sample Consensus) [Fischler and Bolles 1981] was first addressed in literature by Bolles and Fischler [Bolles
and Fischler 1981]. In recent past, Niichter et al. [Niichter et al. 2003] used a combination of
Iterative Closest Points (ICP) and RANSAC to extract planar features using range data. Existing
work in applying RANSAC to 3D data for plane fitting either uses a single frame data [Bartoli
2001; Hongsheng and Negahdaripour 2004] or tracking of data points [Yang et al. 2006], and
does not utilise the temporal aspect of video data that is available in 3D TOF range devices. An
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approach based on RANSAC and exploiting the temporal nature of 3D TOF data was first presented in [Mufti et al. 2008] and is discussed in detail in Chapter 6. The proposed framework
is ideal for planar surfaces segmentation in dynamically changing scene or in an ADAS applications’ environment such as estimation, detection and segmentation of ground plane, road and
pedestrian, etc.

2.5

Image Enhancement

Human visual systems have the ability to integrate visual information in a manner that the spatial
resolution of scene appears much higher than a single frame of sequence. The true mechanics of
this human capability is still unknown, however, it must depend on the integration of information
from multiple slightly different images of the same scene [Schultz and Stevenson 1996]. The
idea of image enhancement is of particular importance when a sequence of images or video is
obtained from a low resolution camera such as a time-of-flight camera.
Man made digital imaging devices measure the intensity of the scene. In this process much
of the information is lost due to quantisation noise, frequency aliasing, bandwidth, degradation
from the optical system, etc. As a result these devices have a limited capability to produce high
resolution images and lack the ability to produce a continuous spectrum for image space. Spatial
resolution is restricted by the spatial density of charged-coupled device (CCD) array. This causes
blur and constrains the size of a spatial feature that can be visually detected in a scene [Shechtman et al. 2005]. A common technique in image processing to increase the visual magnification
of an image is interpolation. Extensive research has been carried out on single frame interpolation techniques. Techniques vary from as simple as nearest neighbourhood interpolation [Jain
1989] to complex Markov random field model based edge-directed interpolation [Li and Nguyen
2008]. A recent survey article by Amanatiadis and Andreadis provides a comprehensive review
of various interpolation methods [Amanatiadis and Andreadis 2009].
To overcome the spatial constraints, different frame fusion techniques have been proposed for
temporally correlated multi frame sequence [Kim et al. 1990; Irani and Peleg 1991; Jacquemod
et al. 1992; Cheeseman et al. 1994; Patti et al. 1994; Szeliski and Shum 1997]. These methods
not only help in the creation of large composite images to represent a 3D scene, but also assist
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in improving the spatial density for construction of high resolution images [Zomet and Peleg
2000] through accurate point-to-point image registration [Capel and Zisserman 2003]. Consistent
computational improvement has lead to new approaches of image enhancement technique for
image restoration. One such method for obtaining high resolution images from real world data
is to fuse information from a number of low quality images to obtain a high resolution estimate
of the desired scene; a process known as Super-resolution (SR). Image enhancement techniques
based on super-resolution have proven to be very attractive for a variety of applications that range
from aerial imagery, surveillance photography to medical diagnostic imaging.

Super-resolution reconstruction

Figure 2.6: Super-resolution of high quality image from multiple low resolution frames.

2.5.1

Super-resolution

The rationale behind super-resolution is to obtain a high resolution image of the scene using
sub-pixel image registration of multiple images as shown in Figure 2.6. Early work on Superresolution was carried out by Tsai and Huang [Tsai and Huang 1984] in frequency domain. They
created an improved image from several downsampled images using the aliasing effect. Their
work was extended by Kim et al. [Kim et al. 1990] with additional consideration to noise and
spatial blurring. Despite the fact that frequency domain approaches are simple to implement,
they are limited in application due to non-global motion estimation and lack of spatial domain
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knowledge. To address this issue, approaches based on spatial domain knowledge have been
developed. Stark and Oskoui [Stark and Oskoui 1989] proposed Projection onto Convex Sets
(POCS), later extended by Tekalp et cil. [Tekalp et al. 1992] using successive projections as prior
information of a high resolution image. Their work was further advanced by Patti et al. [Patti
et al. 1997] to include time-varying motion blur.
Stochastic approaches [Schultz and Stevenson 1994] have also been explored to include prior
knowledge of image formation. A joint formulation of image registration and restoration was
considered by Tom and Katsaggelos [Tom and Katsaggelos 1995] using Maximum likelihood
(ML). Schultz and Stevenson [Schultz and Stevenson 1996] presented a MAP stochastic framework with edge preserving Hubber-Markov Random Field (HMRF) prior to incorporate the problem of motion displacement. However, the choice of prior makes this approach a difficult minimisation problem. Later Hardie et al. [Hardie et al. 1997] presented Maximum a-posteriori
(MAP) estimation for super-resolved images as a blind image restoration problem for reduced
image aliasing. In [Elad and Feuer 1997] Elad and Feuer proposed a hybrid approach of incorporating POCS for Maximum likelihood and MAP restoration for super-resolved images for further
improvement and convergence. Smelyanskiy et al. [Smelyanskiy et al. 2000] used a Bayesian
frame work for satellite imagery to infer image registration and parameters of image surface
namely height and albedo for super-resolution with Gaussian prior distribution. In recent past,
Bayesian methods have been employed for super-resolution of high dynamic range images by
incorporating exposure time and sensor noise [Gunturk and Gevrekci 2006] as well as for joint
segmentation and super-resolution frame work [Shen et al. 2007].
Another approach to super-resolution is iterative back projection (IBP). This method, proposed by Pleg et al. [Irani and Peleg 1993], is inspired by computer aided tomography (CAT)
in medical imaging. An initial guess of a super-resolved image is updated through projection
of simulated error on the measurement. It allows smooth motion flow for affine geometry case.
Methods based on different regularisation kernels [Elad and Feuer 1997; Nguyen et al. 2001]
have also been developed to address the ill-posed nature of SR algorithms. Iterative algorithms
such as conjugate gradient are preferred in these conditions due to their fast convergence and
computational efficiency [Connolly and Lane 1997; Chan et al. 1998]. An excellent review of
some of these techineuqes can be found in [Farsiu et al. 2004].
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Tom and Katsaggelos [Tom and Katsaggelos 1995] formulated the super-resolution reconstruction problem in an Expectation Maximisation frame work for registration parameters and
noise variance. Recently, Woods et al. [Woods et al. 2006) presented an Expectation Maximization (EM) framework for high resolution images using simultaneous estimation of registration,
noise and image statistic parameters. A statistical framework to address the performance bound
of super-resolution algorithm has also been proposed [Robinson and Milanfar 2006]. This gives
an insight into the performance issues and bottlenecks of super-resolution and image registration.
More recently, the super-resolution frame work has been extended to improving depth resolution in range images using either a combination of range depth and spatial image or only range
image data [Kil et al. 2006; Lindner et al. 2008]. Although approaches based on fusion of range
sensor and spatial data from a 2D camera [Diebel and Thrun 2006; Yang et al. 2007; Lindner
et al. 2008], are computationally efficient, they suffer from artifact generated, when mapping
intensity information into the 3D geometry. In addition the use of two separate imaging devices
restrict their applicability. Kil et al. [Kil et al. 2006] initially proposed to super-resolve depth
images obtained from laser scanner. They used over 100 scans of the same object by introducing
slight random translations. A super-resolved depth map was obtained by registering the scans and
constructing a higher resolution grid using weighted average of Gaussian kernals. Finally the Iterative Closest Point (ICP) [Besl and McKay 1992] algorithm was used for 3D reconstruction from
registered images. The range data from existing TOF cameras, however, is noisy and not dense
enough to be suitable for a data fusion technique. Depth image super-resolution of noisy range
data obtained from only TOF sensors has been investigated [Rajagopalan et al. 2008; Schuon
et al. 2008; Schuon et al. 2009] using a frame work similar to 2D super-resolution techniques. In
these methods slightly shifted depth images are processed in an optimisation framework by formulating an image forming process from low to high resolution depth maps. The minimisation
problem used a regularised prior for reducing random noise in depth data.
Another area of interest in super-resolution is the creation of image mosaics [Irani et al.
1995; Zomet and Peleg 2000; Capel 2001; Kramer et al. 2006] through proper registration of low
resolution (LR) monochrome and colored images [Farsiu et al. 2004; Farsiu et al. 2006]. This
has resulted in a range of commercially available softwares for image enhancement and image
mosaic based on super-resolution [SalientStills 2000; Cognitech 2008].
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2.5.2

Super-resolution of Moving Objects

A common application of SR algorithm is to video sequences [Schultz and Stevenson 1996;
Zomet and Peleg 2000; Shechtman et al. 2005; Ben-Ezra et al. 2005; Wang et al. 2006; Narayanan
et al. 2007; Callico et al. 2008; Watanabe et al. 2008]. Sub-pixel registration of the observed data
sequence is a key requirement for any SR reconstruction algorithm [Lee and Kang 2003]. To
overcome error in image registration due to poor resolution, Wang et al. [Wang et al. 2006] proposed an algorithm that performs registration in high resolution domain using regularised mean
curvature upsampled images [Aly and Dubois 2005]. Accurate registration of low resolution
(LR) images is especially important when the sequence of LR images is drawn from a moving
video sequence. The issue of super-resolving an image of objects observed under constant motion in a video sequence is not well addressed in existing literature of video SR [Tekalp et al.
1992; Schultz and Stevenson 1994; Capel 2001; Zibetti and Mayer 2005; Wang et al. 2006; Shen
et al. 2007]. There are many applications where only part of an image, associated with an object
of interest, needs to be super-resolved from an image sequence, for example; recognizing speed
signs, enhancing images of license plates or faces in video streams.

Figure 2.7: Scale varying images obtained from either a moving camera or object in motion.

Existing methods do not deal well with variations in the scale of an image (expansion/decrease)
that occurs when the image of an observed object changes significantly. When a camera moves
past an object or an object moves past a camera, the image expands frame by frame in the image
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sequence as shown in Figure 2.7. In these spatio-temporal shifted multi-scale frames a natural
approach is to incorporate a motion model of the object for image registration. Some work has
been undertaken to track and super-resolve an object in a video sequence [Fletcher et al. 2005].
An approach based on tracking and continuously super-resolving a planar object has been proposed by Delleart et al. [Dellaert et al. 1998] where the tracking and updating of the algorithm
is performed using an extended Kalman filtering scheme. A unified EM framework that contains
statistical model containing both motion filtering and super resolution is a recent development
[Mufti et al. 2007]. The framework proposed formulates a coupled image registration filtering of
motion model and super-resolution problem of moving objects in a video sequence. The image
motion is characterised by homographies parametrised by camera pose along with the depth and
orientation of the object with respect to the super-resolved image plane. Unlike the classical
methods [Schultz and Stevenson 1996; Hardie et al. 1997; Nguyen et al. 2001; Elad and Hel-Or
2001; Farsiu et al. 2004; Humblot and Mohammad-Djafari 2005; Woods et al. 2006], the superresolved image plane may be chosen in any orientation or point and is not necessarily tied to an
existing LR image. The details of this work are presented in Chapter 7 of this thesis.
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Chapter 3

Time-of-Flight Camera Technology
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Figure 3.1: A PMD 3k-S time-of-flight camera.

3.1

Introduction

This chapter outlines the time-of-flight camera technology and measurement principles with underlying noise process effecting TOF camera technology. The time-of-flight (TOF) camera described in this chapter is a PMD prototype camera as shown in Figure 3.1 built with 3k-S (64
x 48 pixels) Photonic IC® sensor. The main technical features are provided in table 3.1. This
camera is used throughout the experiments, investigation and development of algorithms for my
research and all the results reported in this thesis are based on this camera, although PMD 3k-S
camera is the focus of this chapter, the principles of operation are the same for all continuous
wave modulated cameras and the discussion in this chapter is general to all such cameras. In
particular, the fundamental principles of operation and noise modelling discussed in this chapter
39

Time-of-Flight Camera Technology

40

Name
Sensor type
Detector
Resolution
Unambiguous Range
Modulation frequency
Field of view (FOV)
Illumination power
Wavelength
Frame Rate (3D)
Digital interface

Specification
CMOS-Matrix camera with 3072 pixels
^ Global Shutter PMD Sensor
64 (H) x 48(V)
7.5 meters
20 MHz
53°(diagonal) at f=8mm
3W optical
870 nm
up to 25fps
IEEE 802.3u, IEEE 1394

Table 3.1: PMD 3k-S technical details.
will apply to TOF cameras produced by Canesta Inc. [Canesta 1999], PMDTech [PMD 2002]
and Mesa Imaging AG [Mesa 2006],
A photonic Mixer Device (or PMD) sensor is based on the principle of time-of-flight to capture the three dimensional information of the scene on a CCD array through CMOS technology
[Lange et al. 1999; Lange 2000]. Section 3.2 describes the main components and operation, Section 3.3 provides details about the measurement process and Section 3.4 will discuss some of the
noise characteristics that effect the measurement process of this device.

3.2

PMD Time-of-Flight Camera

A PMD unit consist of an illumination unit, modulated optical transmitter/receiver unit, an image chip based on CMOS technology and a signal processing and electronics control unit (see
Figure 3.2). The illumination unit consists of a high powered infrared (IR) LEDs, for best optical efficiency and easy availability, operating in a modulation range between 20Mhz to 30MHz
[Ringbeck 2007]. The use of LEDs compared to a laser diode provides better safety, easy electric circuit implementation and helps lower the over all cost of the device [Xu et al. 1998]. The
second major component of a PMD device is a 2D electro-optical (EO) device that acts as a modulator and demodulator at the sending and receiving end respectively. The special feature of this
unit is the simultaneous mixing and sensing. This eliminates the need for any polarizer such as
is required. A PMD 2D EO device can work at higher frequencies with lower voltage. A PMD
camera normally operates on continuous wave (CW) modulation instead of pulse modulation
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One Pixel

Figure 3.2: 3D-imaging system based on PMD time-of-flight smart pixel image. Reprinted with permission, Xu et al. 1998.

[Hussmann et al. 2008] as this reduces the complexity in electronic circuitry that is otherwise
needed to address the fast rise and fall time measurement of a pulse. Based on this configuration,
PMD pixels can be integrated to form a large 2D sensing chip. Due to the advances in semiconductors, a PMD array based on CMOS APS (Active Pixel Sensor) [Fossum 1995] technology is
comparable in cost with CCD imaging chip, offers high sensitivity, low power consumption, high
quantum efficiency, high fidelity and is ideal for a 3D imaging device. The use of two different
overlapping polysilicon layers over the gate oxide make it possible to realise CCDs with CMOS
process in PMD cameras [Lange et al. 2000]. Each PMD pixel of a 3072 PMD array is integrated
on a 0.6pm triple metal n-well CMOS (see Figure 3.3). The use of such demodulation pixels has
enabled a PMD camera without any mechanical parts and cumbersome electro optical modulators for 3D computation in an image array. Further details about this technology can be found in
[Xu et al. 1998; Lange et al. 2000; Busbaum et al. 2001; Kraft et al. 2004].

3.3

Phase Shift Time-of-Flight Signal Measurement

A phase shift time-of-flight (TOF) sensor (such as PMD), estimates distance to a target using the
time of flight of modulated IR wave between the target and the camera For r, the distance to the
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Figure 3.3: A simplified two-gate PMD structure. Reprinted with permission, Xu et al. 1998.
target and denoting the speed o f lig h t by c, one has
c ■ip

(3.1)

' /mod

where / mod is the modulation frequency o f the TOF range sensor and <p is the phase delay computed in a single PM D pixel o f the camera.
The homodyne technique (phase shifting) that relates to 3D TOF measurement can be understood by considering an emitted modulated signal sm{t) = A m(s) • [1 + cos(cot)], where A m(s)
is the amplitude o f the emitted signal as shown in Figure 3.4. The signal received back after

Reflected singal

Emitted singal

Figure 3.4: Emitted (radiance) and received (irradiance) of modulated signal relationship.
reflection from the object is denoted by r m(t) and can be written as

r mif)
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due to background light offset Imo, attenuation in signal amplitude (received as Am) due to reflectivity of the surface and the optical path and a phase shift ip, proportional to the optical path
length. Here Im is the mean offset given by Im = Im<) + Am as illustrated in Figure 3.4. The
phase difference between emitted and the received signal can be obtained by cross correlating
the emitted and the received signals. The cross correlation function c(r) is [Lange 2000]
i

c(T) = rm(t) ®gm(t) = lim -

r T/2

T-*°° l J - T / 2

rm(t) • gm(t + r)dt.

(3.3)

where gm(t ) = 1 + cos(6ot) is the correlating sinusoidal for the emitted signal sm(t) = Am(s)gm(t).
Hence,
c (t

)

(/Wf) + Am • [ 1 + •cos(cur + <£)]) <8>(1 + cos(6ur))
r /2
i r
lim Urn,, +Am -[ 1 + • COS (üJt + (/?)]) • ( 1 +
T—>oo 1 J-T/2
'-T/2
rTI 2

(3.4)
COS (üJt

+ LJT))dt

(3.5)

nT/2

lim — J
Im • dt + I Amcos (cut + (p) • cos (cut + cjT)dt
T—>oo T ’-T/2
Jf - l .

I

+ I

Im cos (cut + c u t ) + Am cos (cot + p>)dt ; substituting Im = Im<} + Am. (3.6)

'-77 2

Since the sinusoidal function is bounded for the integration over a full period n ■T = n • jj- with
n e Z+, the last two terms and the term involving twice the modulation frequency obtained after
multiplication of correlated signal equates to zero. Thus one has,
/ I ffi

c(r) = Im + — cos (c j t - (p).

(3.7)

Evaluating this function at four selected quarter wavelength intervals (ro = 0, t \ =
T3 = ^ ) gives us four values
c(r0) =
c (t

2)

-

~~ cos(</>) + Im, c (ri) =
cos(<^) + lm, c(r3) =

sin(</?) + Im
sin(^) + l,n.

^ > T2

=
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The phase tp of the received signal can be computed as [Lange and Seitz 2001 ]
<
p = arctan

3.3.1

c (t i )
c (t

- c ( t 3)

0) - c(r2)

(3.8)

PMD Time-of-Flight Signal Measurement

Phase lock-in PMD TOF camera use photo sensors to measure intensity of incoming light and
instantaneous measurement of ideal sampling of radiosity is not viable. As a result, ideal signal
correlation cannot be implemented in TOF camera electronics, however, the same effect can be
achieved by synchronously sampling the received signal. The phase lock-in photo sensors or
CCD array used in TOF cameras are based on detection and sampling of incoming signal Am and
integrating the photo charge over a period of time.
Assuming a periodic signal is being considered in the modulation process then the signal
can be represented using equations of Discrete Fourier Transform (DFT). Since the IR LEDs of
TOF cameras have a finite bandwidth, it is further assumed that only fundamental harmonics are
transmitted [Hussmann et al. 2008]. With enough sampling points, one can obtain the phase,
amplitude and the intensity (mean offset) information of the sinusoidally modulated signal by
considering

- 1) harmonics of the base frequency i.e sampling frequency divided by N number

of sampling points [Lange 2000]. Hence, using the Fourier coefficients of the first harmonic (or
the base frequency), one can obtain the phase <p and the amplitude Am as [Spirig et al. 1997]

(3.9)

(3.10)
where Amj are the sampled values and N is the total number of samples.
In TOF cameras, the sampling process simplifies as only the fundamental frequency is being
recovered. If we consider the samples of a sinusoidal signal at four phase intervals of the modulated source frequency as Amj = Am (cati + p>) + Imo; (f, = / • ^ , / = 0 ,... 3) (see Figure 3.5), then
one can recover the phase, amplitude and offset of the signal [Spirig et al. 1995]. In TOF camera
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= 20 MHz, Tmoa = 50 nsec
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Figure 3.5: Received modulated signal in TOF camera. The signal of modulated frequency f m0d =
20Mhz with background illumination (exitance) Imo, is sampled four times Amo,Ami,Am2,Am3 with short
integration time At.

the selective sampling at four points is achieved with special demodulation lock-in pixels that are
sensitive to one discrete frequency only.
The integrative nature o f the sampling process represents convolving the signal with sampling function rect(t/At) over a short-time integration time period At [Lange 20001. The Fourier
transform in frequency spectrum shown in Figure 3.6 reveals that the sampling does not have any
effect on the phase measurement as long as the integration time At is less than the modulation period o f the sampled signal. The sampling process, however, attenuates the amplitude by a factor
of SincC^y1) o f the modulation period T such that

A, = A t S in c ( ^ ) / t m„

(3.11)

where A* are the effective samples o f received signal. To our knowledge, all phase lock-in TOF
cameras operate at an integration time o f half the modulation period i.e At = T /2 to preserve the
phase change. Evaluating the Sine function AtSinc(7rAt/7) at At = 7 /2 gives an attenuation of
64% o f the original signal (see Figure 3.6). The chosen integration time also helps suppress the
even harmonics o f the base frequency.
The square wave model is itself an approximation o f the actual process due to finite time
switching effects and low pass characteristics o f IR LEDs that blur the corners o f the square
wave. In practice, the true model is somewhere between sinusoidal cross correlation and square
wave integration.
In addition to the base sampling for short integration time, it is usual to accumulate the
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Time domain
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Figure 3.6: Time-of-flight signal sampling process with rect function for short integration At. Integrative
sampling does not effect the phase for At < T but only attenuates the amplitude (magnitude) of Sine.

samples over multiple cycles [Lange 2000] o f the received modulated signal in order to further
improve SNR in the range estimation data. A schematic o f this process is shown in Figure 3.7.
The accumulation is undertaken over a period that we term the long integration time and denote
by r. This parameter can be selected using the camera software and is usually referred to simply
as integration time r in camera documentation. This is in contrast to the short integration time At
that is fixed at T / 2. The effective frame rate o f the camera is determined by the long integration
time plus the additional reset time o f the camera electronics and signal processing algorithms.
Let A/(„)(r), n = 1, • • • N, denote the N possible measurements o f A, made over a long integration
time r. The average measured amplitude o f the accumulated short integration sample is given by
N

A, : = £ A ' (»><r).
«=1

(3.12)

The measured amplitude A, intensity / representing the gray scale image and the phase o f the
received signal are given by

A :=

V(^3 - A ))2 + (A q - A

2

2) 2

(3.13)
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Figure 3.7: Integration of samples over multiple cycles for a certain period of time.
t /A 3 —A, \
ip := arctan --------- .
*
\A o - A 2/

(3.14)

Ao + A\ + A2 + A3
4

(3.15)

j

With measured phase <p, known modulation frequency / mod and precise knowledge of speed of
light c it is possible to measure the distance r from the camera as
r := zj(p;

where m = -—- — .
4^7mod

(3.16)

With a modulation wavelength of A = y-^, this leads to a maximum possible unambiguous range
of (A/2). For a typical camera such as PMD 3k-S, f mod=20Mhz and with a speed of light c given
by 3 x 108 m/s, the non ambiguous range rmax of the TOF camera is given as

r max

C
2 /m o d

3 X 108
2 • 20 x 106

7.5meters.

(3.17)

TOF manufacturer’s vary configuration of cameras within different models for customised
requirements. For a PMD 3k-S camera two sampling points A,- and Bj called ‘two photo site
demodulation pixel’ at each pixel location in PMD camera are used [Luan 2001]. This helps in
measuring fast changing scenes that require long integration times. The two-photo site demodulation pixel consists of two equal structures with two readout stages per pixel. This two-side
access is far less sensitive to process and scene variations. Due to the use of an integration time
of half the modulation period, the photoelectrons that are dumped during integration of a sampling point, directly correspond to the 180° delay. Thus the sampling points A, and Bj are 180°
out of phase. In PMD camera, a asoftware API pmdGetSensorType is normally used to obtain
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the information of the underlying PMD chip. Based on this configuration where A,- and B, correspond to raw amplitude measurements in the camera, raw PMD amplitude, range and intensity
are respectively given as
,

_ V (03 - Bj) - W, - ß ,))2 + (04o - B0)

(- A2 - fio))2

^PM D = ------------------------------------------ *-------------------------------------------

^PMD

=

(3.18)

(n + arctan 2[{(A, - B x) - (A3 - B3)}, {(A2 - B 2) - ( A 0 - £<>)}]
/m od

-i-offset

mod

fpMD = 4095 -

(3.19)

/m od

04 o +

+ A\ +

+ A2 + B2 + A3 + # 3)

(3.20)

where offset parameters in range and intensity measurements are camera calibration parameters
and are included to handle specific analog-to-digital converter (ADC) chips used in different
PMD models.

3.4

Contribution and Effect of Noise on Measurement Process

Time-of-flight cameras are solid state sensing circuit devices and suffer from various noise sources
in the charge generation and accumulation process. The main sources of noise are photon shot
noise, thermal noise, reset noise, flicker noise, quantisation noise, fixed-pattern noise and dark
current noise. These noise source effect the optical measurement process thus effecting the reliability of the data measured through TOF devices.
3.4.1

Noise Sources

Photon shot noise is associated with the Poisson process of the arriving photons at the CMOS
sensor. The process is the dominant statistical model for the measurement process. For large
number of photon arrivals, the Poisson process can be approximated by a Normal distribution
with standard deviation equal to the square root of the number of photons;

^photon — VAphoton •

(3.21)
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Thermal noise [Johnson 1928], also known as Johnson noise, is generated due to thermal agitation of the charged carriers (usually electrons) in an electronic device. This random white noise
is proportional to the absolute temperature of the conductor. The RMS of this voltage source
representing the noise across a non-ideal resistor is given by

O’Thermal

=

V4kTRAB,

(3.22)

where k is Boltzmann’s constant, T is the absolute temperature in Kelvin, R is the resistor value
in ohms and AB is the bandwidth of noise.
Reset noise occurs in all sensing devices that are dependent on charge accumulated capacitors. It
is caused due to resetting of the capacitor prior to the next charge accumulation cycle and limits
the detection limit on capacitive sensors [Fowler et al. 2006]. The root mean square (RMS) of
the noise is given by
O’ßreset ~ V /c T C ,

( 3 .2 3 )

where C is the capacitance. Since the charge variance is kTC, it also known as kTC noise.
The equivalent Reset noise voltage due to thermal agitation (Jonson noise) of charge carriers in
capacitors is given by
o-yreset =

y/kT/C

(3 .2 4 )

Flicker noise varies with frequency and is also called 1 // noise. It is mainly as a result of
impurities in the conducting channel of semiconductors resulting in variation of charge carrier
mobility in transistor channel. The flicker noise voltage is given by

O'flicker —

4kTfcAB
8mfs

(3.25)

where f c is the comer frequency, f s is the sampling frequencies and gm is the transistor transconductance.
Quantisation noise is associated with the conversion of analog signal to digital signal in analogto-digital converter (ADC). The truncation of amplitude and phase measurements results in noise
effecting the accuracy of the measurement. This noise restricts the available levels to represent an
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analog signal in amplitude to phase conversion process in direct digital synthesis (DDS) module
[Luan 2001]. The standard deviation of noise in ADC associated with the uniform distribution is
given by [Lyons 2004](p. 505)
LSB
crADC = —— ,
V\2

(3.26)

where LSB is the least significant bit of ADC.

Fixed-pattern noise (FPN) effects the image quality and degrades the achievable spatial resolution [Fry et al. 1970]. In the case of CMOS/CCD sensors, FPN is attributed to two primary
effects; firstly the dark current signal and secondly the non-uniformities due to doping of photoncounting pixel detector. Dark current (ejd) is exhibited by photo diodes or charge-coupled devices. It corresponds to leakage current even when no photons are entering the device. The dark
current adds an offset to the optical signal of TOF camera across the imaging array at a particular
temperature and integration time such that
= t • I0(x) + £id,

(3.27)

where I0rm.(x) is the raw offset measured by the camera, r is the integration time and I0(x) is the
background illumination recorded at pixel jc. In practise the FPN is removed by subtraction of an
estimate of the mean dark current. The effective mean offset is given by
r • I0(x) = I0raw(x) - sid,

(3.28)

after subtraction from the raw measurement of offset. This offset is constant for a particular pixel
but varies from pixel-to-pixel for a particular integration time as shown in Figure 3.8(a). The
effect of FPN on range measurement as an offset has been considered in [Kahlmann et al. 2006].

The measured offset variation over a period of time for PMD TOF camera is shown in Figure 3.8(b). This variation is due to internal heating of the sensor related to thermal agitation of
charges carriers in CCD/CMOS sensor devices. The measurement data is obtained over a period of one hour. After a certain period of time (approximately 30 minutes) stability in noise
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Figure 3.8: (a) A typical plot for a measured I()mw without any signal (with optical lens covered) received
by the camera. An offset is exhibited for an entire image array (48 x 64) for a range of integration times
for a PMD 3k-S TOF camera, where each line represent an individual pixel, (b) Offset in I0 of a pixel
varies over a period of time as the electronics of the camera heats up. A mean filtering of the variation
represents an average offset of dark current.

is reached between internal heating and the cooling system of the TOF camera. This stabilises
the offset error in measurement that can be factored out in a pre-processing stage of any experiment. In experimental work documented in this thesis, all the deterministic noise effects are
compensated through the preliminary calibration of the camera.
The noise generation of charged carriers can be mitigated with lower temperature operations
and improved fabrication techniques except photon shot noise that ultimately effects the achievable signal-to-noise ratio (SNR) of the sensor device. The Poisson distributed photon shot noise
(crphoton) is dominant and cannot be suppressed by ordinary means [Lange 2000]. This places a
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theoretical limit to the measurement process of TOF sensors and will be discussed in statistical
analysis of the signal in Chapter 4.

3.4.2

Effect of Signal Strength on Measurements

Noisy range values in a TOF camera are a result of the various noise sources mentioned in
Section 3.4. In practice the effect of the noise on range reliability depends crucially on the
signal-to-noise ratio of the received amplitude modulated signal. This signal is attenuated by
reflection from low reflectivity surfaces, low integration time in the camera, and by dispersion of
the emitted light beam for distant targets.

Reflectivity p

Figure 3.9: Mean squared error from true distance due to received signal reflected from different reflective
surfaces.

The effect of signal strength for varying distance, integration time and reflectivity was verified
experimentally. In an experimental setup, a TOF camera is positioned to measure range for
different reflective surfaces (where reflectivity of each surface was verified by spectrophotometer
for exact values within TOF operating wavelength). The ground truth was obtained from a laser
range finder. Figure 3.9 shows the effect of signal received from different reflective surface.
The range errors are very pronounced for a reflective material that is used in automotive grade
accessories (rubber) with a reflectivity value of approximately 4%. Surfaces with such wide range
of reflectivity coefficient are common in real environments and can effect range data considerably.
Error in range measurements is also plotted over an entire un-ambiguous range of TOF camera
(Figure 3.10(a) - Figure 3.10(c)).
The range errors not only increase with low reflectivity but also increase with increasing
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Figure 3.10: Ground truth measurements for distance and reflectivity are obtained using a laser range
finder and spectrophotometer respectively. Mean squared error (MSE) is computed from a pixel corresponds to the point illuminated by laser range finder recorded over 50 frames o f range data.(a) MSE in
range o f PMD TOF camera with signal reflected from different reflective surfaces with varying distances
(b) Error in range measurement due to integration time and distance (c) Range error due to integration
time (low) over an un-ambiguous range o f PMD TOF camera.
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distance from the TOF camera as the effect of integration time of the camera on range error was
also investigated (Figure 3.10(b)). A high integration time helps to reduce the effect of low signal
strength especially as the distance increases, as illustrated in Figure 3.10(b) and Figure 3.10(c).
Although a high integration time is desirable for TOF measurement, this leads to low frame rate
and can saturate the image resulting into reduced quantisation levels and higher photon shot noise
which is not suitable for many applications.
Range measurements are also subject to “phase wrapping” effect due to periodicity of signal
in measurement process. Due to this phenomenon, signal received from objects that are beyond
the un-ambiguous range interfere with the actual measurement (see Figure 3.11). In case where
the received signal is still of sufficient strength to be detected (even of low amplitude) reflected
back from an object in ambiguous region e.g 10.5 meters, it would appear as range of 3 meters as
illustrated in Figure 3.12. However, most CW TOF cameras are designed such that the reflected
energy from a surface with typical reflectivity is undetectable beyond the un-ambiguous range of
the camera. The phase wrapping effect due to received signal can be significant when the object
is of high reflectivity and the SNR of the signal is not attenuated significantly.

/> * » •

? •
■m
* •’

"

y

V-

:

Figure 3.11: Phase wrapping effect due to cyclic measurements beyond unambiguous range in TOF
camera.
______ 2m

0m

3m___________________________ 10.5m_____________17m____________________

7.5m

15m

22.5m

H Non ambuity range
■ Ambiguous range due to phase warpping

Figure 3.12: Measurement values greater than 7.5m are folded back into 0-7.5m range in PMD 3k-S
camera

The effect of quantisation are particularly important for low amplitude measurements. Since
the range is calculated using phase arctan function, then for quantised low amplitude measure-
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merits the arctan function has very few levels available to represent the phase measurement,
resulting in depth values at discrete quantised levels. This effect can be visually observed in Figure 3.11 and Figure 3.13. In Figure 3.14 real data from PMD TOF camera is plotted that reflects
these quantised levels.

Figure 3.13: Spurious range data at quantised range values due to phase measurement form low amplitude
values using PMD CamVisPro software.

Distance in meters

Figure 3.14: Histogram of range data for 1000 measurements shows quantised range values for low
amplitudes.

3.5

Summary

In this chapter we have examined the PMD TOF camera technology, measurement techniques and
various noise sources that effect the range measurements of the camera. Since TOF cameras are
based on active light detection, the effect of noises on modulated active light is very significant.
In order to obtain reliable range measurement and for developing further applications such as
noise filtering, it is important that analysis of measurement process be carried out. The effect
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of noise, especially photon shot noise, is considerable and its effect in the measurement process
requires further investigation for classifying range measurement and reliability.

Chapter 4

Time-of-Flight Camera Statistical
Analysis

4.1

Introduction

Phase shift time-of-flight (TOF) cameras measure amplitude, phase and the offset (intensity) of
the received signal, while range is computed from the phase shift of the received signal. Measurement of these variables (amplitude, phase and intensity) is a statistical process effected by
various noise sources in a TOF camera (see Chapter 3, Section 1.4). A key issue in a TOF camera’s performance is the reliability of range measurement from the received signal in the presence
of noise. It is known that range measurement from TOF cameras is highly dependent on the SNR
of active light received by the sensor [Luan 2001; Mölleret al. 2005; Büttgen et al. 2005; Büttgen
and Seitz 2008]. It is crucial to understand the statistical distributions of these three parameters
for accurate distance measurement analysis especially in low SNR scenarios that tends to limit
the reliability of 3D range data.
This chapter investigates the measurement process of TOF cameras from an analytical and
statistical point of view. The chapter provides a systematic study based on a detailed mathematical model of the TOF camera measurement processes. It includes error modelling of the
measurements for the estimated distances. The model is used for prediction of errors in a TOF
camera under various SNR conditions.
Section 4.2 describes the measurement process for explicit noise models for the three variables of amplitude, phase and intensity. These models are based on statistical modelling of the
individual samples of amplitude measurements, taken at quarter wavelength interval of the mod57
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ulated signal observed from the TOF camera. Section 4.3 considers the SNR of the TOF camera.
This parameter is the key performance parameter for range reliability in the presence of noise.
Section 4.4 develops a model of TOF measurement dependencies between amplitude, intensity
and phase/range measurements based on SNR. These dependencies are used to analyse errors in
range measurement under various signal strength conditions for distance measurement in TOF
cameras. Since the true statistical parameters are not known a-priori, it is necessary to estimate
them and a Maximum likelihood estimator is proposed for the estimation of the key SNR parameters. Section 4.5 presents experimental results, followed by a brief summary in Section 4.6.

4.2

Statistical Analysis of TOF Measurements

The dominant noise source that cannot be suppressed by calibration or other means in a TOF
camera is the Poisson distributed photon shot noise. This noise process models the statistical
variation of the number of photons arriving (Npiloton) during the integration time of a frame capture.
The physical modelling of a TOF camera and the associated measured variables was covered
in Chapter 3. One has
V(^3 ~ A\)2 + (Ao - h i)2
, (A3 - A i \
cp := arctan ---------*
\ A o - A 2)
. _ Ao + A\ + Ä2 + A 3
~ 4

(4.1)
(4.2)
(4.3)

where Ao , A i ,A 2 , A 3 are the individual amplitudes of the received signal measured at quarter
wavelength.
In the following discussion, it is important to distinguish between the amplitude Ao, • • • , A3
associated with the expected number of photons that would be received at quarter wavelength
on average and the actual measurement obtained from a single instance of a frame capture. The
expected photon count amplitude values are parameters, or constants in the stochastic analysis.
The actual measured signals are denoted by Ao,••• , A 3 . These signals are determined as an
integration, or sum over the actual number of photons collected by the receiver over a finite
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period of time and are distributed as a Poisson process, that is

A i ~ Pois(A;).

(4.4)

In typical situations, the values of A,- are in the range o f tens o f thousands and in such a case the
Poisson distribution can be approximated by a Gaussian distribution

A;

~

N(Ai,Aj )

where cr2A, = A,-.

(4.5)

All measurements in a TOF camera are made at a pixel-by-pixel level. The pixel parameters are
denoted by A o (x ), • • • ,A t,(x ) and pixel measurements by A o ( jc), • • • , A 3 (jc), where x is the pixel
index. The parameters A(jc), ip(x) and /( x) are derived from (4.1), (4.2) and (4.3) respectively and
are based on parameters A o (x ), • • • ,A t,(x ). The measurements A{x),ip{x) and I(x) are functions
of A o ( i) , • • • , A 3 ( jc ) as expected. In practice, it is only occasionally important to be specific about
the pixel dependence of measurement and the pixel index is dropped where there is no chance of
confusion.

4.2.1

Statistical Distribution of Amplitude

Recall that A is the effective amplitude of the received signal (4.1) and define X = —:

and

Y = f c i i ) . Then
a

=

Vx 2 + r 2,

(4.6)

Using the difference of Normal distributions, one has1

X

~

N(A cos ip, 1/2)

and

Y ~ N{A sin ip, 1/2),

where A, ip and I are parameters given by (4.1), (4.2) and (4.3) respectively.

1Difference o f Normal distribution

U

N{ h u ,(t }j ) and F - N( j j v ,(t 2v ) then (U - V) ~ N{j iv - h y ^ u +

(4.7)
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The joint probability density of A and ip is given by
1
P(Ä,p IA, ip, yjl/2) := — exp j - - [ A2 + A2 - 2AA cos(p - p)]

(4.8)

where p is the true phase. As a consequence, the marginal probability density of A by integration
over ip is given by

p

(Ä\ a , yfljl)

p2n

=

I

P(A,p)dp
exp \ -

-

Az + A2 - AA cos (ip - p)
dip
I

n l Jo
A
I 1
— exp -y [A -+ A 2]
9

2n

V -)

)X

\AÄ c o s { p - p )
exp { ------ 7/2------

(4.9)

Defining Iq as the modified Bessel function of zero-th order and is given by [Abramowitz and
Stegun 1972]
1 r 2n
IoOO = —
exp(xcos {p))d(p,
2 * Jo

(4.10)

leads to the probability density function
a

P ( a |A, yfI/2)

2 + ä 2\

Io

VA > 0.

(4.11)

The above expression characterises the magnitude of the data and is called Rice distribution [Rice
1945]. One has
A ~ Rice (a , -s/T/l)

4.2.2

where A = V X'2 + Y2.

(4.12)

Statistical Distribution of Phase/Range

The statistical distribution of range can be derived from the fact that the range of a TOF camera
is proportional to phase
r

mp;

c
where m = -—-— ,
47r/mod

(4.13)

where phase is derived in (4.2). Thus the range measurement can be related to phase measurement
r = urip,

(4.14)
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where m is given by (4.13).
The statistical distribution of phase p is given by integrating (4.8) over A to obtain the
marginal density of p as

P(Z\A,y,JT/2) = J

r*co

r

Jo

A exp

2^expry
1 + erf(

Az + A2 - 2AA cos(p - p)
I
1 + — cos(<£ - p)( V /r) exp (

A cos(p - p)

~Vi

A~ eos^ip - p)

7

(4.15)

)}]•

This is the phase distribution where erf(x) is the error function defined as

2
erf(x) = —— I

y n Jo

exp (~t2)dt.

Here, the notation P [p j A,p, yJT/Tj is used for the continuous function (4.15) with dependence
on p and Phase^A,^, sJI/2] to denote the statistical distribution function in the case where
p ~ Phase (a , p, -yjl/2).

4.2.3

(4.16)

Statistical Distribution of Intensity

The intensity of the TOF camera is measured as the sum of four samples of the received signal
(4.3). Since each of the samples can be approximated by a Normal distribution (4.5), the statistical distribution of intensity is the sum of the normal distributions2. The probability density P(7)
of / is given as
Pil) =

+ A 2+ A j )

exp

V ~ (p a 0 +AMi + P a 2 + / m 3)P

2<A„+A, +A2+oi 3)

( 4 . 17)

where //.i( = A, and cr^ = Aj.
Thus intensity measurement has a Normal distribution such that

I ~ N ( 1 , 1/4).
2Sum of Normal distribution^ ~

and V ~ N(py,cr2 ) then (U + V) ~ N( j j u +^y,cr2u + cr2,),

(4.18)
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4.2.4

Statistical Distribution of Real Measurements in a PMD Camera

The Statistical distributions for amplitude, intensity and phase, reflect the statistical distribution
for any phase lock-in TOF camera based on a generic model of such devices. However, TOF
cameras vary in their performance due to customised designs and specifications.
In a PMD 3k-S TOF camera, the real data values returned by the camera represent voltage levels and are obtained after subsequent processing from Analog-to-digital (ADC) converter.
Therefore, the values returned by the camera are subject to digitisation, scaling and quantisation. Consequently, the Poisson arrival process for A, samples does not hold true for the actual
measurement obtained from the PMD 3k-S camera. The digitisation and quantisation effects are
secondary statistical effects, however, the scaling must be incorporated in the statistical analysis.
Let A denote the “true” value of the effective amplitude received in a PMD camera, scaled by
the camera electronics, that is the constant parameter associated with the expected value of the
signal amplitude after processing by the camera electronics. One has
Ai = yAi,

(4.19)

for some scale factor y > 0, where (4.19) holds pixel-by-pixel. In practice y «: 1 and is a pixel
dependent camera parameter that needs to be calibrated for each integration time. Let A, be the
actual measurement obtained at a specific instance at pixel. Using the scaling property of the
Normal distribution3, one has
Ai = yA; ~ N(yAi, y lAi).

(4.20)

A particular camera may use additional processes to improve SNR. A PMD 3k-S uses two
photo demodulation pixel sites at each pixel location as was discussed in Chapter 3. The two
sampling points A, and 5, at each pixel location are 180° out of phase. Let A, := y(A cos(totj +
ip) + Ia ), and ß , := y (B cos([wr,] + n) + cp) + I b )\ (U = i • ^ , i = 0 ,... 3), where Ia and 1b are the

respective offsets of the signal A and B.
The true parameters for the overall effective amplitude A and intensity / are respectively
-^Scaling property of Normal distribution U ~ N(±i, cr2), then aU + b - N{an + b, (a c t )2); where a and b are any
real numbers
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given by (see Chapter 3, Section 3.18)

Ä = ^ ( H Ä 3 - B ti) - ( Ä 1-B, )]* + 1(Ä0 - ß o ) - 0 2 - ß 2 )]2),

/ =

Aq + A i + A2 + A3 + Bq + B\ + B2 + Bt,

(4.21)

(4.22)

Now define stochastic measurements X\ := Ao - B q ,X 2 = Ä 2 - B 2 and X :=

where

Xj ~ NißXi'Cr2- ). Similarly Y\ := A3 - £ 3 , Y2 := A \ - B \ and Y := ^-~2, where K, ~ N ijiy^o 2. ).
Using the sum and difference of Normal distributions, one obtains

ßx,

= y(^ + ß ) cosCv7) + y(4-t - /fi),

Fx 2 =

-y( A + B) cos(v?) + y(IA - 1B),

Fyx

=

y(A + ß ) sin(^) + y(4* - /ß),

B?2

=

-y ( A +

sinM + y^A - h),

o*, = y2(A -

B ) cos(<£)

+ y2(/A + I ß) ,

ery 2 = - y 2(A - ß) cos(</>) + y 2(IA + IB),

crF) = y2(A - ß) sin(v?) + y2(/A + 7a),
o-?2 = - y 2(A - B) sin(y?) + y 2(IA + IB).

That is, one has
X~

N (y(A + B)cos(^), ^ 0 , + /„)) and

Y ~ N(y(A + ß) sin(^), J— {lA + IB)). (4.23)

It follows that
A ~ Rice(y(A + ß ),y

(4.24)

/ ~ )V(y/A " - g ,y 2 -L[/A + /ß]),

(4.25)

Similarly,

and the phase distribution is easily seen to be

ip ~ Phase (y(A + ß), </?, y V (^ + / ß)/2) •

(4.26)

These definitions are used in experimental section, however the remainder of the chapter will use
the generic model.
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Signal-to-Noise Performance of a TOF Camera

For a time-of-flight (TOF) camera, the accuracy and performance is measured by the quality of
the amplitude A of the reflected signal with respect to the underlying noise. Signal-to-noise ratio
(SNR) of Ä ~ Rice(A, y/I/2) is a suitable metric for this measure. A high SNR is associated with
a good quality signal and vice versa. For a received signal with Rice distribution, the appropriate
definition of SNR [Bonny et al. 1996; Sijbers et al. 1998; Morabito et al. 20081 is
SNR :=

vm

(4.27)

where A is the true signal amplitude and V7/2 is the standard deviation of the additive Gaussian
noise corrupting the received signal.
The SNR in a TOF camera (for a reasonably high SNR) can also be understood by noting
the fact that photon shot noise is the dominant noise in the signal, associated with the Poisson
distributed nature of the arrival process of photons (see equation 4.4). Based on the assumption
of a large number of photons, the Poisson distribution is approximated by a Gaussian distribution
with standard deviation given by the square root of the number of individual particles y]Npfwtons
[Smith 1997, p. 435]. These photons include the sum total of photons I = A + I0 received
at the sensor [Massa et al. 1991], that is photons received due to original signal A as well as
background signal I0. In this scenario a definition of SNR based on a Gaussian distribution,
SNR=^; N(ja,cr2) is best to use. In other words, SNR can be considered as the ratio of original
signal A and the total photon shot noise / as
SNR :=

VZ4

V2A

VÄ+7T

(4.28)

Note that the second perspective obtains the same SNR as was derived in (4.27), although it is
based on assumptions that are only valid for high SNR situations. Based on the above discussion,
it is clear that (4.27) is the natural definition of SNR based on Rice distribution
A

V2A

SNRTo f := —— = — -

yTJ2

V/

or, in db, SNRdb = 20 log10(SNR).

(4.29)
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In earlier works [Möller et al. 2005; Büttgen and Seitz 2008; Büttgen et al. 2005;

Lange 2000] authors have used the Gaussian assumption to derive an error model for range
accuracy as
c

ylA + I0

4tf/„,„rfV2

-4

(4.30)

where crr is the standard deviation o f the range measurement. This expression can be re-written
as
c
1
4n fmod SNR’

(4.31)

and shows a direct relationship o f SNR with range accuracy. A more accurate model o f range
error is considered in detail in Section 4.4.

4.3.1

Effect of SNR on Amplitude and Phase Distributions

In Section 4.2, the statistical distribution of amplitude measurement was derived as Rice distribution. This distribution has two extreme cases; A = 0 and A »

sJ T J l [Gudbjartsson and Patz

2005; Bonny et al. 1996], corresponding to SNR=0 (A = 0) and SNR » 1, (A » V7/2).
• With zero SNR, (A = 0) and the received signal being purely noise, the Rice distribution
becomes Rayleigh distribution as
P(A\^Tj2)= ^ e x p ( - y ) .

(4.32)

• When SN R » 1, the Rice distribution (4.11) is close to a Gaussian distribution as shown in
Figure 4.1(a). In practice for A » s]I/2, the Rice distribution can be approximated with a
Gaussian distribution.
The phase distribution (4.15) is written with dependence on three parameters A, y? and sfTJl,
in fact only the ratio

j appears on the right hand side in the definition (4.26). Consequently

the phase distribution can be re-written as

P(<f\A,lp ,yp/2) =

pU .

V772\

p\t>

SNR

(4.33)
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Figure 4.1: (a) Rice distribution for amplitude with different SNRdb- (b) Phase error (ip - ip) distribution
plot with different SNR.

where SNR is defined in (4.27). Thus, the phase distribution associated w ith the phase o f the
received signal in a TOF camera is given by

ip ~ Phase

where

V2A

(4.34)

is the TO F signal-to-noise ratio defined in (4.29) and p is the true phase associated

w ith the range o f the observed point.

B y redefining phase in terms o f true phase and SNR,

one can now evaluate the re lia b ility o f a phase measurement based on the associated SNR o f
the measurement. In particular, it is easy to observe that the phase error distribution is uniform
(27t - 1) w ith SNR equal to zero and approximates to a Gaussian distribution when SNR
large enough as shown in Figure 4.1(b).

j is
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Maximum Likelihood Estimation for SNR

The SNR ratio is based on the true values of Rice distribution parameters A and xff]2. Low SNR
values in TOF cameras are normally a result of signal received from a low reflective surface, a
low integration time in the camera or a distant target. The SNR can be improved by increasing the
integration time, however, the increased accuracy comes at the cost of lower frame rate, saturation
effects and possible motion blur. To overcome the low SNR limitation of TOF cameras, data
fusion from multiple 3D images is proposed.
For high SNR cases a single 3D image is usually sufficient. The SNR can then be estimated
as
SNR =

VZ4

(4.35)

"vr

where A and / are the measured values of A and I. The distributions of Ä and / for high SNR
are well approximated by Gaussian distribution. Thus, if multiple 3D images are available, then
average [Lange 2000; Kahlmann et al. 2006; Kim et al. 2008] of A(i) and /(/) can be used to
estimate SNR
SNR =

V2 2"=|i( 0
^

W)

(4.36)

Conversely, for low SNR cases, (4.36) is not a valid estimator given that the noise model for Ä
becomes non-Gaussian. Indeed at low SNR values (4.30) is an overly optimistic estimation of
error as is shown Section 4.5 (Figure 4.6—Figure 4.8). To overcome this difficulty a maximum
likelihood (ML) estimator for SNR is proposed. It is known that ML estimators are consistent
and asymptotically precise in general [Sijbers et al. 1998]. For large data sets, ML estimators
are unbiased with minimum variance that asymptotically reaches the Cramer-Rao lower bound.
Carobbi and Cati [Carobbi and Cati 2008] have shown the existence and uniqueness of ML
estimator for a Rice distribution.
Let A represent a set of noisy amplitude samples of the measured signal i.e A = [A( 1), A(2), • • •A(7V)}.
The likelihood of (4.11) is given by

L { k \ A ,4 T j ? )

=

Y ] p (Ä (i)\A ,^ ß p )
i—1
N

FI A(i)
■

/ A2 + Ä(i)2

[ ) « “-

(4.37)
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Thus the log likelihood log L can be written as,

The ML estimate is defined as Aml = argm ax^logL). This is obtained by solving [Bonny et al.
1996]
d log \ l (Ä IA, V m ) }

0,

(4.39)

such that
*

IÄ(£)Äm l \
a
7/2
)
=
112 ) ° ’
'

1 V*

Am l - N

It ( \

1=1

(4.40)

where Ij is the modified Bessel function of the first kind and first order. The above ML estimate
of A can be solved as long as the variance 7/2 is known. Since / was shown to have a Normal
distribution (4.18), / is replaced in (4.40) with the ML estimate of / such that

/v

1

v

Io /A ( i )A m l \

(4.41)

1=1

where / ml is given by
^ML

Z/(i)-

(4.42)

Thus, an estimate of SNR based on the maximum likelihood of the measurement is proposed,
SNR

4.5

V2A ML

V^ML

(4.43)

Experiments and Results

A time-of-flight (TOF) camera was placed in an indoor environment with various objects such
as wall, board and lab equipment in its field of view as shown in Figure 4.2. This setup provided
differing levels of SNR once the signal is received back from different surfaces with varying
reflectivity and distances to scene.
To verify the statistical distribution model for the amplitude signal derived for a PMD camera
in (4.24), a set of experiments were undertaken. In end experiment, a single pixel from the planar
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Figure 4.2: Picture taken from a normal 2D camera for a tripod mounted TOF camera setup.

target was chosen for experiments and a normalised histogram was plotted for PMD data. A
representative example of data obtained is shown in Figure 4.3. The SNR for amplitude was
computed from parameters of Rice distribution using proposed ML. The statistical distribution
of amplitude was corroborated through Monte-Carlo (MC) simulation and was compared with
the real data obtained from the PMD camera for a large number of frames. Note that the curves
for simulation and real data match closely and verifies the distribution function (4.24) derived
earlier in Section 4.2.4. This was the case for a wide range of pixels and conditions.

PMD Amplitude

Figure 4.3: Amplitude distribution from real camera data and MC simulation with 2000 frames and

SNRdb=36.62db.
To compare the performance of Maximum likelihood (ML) estimator for SNR against Gaussian error analysis, a second experiments was undertaken. A simulation was carried out with
N = 1000 samples (simulating pixel measurements) and MC simulation for repeated sampling
Q = 1000. The bias of an estimator (in this case SNR) is commonly used to measure the per-
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— •— ML estimation
— • — Mean estimation

0.0001

Signal-to-Noise ratio (SNR)

Figure 4.4: Mean squared error (MSE) from true SNR is plotted using simple averaging of data (mean)
and maximum likelihood (ML) estimation for different signal-to-noise ratios. The data is plotted for MC
simulation N - 1000, Q = 1000.

formance of an estimator, however, it is possible that a certain amount of bias be more than
compensated for by a low variance. Therefore, mean squared error (MSE) was used as a better
measure to evaluate the performance of the estimator,
MSE(SNR) = var(SNR) + Bias(SNR)2.

(4.44)

The optimisation routine fm in search from MATLAB toolbox was used to solve the function
(4.41). MSE for SNR using both maximum likelihood and mean estimator was plotted to measure
the performance SNR estimators as shown in Figure 4.3. For true low SNR, the MSE error of
estimator SNR due to classical averaging of the data (SNR =
---------

than the MSE of proposed SNR =

"v/Oy£

v Ail

) is an order of magnitude larger

. The amount of error is substantial when the range

values are based on weak signals and low SNR conditions. The proposed SNR estimator shows
better performance, even for relatively high SNR, as the Rice distribution for amplitude converges
towards a Gaussian distribution. The proposed ML estimator is asymptotically unbiased for a
large number of samples (typically N > 10 is sufficient). However, it should be noted that the
ML estimator shows a significant bias for a single measurement at low SNR [Bonny et al. 1996].
In general the magnitude of the ML estimator bias error is proportional to N~].
The proposed ML estimator provides a good estimate of the reliability of phase. In Figure 4.5,
simulated data for a low SNR case is considered. Phase error is plotted with a one standard
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deviation confidence interval for phase reliability associated with the statistical distribution o f
samples (simulating range pixel measurements). The plot o f the simulated data shows that the
confidence interval for phase error using Gaussian error analysis [Lange 2000; M öller et al.
2005; Büttgen et al. 2005; Büttgen and Seitz 2008] is noticeably smaller than the 66% confidence
interval for the true phase error. It follows that Gaussian error analysis significantly underestimate
the phase error for low SNR cases. The proposed maximum likelihood SNR estimator used for
phase is close to true error distribution. Consequently, the error bars computed after using this
approach are representative o f the true error in the system.
Phase error distribution with SNR 0.5 and 1o interval
True SNR
ML estiamtion
Mean estimation

Phase error in radians

Figure 4.5: Phase error plot for measured SNR (mean estimation) and M L estimation o f SNR from true
phase values, plotted with lcr confidence interval. The M C simulation is done for low SNR=0.5, N=1000
samples and Q=1000.

The proposed M L estimator was applied to real data obtained from a PMD TOF camera (see
Figure 4.2 for the setup). Note that many o f the pixels associated with the background have low
a SNR due to long distances and low reflectivity surfaces in places. The main planar surface
in contrast, has a high reflectivity and is placed within the measurable range o f the cameras.
In Figure 4.6(a), one frame o f range data is illustrated out o f the 10 data frames used in the
experiments and a pixel from the board under consideration is marked. Figure 4.6(b) shows
a histogram o f range measurements from the camera for that particular pixel. The M L and
Gaussian estimator perform similarly at reasonably high SNR condition. In this example, with
an average distance o f 3.06 meters from the board and, lcr deviation, M L and mean estimator is
±0.25m and ±0.24 respectively.
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Figure 4.6: (a) One frame o f range plot with one noisy pixel marked at 1 msec integration time, (b) Range
histogram with 10 frame data, (c) Range error plot with Maximum likelihood and mean estimation for
SNR.
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At low SNR condition, the ML outperforms the Gaussian error analysis. One of the noisy
background pixels is marked in Figure 4.7(a). The noisy range pixel considered is highlighted
in Figure 4.7(a). Figure 4.7(b) shows a histogram of range measurements from the camera for
that particular pixel. A second experiment for range error probability is plotted with maximum
likelihood and mean estimator of SNR using 10 frames of real data from the TOF camera at
2msec integration time (see Figure 4.7). One observes that 1cr error deviation for ML estimate
is between ± ^ 7g. In this case the ML estimator estimates a 66% error of ± 1.981m. On the
other hand, the Gaussian error analysis estimate mean has a range of 3.918m with a lcr (or 66%
confidence interval) for 1.313m (± ^ y ). Note that the error estimate provided by the Gaussian
analysis underestimates the true error by a factor of 1.8, while ML approach closely estimated the
true variance of range measurement as shown in Figure 4.7(c). As a consequence, if the Gaussian
error analysis is uses, the user would have unwarranted confidence in the result.
Finally, another case of low SNR is considered in Figure 4.8. One can observe that there is no
reliable range measurement from this pixel at all due to low SNR, phase wrapping, and quantisation, with measurements scattered across the un-ambiguous range of the camera. The proposed
ML estimator provides a good estimate of this distribution, estimating a close to uniform phase
error as shown in Figure 4.8(c). In contrast, the Gaussian error analysis fails to detect the poor
range resolution in the distribution and estimates an average value of 3.45m with lcr error bar
(66% confidence interval) on phase ±

4.6

that translates to range error of ± 1.67 meters.

Summary

Reliable distance measurement is essential for any TOF camera application ranging from medical
to automotive. The TOF manufacturer companies are endeavouring to increase the resolution and
range of the camera and in future one expects to see TOF cameras with very high frame rates.
However, the range pixel reliability remains a key issue in TOF camera’s performance and has not
been addressed effectively in the literature. It has been shown that the range errors are significant
in low SNR condition and the usual assumption for Gaussian distribution of the signal is no longer
valid. An ML estimator for SNR has been proposed. The proposed SNR estimator based on
maximum likelihood has been experimentally verified to be better than the one based on Gaussian
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Figure 4.7: (a) One frame o f range plot with one noisy pixel marked at 2 msec integration time, (b) Range
histogram with 10 frame data, (c) Range error plot with Maximum likelihood and mean estimation for
SNR along with \cr confidence interval.
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Figure 4.8: (a) One frame o f range plot with one marked noisy pixel, (b) Range histogram with 10 frame
data, (c) Range error plot with Maximum likelihood and mean estimation for SNR.
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assumption. The maximum likelihood of SNR on phase measurement confidence level would be
useful for range reliability (where range is a function of phase). The requirement of more than
a single frame of data (typically N >10) is easily achieved as most TOF cameras produce range
data at 25fps or higher. For better results and estimation of range reliability especially for multiframe applications, the proposed statistical modelling and maximum likelihood estimation of
SNR are recommended.

Chapter 5

Radiometric Analysis of TOF Camera

5.1

Introduction

The sensitivity of distance measurement obtained by a time-of-flight (TOF) camera is highly
dependent on the signal-to-noise ratio (SNR) of active light received by the sensor as was discussed in Chapter 4. An essential step in the development of these devices is an understanding
of the reliability of noisy range image data. Noisy range values in a TOF camera are normally
a result of a distant target, the integration time being set too low for the lightning conditions, or
a signal received from low reflective surface (see Chapter 3). All of these conditions primarily
degrade the SNR of the received signal. Attenuation due to distance follows the classical inverse
square law of signal attenuation and is relatively straightforward to model. The link between
integration time and noise of the received signal has been considered in literature [Kahlmann
et al. 2006; Kahlmann and Ingensand 2006]. The effect of reflectivity on SNR, however, is more
complex to model. Reflectivity is a parameter that depends on the observed scene [Lindner and
Kolb 2007] pixel-by-pixel as illustrated in Figure 5.1. There is little or no prior work to overcome
TOF range measurement error resulting from signal strength variation due to scene reflectance
variation.
This chapter investigates TOF measurements, the background light sources and the dependencies between amplitude, intensity and phase/range measurements. The additional measurement capability of a TOF camera compared to a standard CCD camera is exploited along with
reflectance modelling to develop a unified radiometric framework for TOF cameras. The radiometric model is used to develop a reliability criterion to evaluate and filter range measurements.
The model is further utilised to identify changes in background illumination (like shadows and
highlights) and specularity detection using real TOF camera data.
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(a)
Figure 5.1: Range data (a) obtained for the PMD 3ks TOF camera imaging a flat board (b) pasted with
nine low reflectivity patches. The SNRdb varies from 44.4db (for white board) to 7.3db (for the low
reflective patches). The variation associated with low SNR is clearly visible in the range error seen in (a).

In this development, the radiometric model incorporates the near field camera IR source, a far
field background source and ambient illumination. More complex models are straight forward
to develop on the basis of the proposed approach, however, the model obtained is sufficient for a
wide range of applications. The proposed radiometric criterion is developed for planar surfaces
in a scene. This criterion proves to be highly robust even where the planar assumption fails and
is sufficient for most applications.

Section 5.2 describes Lambertian reflectance modelling from TOF perspective by exploiting
TOF measurement and background light sources. In Section 5.3, the dependencies between
measurement parameters of amplitude, range and intensity are used along with the reflectance
model for sensor response to derive radiometric range model. Radiometric range parameters
are discussed in Section 5.4. Further in-depth statistical analysis of radiometric model using
statistical noise models of TOF measurements is studied in Section 5.5. Section 5.6 provides
a few applications and implementation of radiometric range model including range reliability
criterion using real data and is followed by its experimental verification.
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Reflectance Model

Chapter 3 described the concept of the use of active signal of a TOF cam era for m easurem ent of
am plitude A, intensity /, and range r. These m easurem ent param eters are not independent but
depend on the reflectance characteristics of the scene. In order to develop radiom etric framework
for a time-of-flight (TOF) data it is necessary to provide background theory for a reflectance
model for camera. In this Section a more detailed analysis is considered for the relationship
between measurem ents of I and A to understand the signal behaviour in a radiom etric framework.
A reflectance model gives a relationship between light emitted and received between a source,
a surface and the observer or the camera image plane. The am ount of light (signal) reaching the
cam era depends prim arily on the strength of the signal emitted, object reflectivity, angle between
the source and object and the range dependent attenuation of the signal due to inverse square
law. In this discussion a near-field IR point source for the cam era’s active LED array, an ambient
illumination and a far-field source for background illum ination is considered.

Transmitter and receiver in same housing
TOF camera

Figure 5.2: Geometry of reflectance model for time-of-camera. Note that although the LED source and
receiver of a physical TOF camera are co-located, it is difficult to provide a visualisation of this geometry.
Here the source is shown separately to make is easier to see notation. However, in practice the directional
vectors r and xp are equal.
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Reflectance Model for an IR Source of TOF Camera

The primary source of illumination in TOF cameras is an IR source that produces a modulated
IR signal offset by a non-modulated DC signal. The reflectance model takes into account the
modulated signal represented by /4(s) as well as the non-modulated DC signal represented by
Ic(s)-

5.2.1.1

Modulated IR source

Let P be a Lambertian surface in space with np denoting the normal to each point p e P on the
surface as shown in Figure. 5.2. Assume that a modulated IR point source S is irradiating the
surface P. Let doj denote the solid angle1of dAs seen from point p. Then
doj

cos 0sdAs

?

(5.1)

where 6S is the angle between the normal to the source point s e S and the ray of the modulated IR
signal reaching point p and r is the distance between source and the point p. Following the laws of
radiometry [Sillion and Puech 1994; Longhurst 1973] the amplitude of total radiance A(p) (called
radiosity) leaving point p due to illumination by the modulated signal A(s) is proportional to the
diffuse reflectance or albedo p(p) and the integral of irradiance over all the possible incoming
directions in a hemisphere, Q, scaled by the cosine of arrival angle 6p [Ma et al. 2003, p.68]
A(p) = I -p(p)A(s) cos 6pdco.

Jn *

(5.2)

By substituting (5.1) into (5.2) and changing the domain of integration to the surface, S , of the
source [Forsyth and Ponce 2003, p. 77], one has
C 1

Js n

A(s) cos 6Dcos 6sdAs
A( p)=
r1

~p(p)—

'A solid angle is defined as the projected area of the surface patch onto a unit sphere. Foreshortening is the
reduction in area due to change in surface orientation with respect to source and can be written as actual surface area
times the cosine of the angle between surface normal and source direction. For example, if dAs is the surface area of
the source and 0S is the angle between the source surface normal and the direction of emitted light from the source to
point p, then the corresponding foreshortened area seen from point p is c o s 6sdAs.

—

.
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An active TOF camera senses the received modulated IR signal within its field of view and all the
points on surface illuminated by the camera can observe the same source. In the present analysis,
the LED point sources of the camera are part of the compact IR array of the TOF camera, and
can be approximated by a single virtual modulated point source [Forsyth and Ponce 2003, p. 78]
with the centre of illumination aligned with the optical axis of the camera [Kuhnert and Stommel
2006]. In this case, the integration (5.3) can be re-written as a function of the exitance of a single
point source at S as

1
A(s)cos6Dcos6s
A(p) ■■= -P(P)— ----- T------- 1
n
rl

(5.4)

Note that A(s) = A cos (cat + p>) will be a time varying sinusoidal source as discussed in Chapter 3.
The time variation does not need to be modelled in this chapter as only the relative magnitude of
A(s) is of interest.

We now introduce coordinates on the observed surface and the image plane. Let the rigid
body transformation between the coordinates X w £ R3 of the local coordinate frame at p £ R3 to
TOF camera frame X c be given by
AA £ SE{3); R' i—>R3; X c i—> AAXW.
and the mapping from camera coordinates to image plane

jc

(5.5)

£ R2 is derived from irradiance of

the sensor
x = P(Afc); P : R3 i-> R2

(5.6)

Then the radiosity expression (5.4) with respect to camera frame is expressed as
A(XW) = A (P(M -1jc)),
where

jc

(5.7)

represents direction from camera image plane to the target surface. Since the vector

xp £ X w represents a direction from point p to the camera, the two vectors xp and

jc

represent the

same ray through the camera centre. For a Lambertian surface and ignoring the lens effects, the
irradiance received at a point on the image plane is equal to the radiosity of the surface observed
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at that point in the image [Ma et al. 2003, p. 69] and the above expression reduces to
A(X w) = A(p).

(5.8)

In practice, it is necessary to also incorporate a lens model. If we use the thin lens assumption
then irradiance on an image plane is expressed by measuring the radiosity along the direction x.
Therefore, the irradiance of an image point x is obtained by integrating the spatial region of CCD
and the region of space dcjp contributing to this irradiance that depends on the geometry of the
lens capturing the light [Ma et al. 2003, p. 48] as
A(x) = T A(p).

(5.9)

Here T := Y(jc) is the lens collection [Haralick and Shapiro 1992] representing the vignetting
due to aperture size and irradiance fall-off with cosine-fourth law [Horn 1986, p. 208] as
Y= ^

cos4 0,.

(5.10)

where d is the diameter of the lens, / ' is the focal length of the lens and 6X is the angle of the ray
passing through pixel x from the principle axis. The angle 6X is approximately constant for a thin
lens with a small field of view.

5.2.1.2

Non-modulated IR Source

The TOF camera IR source produces a DC signal from the same IR source LEDs. This signal
will have the same reflectance model as has been derived for the modulated IR source (see (5.4)).
One has

Ic(s) cos 6p cos 6S
1
h(p) := - p ip )
n
72

(5.11)

with the received signal Ic(x) is given by
Ic(x) = T Ic(p).

(5.12)
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The effect of this signal is an added offset to the modulated signal that provides better illumination
of the scene.

5.2.2

Reflectance M odel for Background Illum ination

This section considers background illumination models for TOF cameras. In computer vision
[Alldrin et al. 2008] and computer graphics [Cook and Torrance 1982], a single view point
source of local shading model and ambient illumination model is generally considered sufficient to model most real world environments. Attention is restricted to these two models of
background illumination in the following discussion.

5.2.2.1

Ambient Background Illumination

Consider an ambient background illumination of the scene i.e an illumination that is constant
for the environment and produces a diffuse uniform lighting over the object [Foley et al. 1997,
p. 273]. Let Ia be the intensity (called exitance) of the ambient illumination, then the received
intensity /a(p) from a point p is expressed as

Ia(p) = -p (p )Ia,
7T

(5.13)

where p is the ambient reflection coefficient or albedo of a surface. For an ambient illumination
it is assumed that all the surface points can see the same ambient intensity [Forsyth and Ponce
2003, p. 79]. The irradiance on the image plane is given by
Ia(x) = n a(p).

5.2.2.2

(5.14)

Far-field Background Illumination

For a point source that is far away compared to the area of the target surface, the exitance does
not depend on the distance from the source or the direction in which the light is emitted. Such a
point source It,(q) can be treated as constant [Forsyth and Ponce 2003, p. 76].
The radiosity of point p due to a point sources q e Q, defined as h ip ), can be obtained by
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integrating each o f the sources as
1
h ip ) = - p ip ) I I b(q) cos OqdÄQ,
n
dQ

(5.15)

where 6q is the angle between normal to the surface point p and the source point q, p (p ) is the
surface albedo at point p and ö A q is the infinitesimal area o f a source Q. Considering a single IR
Background illumination Q

/ ^ <1

lb

/d > > r
Area illuminated by TO F IR
Emitted IR
Reflected
signals

TO F camera

Figure 5.3: Background illumination for time-of-flight camera.

far-held background point source o f illumination (where distance d » r) as shown in Figure 5.3,
one has
h ip ) = -p ip V b iq ) cos Qq.
n

(5.16)

Hence the radiosity perceived by a TOF image plane as a result o f this IR source is given by

h ix )

5.3

T

=

—p ip )h iq ) cos 6q
n

=

T /ft(p).

(5.17)

Radiometric Range Model

In Section 5.2, the reflectance model for the signal received by a TOF camera is derived. The
perceived radiosity for each pixel x is dependent on an unknown diffuse reflectance p(p) (see
equations (5.4), (5.11), (5.13) and (5.16)). The value o f this parameter ranges between 0 and
1. The received signal can have large fluctuations corresponding to different reflectivities for
different points p in the scene. As a consequence there is a significant deviation in statistical
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distribution of distance measurement for TOF camera for different reflective surfaces [Lindner
and Kolb 2007]. In real environments objects have unknown varying level of reflectivity and
estimate of the reflectance map is a topic of considerable interest in the field of shape-fromshading (SFS) [Zhang et al. 1999](see also Section 2.3.1 of Chapter 2). In 2D cameras the
only available measurement is intensity and photometric stereo techniques are used to estimate
reflectivity from multiple images or light orientations to solve the associated under-determined
system. A TOF camera, however, measures amplitude, intensity and phase and it is possible to
develop a unified reflectance model that is robust against limitation of unknown reflectivity by
exploiting all measurements.
From the principles of TOF camera signals shown in Chapter 3, Figure 3.7, one can see that
intensity component of TOF carries information for both, amplitude of the modulated signal and
the background offset 10. The received raw intensity of a TOF camera (equation 3.27, Chapter 3)
can be written as
Iraw

= A + 10 +

(5.18)

where A is the amplitude of the modulated signal, Ia is the background offset and £id is a pixel
based offset due to dark current and camera electronics. The offset £jd is a deterministic quantity
and is identified in a pre-processing step. Thus, one can compensate for the pixel based offset £jd
to obtain intensity I = Iraw - e)d, where e}d is the estimate of £jd. The radiometric intensity of
TOF camera is then
I := A + 10.

(5.19)

The background offset IQis composed of DC offset Ic, due to the DC component of the illumination by the TOF camera LED array and background illumination that are modelled by an ambient
illumination Ia and a background illumination It, due to an infrared far field source present in the
environment such as the Sun or other light source.
Note that in the present development only a single far field source is considered and no near
field source. It is straightforward to see how to extend the following development to deal with
such cases, however, the model considered is sufficient for most applications of interest. Thus
one has,
Io(x) = Ic(x) + Ia(x) + Ib(x).

(5.20)
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Indexing the point p in the scene by the TOF receiving pixel x and dividing (5.19) by A(jt) and
substituting (5.20), one obtains
/( * )

A(x)

_ j

h(x)
A(x)

Ig(x)
A(jc)

Ibjx)
A(jc)

(5.21)

Using the local shading model for IR signal and the background illumination of point source
(5.9), (5.12), (5.14) and (5.17), one can re-write (5.21) as
I(x) = t | Ic(s) |
Ig^jx)
| h(q) cos 9qr1{x)
A(x)
A(s) A(s)cos6pcos9s A(s) cos 9p cos 9s ’
where 9S := 9s(x) is a known function of pixel.
The ratio of background ambient light la to modulated TOF IR source A(s) is defined as
Ka :=

la
A(s)‘

(5.23)

Observe that Ka does not depend upon scene or camera geometry and hence is a constant parameter over the full image array. Similarly, define

Kb ■=

h iq )

(5.24)

A(s) ’

as the ratio of far-held illumination and the TOF IR source. The parameter Kb is once again a
constant parameter independent of scene or pixel coordinates. Finally dehne

kc

:=

kc

his)

Ms)'

(5.25)

as the ratio ofTOF non-modulated IR source 7c(s) and TOF modulated IR source /\(s).
Since the two sources of illumination originating from the TOF camera IR LED source have
the same ray geometry and reflection from the same surface, the radiance of these EM sources
will be in direct proportion. The effect of inverse square on the observed surface also follows the
same Lambertian law for the observed surface. Thus, the ratio (5.25) can be written

k c (x

) :=

Icix)

A(x)'

(5.26)
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where Arr(jc) is function of a pixel x e R 2 and is a camera based pixel parameter independent
of the scene for an entire image. In theory /c r ( j c ) = k c, for all x, however, in practice, the ratio
kc ( x ) varies slightly with integration time, caused by the variation in CMOS circuitry and leads

to slight deviations such as shown in Figure 5.4 and Figure 5.5.

—*— full light
— — less light
—b — light off

Integration time (in msec)

Figure 5.4: k c ( x ) plot for a fixed pixel over a range of integration times with different background light
illuminations. The experimental data is obtained by operating the TOF camera in different scene lightning
conditions. The background illumination is captured by covering the TOF IR LED arrays and recording
only the scene intensity information. The offset due to TOF camera is obtained by subtracting this offset
from the total offset of the camera.

• pixel 1502
—e— pixel 1884
pixel 897

Integration time (in msec)

Figure 5.5: /< rc. ( j c ) plot for different pixels in the image array of TOF camera.
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Thus, using the parameters (Ka, Kb, k c, 6p, Qq) of sources, one obtains the radiometric relationship as
IM _ , , ~
Ax)
’
cos 0qA x ) I
----- — 1 + Kc(x) + Kq -----------------h Kh--------------- .
A(x)
cos 6p cos 0S
cos 6p cos 0S

(5.27)

The above radiometric relationship is independent of reflectivity p(p) and relates the measurable variables A, I and r to the five parameters Ka, Kb, k c and 6p,6q. The radiometric model
(5.27) is a unified finite dimensional model of TOF variables and parameters. It is important to
note that this model can be expanded to an arbitrary number of light sources by adding additional
parameters

5.4

k

and 0.

Radiometric Range Parameters

A further analysis of the parameters of this radiometric model will provide better understanding
of the radiometric range model and its potential applications.

5.4.1

Radiometric Range Parameters for Ambient Illumination

For an ambient illumination model {lb = 0), a specialised case of (5.27) is defined as
Ka{x) :=

/(*)

Mx)

~ KC( X )

-

1

cos 0Scos 6p
r2{x)

(5.28)

where the only source of background IR illumination is ambient illumination Ia. Note that Ka{x )
is defined in terms of measurements where 0S, the angle measured from the camera, is stored in a
look up table (projected angle of the IR beam of TOF camera with respect to each camera pixel)
and angle 0P is measurable from camera data.
For any surface patch2, it is possible to numerically compute an estimate of the angle 0p :=
0p(x) from the set of range measurements r(x,) associated with that patch based on an estimate of
the normal vector to the surface [Pulli and Pietikainen 1993; Klasing et al. 2009; Ye and Hegde
2009]. That is, the known direction of illumination of the surface viewing the source, calculated
from the directional derivative of the range image data [Pulli and Pietikainen 1993] obtained
2The surface patch must be sufficiently large to be imaged by a small window o f pixels.
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from TOF camera is given as
cos 6p =

( Vr- t?f \
I l|Vr||

j

(5.29)

where Vr is the gradient vector obtained by differentiating the range data and uc is a unit vector
with respect to the TOF camera. Once the surface normal is known, the angle 6p is thought of as
function of range data from pixels corresponding to a local surface around a point in the image.
That is, denoting the local neighbourhood of x by {jc,-}”=] used in the calculation of normal to x,
one has
0p(x) := F6/}[r(x\),--- ,r(xn)]

(5.30)

Although this process is difficult with existing TOF cameras due to poor resolution, it is clear
that as TOF technology improves, pixel density will increase and this operation will become
more straightforward.
The model derived in (5.28) is a single radiometric parameter that is valid pixel-by-pixel. This
could be measured by substituting measurements of A(x),I(x),r(x) and can lead to radiometric
criterion for ambient illumination.

5.4.2

Radiometric Range Parameter for a Far-field Point Source

The radiometric range model for a far-field point source of illumination depends upon the angle
6q that is the angle between the normal to the surface and the direction of the far-field source.
Hence, an estimate of the direction of background 1R source is required. For a far field source,
two parameters (9az,9ei) are added that describe its azimuth and elevation with respect to the
camera frame and are a problem of source estimation in computer vision [Stauder 2000; Cao
and Shah 2005]. Given the estimate 6az and 9ei, then it is straightforward to compute 9q{x). The
angle 9q(x) is considered as a function of range data from pixels corresponding to a local surface
around a point in the image
9q(x) := F6q[r(x i),--- , r(xn), 9az, 0ei].

(5.31)

In practice, it is often possible to model the far-field source; for example in an outdoor environment the Sun is the far-field IR source [Leroy and Roujean 1994; Lucht et al. 2000], then
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azimuth and elevation of the Sun is known a-priori assuming that the camera’s orientation and
location are known with respect to earth fixed frame.
Specialising (5.27) to this case one obtains,

I(x)
A(x)
—

Kb ( x ) : =

5.4.3

\ cos6s cos0„
^ -------------------------------- ---------------Jr2(x) cos0,( ( w

KC(X )- I

-

(5.32)

Radiometric Range Parameter for a Planar Case

A specialised case of considerable practical interest is that of a planar surface. Over a single
planar surface it follows that 9q is constant, while 9p is nearly constant for a small field of TOF
optical sensor over the surface, and the parameters {k q, Kb) are constant over the image plane. As
a result several parameters can be combined into a single constant. An approximate model is
proposed as

I(x)
A (x)

1

+

Kc

Kq

r «
COS

9S’

(5.33)

where
k0

Ka

Kb COS 9 a

: = ------- h------------- ~ constant.
cos 9P
cos 9P

(5.34)

As a consequence of (5.34), a pixel measurement of k 0 is given by

k 0( x

) =

/(*)

Mx)

~ KC(X) ~ 1

cos 9S

~rHx)'

(5.35)

In practice the measurement of k 0( x ) is a noisy process due to the noise in the statistical distribution of the measurements obtained and can be highly non-Gaussian. In such cases the simple
estimate k 0( x ) is not necessarily a good statistical estimate of k 0. Moreover, statistics taken using
multiple measurements of k 0( x ) over several frames of data or sets of pixels in a single image
should take into account the true distribution of at0(jc) rather than a Gaussian approximation.

5.5

Statistical Modelling of Planar Radiometric Measurement

In this section, a statistical noise model for TOF measurements is discussed. A detailed analysis
is considered for statistical distributions of k 0( x ) and parameters associated with it due to the
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noise in the measurement process.

5.5.1

Noise Models of TOF Measurements

In Chapter 3 it was shown that photon shot noise effects the optical measurement process and is
the major statistical noise process in TOF devices. In Chapter 4, statistical models for amplitude,
intensity and phase were proposed that are affected by the signal-to-noise ratio (SNR) of a TOF
signal.
Recall that the statistical distribution of amplitude is a Rice distribution given by (4.12)
Ä ~ Rice [A,

y/T]2),

(5.36)

where A denotes the actual measurement obtained by the TOF camera while A and / are the
physical parameters of the model. The statistical distribution for intensity is given by (4.18)
/ ~ N (I, 7/4).

(5.37)

The range and phase measurement relationship is described in Chapter 4 as
f = c j </?;

where m = -—- — ,
/mod

(5.38)

and measurements <p and f are thought of as the measured values of ip and r at pixel (x). Using
the SNR of a TOF camera defined as (4.29 )
y[2A
SNR = —— ,

V7

(5.39)

the phase distribution was re-defined in terms of SNR as (4.33)

£ ~ P h a s e |l ,^ g j ^ j .

(5.40)

The model for SNR is a generic model for TOF cameras [Büttgen et al. 2006]. In practice
manufacturers vary the configuration for customised designs to improve performance in ways
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that do not fundamentally change the physics of the model but leads to scaling effects that must
be modelled. This process for raw measurements is discussed in Chapter 4, Section 4.2.4 and
is not considered in detail here, although these effects must be correctly modelled to obtain
experimental results.
A second key statistical parameter is now defined for performance measurement in TOF cameras as signal-to-offset ratio (SOR) of photon count. This ratio reflects the ratio of the received
signal with respect to the total illumination offset and is given by
^

/received signal amplitude^
' total illumination offset '
=

5.5.2

y

.

(5 .4 1 )

Statistical Distribution of k0(x)

This section considers the radiometric range model for a planar case in detail. The basis for this
is to study the variable /c0(x), since it provides significant insight into this case.
It has been seen that k 0 is a function of constant sources (camera source and the background
source of illumination) that cannot be directly measured in practice. The relationship (5.35)
provides a mean to measure k 0 in practice. Consider a pixel x in the TOF image array and define
the measurement kQ(x) as
k0(x) :=

- kc{x) - 1

cos

(5.42)

where £c(jt) e R2 is an estimate of camera based pixel parameter for an entire image, since
at c ( j c )

is scene independent and can be measured offline in a set of calibration experiments. The

calibration experiment involves measuring TOF reflected signal in the absence of all background
sources in a dark room. By operating the camera for a period of time, a large sample of data
estimate £c (jc) are obtained. For sufficient samples, the central limit theorem ensures that,

kc ~ N
and the estimate kc(x) is of high precision.

k c (x

), — o -z [k c ( x )]

(5.43)
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Solving k0(x) Distribution Using Mellin Transform

The probability distribution of k0(x) is a product of non-linear distribution functions of A, I and
f = ujif. The product of distributions can be computed using Mellin Transform [Galambos and
Simonelli 2004, p. 15]. A full analysis of the distribution of / c0 ( jc ) is provided in Appendix B.
The expression for the probability function of k0(x) (B.21) is complex and the author is unable
to evaluate it analytically.

5.5.2.2

Parametric Representation of / c 0 ( jc ) Distribution

This section considers a parametric representation of the distribution of kQ(x). Based on the
distributions of measurements A, /, f and the estimate of kc, one can represent the statistical distribution of k0(x) in terms of the independent parameters that underlie the statistical distributions
of A , / and r.
The following result shows that the k0(x) distribution is dependent on three pixel based parameters, SNR, SOR and k g. The two parameters kc and 6S are camera parameters that can be
calibrated in the initial setup of the camera and are not considered parameters of the distribution.
Lemma 1: (k0{x) distribution parameters).
Assume the camera parameters kc (x ) and 6S are known and A ( jc ) , / ( jc ) , r(x) are given by (5.36),
(5.37) and (5.38). Then the measurement
k0(x) =

~ KC( X) ~

1

cos 9S
r2(jc) ’

(5.44)

can be modelled as a random variable with distribution depending on three independent parameters SNR (5.39), SOR (5.41) and k0 (5.34).

Proof: Recall that A(x),I(x) and r(x) are the underlying radiometric parameters of the ideal
received signal based on noise free radiometric model. For ease of notation the ( jc ) dependence
has been dropped such that A = A(x),I = / ( jc ). Using the definition of SOR (5.41) and (5.20),
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(5.26), one can write
1
SOR

_
“
-

Ia + lb + Ic
A
Ib
A +Kc■

(5.45)

Using (5.34), one has
K° = A(s)c<xep (,° + h{q)c™0“)

(5.46)

Define new scaled measurement A := Ä/A and I := I/A then it is straight forward to verify from
(5.36) and (5.37) that

Ä

=

A

Rice

~A

N

V7_
(U4’, y/2A

= Rice 1,

SNR

(10 + A 1 )
l - v ( ' + SOR
l A ’ 4A2) N \ SOR ’ 2 SNR‘

(5.47)
(5.48)

Using the radiometric model (5.9) for the true range r, one has
2
r"

=

=

Ypip) Ais) cos 0p cos 0S
n
A
Yp(p) Ais) cos 6p cos 0S ila + Ibiq) cos 0q)
n
A
ila + Ibiq) cos 0q)
Ypip)IaAis) cos 0Scos Op Ypip)lbiq)Ais) cos 0S cos 0P
-------------------------------------------- + --------------------------------------------------nAila + Ibiq) cos 0q)
nAiIa + Ib(q) cos 0q)

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

(5.49)

Using the definitions (5.14) and (5.17), one can re-write (5.49) as
IaAis) cos 0Scos 0P IbAis) cos 0Scos 0P

=

----------------------------- + ------------------------------

=

c o s e d m a * 9’
\ l a +Ibiq) cos 0q)

Aila + Ibiq) cos 0q)

M I a + Ibiq) cos 0q)
A

(5.50)

substituting (5.45) and (5.46), one obtains
2

COS

0S (

k0

1

\SOR _ Kc

(5.51)
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As a consequence of (3.16) one can write the true phase as

<P ■=

SOR

Kc

(5.52)

1 \
Kc ' SNR/'

(5.53)

Hence using (5.38) and (5.40) it is shown that
1 /f
zu \m

f ------- (D —

cos 6S
1
K0
SOR

1

This shows that f is a random variable with parameters SNR, SOR and k0. From (5.44), using
(5.47),(5.48) and (5.53) one has
(5.54)
Thus, the expression for k0(x) is a function of random variables Ä, I and r. The random variables
depend in turn on the parameters SNR, SOR and kq (5.47),(5.48) and (5.53). Consequently, kQ(x)
is a random variable depending on parameters SNR, SOR and k0.
■

Let f x denote the distribution function for k0(x). That is

K0{ x) ~ f x

(k0(x) I SNR, SOR, Ko) .

(5.55)

The SNR is the dominant parameter of k0(x) distribution due to the shot noise associated with
Poisson arrival process of photons of TOF signal and effects the spread or tail of k 0(jc) distribution. The parameters SOR and kq effect the mean value of the distribution.
Remark: The inverse relationship between r and SOR in (5.51) is o f significance as Ia and lb
are independent o f r for background sources and k0 is constant. Thus the relationship follows the
inverse square law o f electromagnetic signal. As the range o f the object from the TOF camera
increases (r —» oo), the signal strength (amplitude) decreases (A —» 0) by the square root and as
a consequence the error in phase increases.
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5.5.3

k0(x) Plots and Monte Carlo Simulation

It appears to be extremely difficult to derive an analytic expression for the distribution of k0(x)
(discussed in Section 5.5.2.1). The model is verified using Mote Carlo simulation with model
parameters A, I and </? to plot k 0( jc ) distributions (with parameters SNR, SOR, and k 0). It is
possible to gain some intuition in to the k 0(jc) distribution by considering the asymptotic behavior
at bounds of its parameters.
A general setup in an indoor environment is used for the experiment as shown in Figure 5.6(a). A low SNR case is considered by selecting a low reflective surface on a flat board.
A single frame from a sequence (1000 frames) of range images is shown in Figure 5.6(b) and
the pixel under consideration is marked. This particular pixel k0(x) is plotted in Figure 5.7. The
simulation data matches the experimental data, confirming the validity of the proposed model
parameters. In Figure 5.8 variation in range data values is shown for this experiment. The measured range variation for this case is between 1.95m to 3.82m. The significant deviation of range
values is captured by k 0(jc) parameters (see Figure 5.7).
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(b)
Figure 5,6: (a) TOF camera setup image taken from a 2D camera (b) Range image plot of a single frame
from a sequence of 1000 data frames with pixel under consideration marked in the figure.

In another experiment multiple cases of k0(x) are considered. These plots are shown in Figure 5.9 and are for real data measured from a TOF camera between two bounds, (A »

V7/2)

associated with high a SNR and (A ^ 0) for low SNR of kc(x) parameters. One can observe
the effect of low signal-to-noise ratio on k0(x) distribution where the statistical distribution becomes heavy tailed due to an increase in noise. This has also effected the true k 0 value measured
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— *— MC Simulation
PMD data

Figure 5.7: kü(x) plot for Monte Carlo simulation and real data from PMD camera (SNRdb=12.14db,
SORdb=-38.61db, k 0- 8.39) using 1000 frames

Range in meters (m)

Figure 5.8: Range variation.

as k0(jc). Note that for high SNR asymptotic bound the distribution appears to be normal with
asymptotically zero variance. For low SNR asymptotic bound, a right-skewed distribution is
observed.

5.6

Applications

The radiometric framework (5.27) developed in this chapter provides a basis for a range of applications for time-of-flight cameras. These applications include noise filtering, shadow segmentation and specularity detection and are considered in this section.
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SNR=6.92db, SOR=-42.05db, kq=5.12
— — SNR=15.61db, SOR=-36.67db, icq=2.76
SNR=19.16db, SOR=-33.45db, k q=1 .90

Figure 5.9: kü(x) distribution plot for the camera data with low and high SNR.

5.6.1

Radiometric Range Criterion for Pixel Reliability

In this section, an algorithm for radiometric range filtering is proposed. The statistical analysis
of k0(x) distribution (5.55) leads to the formulation of a reliability criterion based on a statistical
test for k0(x). That is, given estimates SNR(jc), SOR(jc) and k0(x) of parameters SNR, SOR and
k 0 respectively

at pixel x\ let a > 0 be a significance level, choose mix) such that
Pfx{*o(x) < m(x) SNR(jc), SOR(jc), £0(jc)j = a,

that is

f

Jm(x)

f j k SNR(jc), SOR(jc), ^o (j c )] dk
'
'

(5.56)

(5.57)

Then, k0(x) is accepted as valid if k0(x) < m(x). The case where k0(x) is not valid will correspond
to false A , I and r data (most commonly error in r), providing an effective test to filter poor range
data.
Consider a single frame of data and note that the estimates of SNR(jc) and SOR(x) can be
computed pixel-by-pixel as
SNR(jc)

V2A
V/

SOR(jc) = —,
lo

(5.58)

where I0 is the measured background offset. In addition, it is necessary to compute the estimate
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of k0(x) at pixel x. Based on the assumption of a flat surface, the true value of k 0(x ) will only
deviate from a constant due to the viewing angle of the surface 0p. This angle is approximately
constant for small field of view cameras. Therefore, k 0(x )

%

kq

is approximated over pixels of the

planar surface. Moreover, it has been observed in practice that the SNR and SOR over a single
planar surface are comparable and one can make an estimate k0 of kq based on average statistics
of this data set.

Figure 5.10: Normalised histogram of £„(*) of a surface that approximates the probability density function
of k ()( x ). There are a small number of extreme values (less than 0.5% of the data in the case shown)
associated with the heavy tail of i<0(x) probability density function that cannot be represented on the scale
of the plot.

A typical normalised histogram of K0(jt) for a single frame of a planar surface is shown in
Figure 5.10. The heavy tail is associated with noisy data. A pragmatic approach (a practical
statistic) for the central measure of a heavy tailed distribution is obtained using harmonic mean
[Norris 1940]
„ _

n

zji/w

(5.59)

It is reasonable to use the harmonic mean [Bodek 1974] due to the fact that each individual k0(x)
is a ratio distribution with different SNRs of the received signal measured in TOF camera and the
error measurements of k0(x) in denominator being greater than that of the numerator.
It is also important to note in equation (5.42) that there are two reasons for a high k0{x) value.
Firstly, a received signal with a low SNR due to low amplitude of the received signal results in
in-correct phase measurement. Secondly, a reasonably high SNR but inaccurate range value in
the denominator due to scene and internal conditions of the camera leads to high k0(x) value.
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In either case the k 0(jc) value is associated with unreliable range data and is discarded in the
proposed reliability criterion.
The statistical test (5.56) can be applied to all pixels drawn from a planar surface. The
parameters SNR, SOR and k0 are estimated from the same data that is later used in the test,
however, the slight dependence introduced is not believed to effect the overall validity of the test
significantly if there are enough pixels in the given observed surface (typically a 5 x 5 patch).
Experiments:

Experiments were performed in indoor environments using a PMD 3k-S TOF

camera that provides 48x64 pixel resolution and has a field of view of 33.4° x 43.6°.
For the first experiment, a TOF camera was placed conveniently at a distance of 3 meters
from a flat white board while the wall was about 6 metres away from the camera as illustrated
in Figure 5.11. In addition there were various other objects and lab equipment within the field
of view of the camera. These objects offered different reflectivity and provided a wide variety
of characteristics for the experiments undertaken. The intensity image viewed from TOF cam-

Figure 5.11: Picture taken from a normal 2D camera for a tripod mounted TOF camera setup.
era is illustrated in Figure 5.12(a). A 3D map of data points of the environment is shown in
Figure 5.12(b).
The algorithm was applied to an entire frame and a k 0(jc) distribution was plotted for a planar
surface (a wall) (see Figure 5.10). The final range data as a function of k0(x) was obtained
after applying the range image filtering criterion (5.56) to the entire frame including the planar
surface as shown in Figure 5.13(b).

The final data after filtering is consistent with a reliable

measurement of range values. It is quite clear that k0(x) value is almost consistent for the entire
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(a)

Z (meters)

x (m)

(b)
Figure 5.12: (a) Intensity image of TOF camera with 4 msec of integration time, (b) 3D plot of scene
with objects at varying distances upto 7.5 metres.

range (0-7.5 metres) of the camera with noisy data pixels (see Figure 5.13(a)) showing a variation
in k0(x) values as shown in Figure 5.13(b). The algorithm is neither effected by the distance of
the object from the camera, within camera range (see Figure 5.14), nor by the reflectively/surface
texture for a wide range of integration times and SNR conditions.
In the second experimental setup (as shown in Figure 5.15(a)) a TOF camera was placed in
a corridor at a distance of 2.75 metres from the centre of a nearly flat scene. The scene consists
of a felt pin board (of unknown reflectivity) on a wall pasted with a black cardboard sheet (75%
reflectivity) and an automotive black rubber mat (4% reflectivity) placed in the centre of the mat.
Despite the fact that the camera has strong signal at close distance to the scene, the rubber mat
caused severe signal distortion due to very low reflectivity of the material. A filtered k0(x) plot
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(b)
Figure 5.13: Range image plot of a PMD TOF camera with three marked noisy (incorrect) range pixels,
(b) Filtered k (,(x ) plot with regions of consistent k0 and noisy pixels shown in red colour. Three pixels
marked with arrows relate to marked noisy range pixels in (a)

for a single frame is shown in Figure 5.16. Since the scene is nearly flat with little variation in
extreme values, noisy pixels are red compared to relatively white reliable filtered range data.
In another set of experiments, the algorithm was applied to TOF data at various integration
times (1,2,5,7 msecs) as illustrated in Figure 5.17. The noise level decreases with an increase in
the integration time due to increasing SNR of the TOF camera that leads to decrease in percentage error in range measurements as shown in Figure 5.19. The estimation of k0(x) also improves
with integration time as shown in Figure 5.20. However, it should be noted that it is not always
possible to use high integration time due to the low frame rate and saturation effects in the intensity image. The proposed range filtering algorithm performs equally well at all integration times
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k0(x)

Figure 5.14: Compared with (5.12(b)), the surf plot shows that k(){jc) is nearly constant and does not
depend on the distance. The wall is twice as far as the board yet k()(x) surface plot is almost constant with
noisy values are distinctively visible from * v ,( ; t ) surface.
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(b)

Figure 5.15: (a) Picture taken from a normal CCD camera of flat surface (felt pin board) pasted with a
black sheet and an automotive grade rubber matt is stick at its centre, (b) Grayscale image of the same
scene observed by a PMD 3k-S TOF camera. A high intensity portion below the sheet is due to specularity
of the metal strip border of the board.
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(C)

Figure 5.16: Radiometric filtering of a scene consists of flat felt pin board pasted with a black sheet and
a low reflective rubber material observed under different signal strength conditions, (a) Range plot of the
scene, (b) 3D distance plot of the scene. Note that the imaged surface is flat as shown in (a), however,
the range depends on ray length which in turns depend on the cosine angle subtended by image point
and leads to the structure of the image (a), (c) Filtered k 0( x ) plots for a single frame captured from TOF
camera with noisy pixels are shown in red colour.
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Figure 5.17: Single frame of range data captured from TOF camera at 1,2,5 and 7 msec integration time.
1st column shows range plot and 2nd column shows filtered i<(>(x) plots for a single frame captured from
TOF camera. Noisy range pixels are shown red in colour and reliable pixel are nearly white in k ()( x ) space.
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Figure 5.18: Normalised histogram of
of single frames for range data captured from TOF camera at
1,2,5 and 7 msec integration times. One can observe that with higher SNR the histogram tends to converge
to a lower value and spread due to deceased noise.

integration time (msec)

Figure 5.19: Percentage error measured from filtered k ()( x ) in a single frame at various integration times.

and is a reliable statistical measure to eliminate noisy data pixel.
It has been observed that in real environments the planar model works extremely well even for
non-planar surfaces (since in an indoor environment the effect of background IR illumination aq,
is minimal) and is robust enough for reliable range measurements. Since the proposed algorithm
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integration time (msec)

Figure 5.20: k()(x) estimation at various integration times.

can filter the entire frame at a single time, the algorithm is quite efficient and effective for TOF
based applications.
The radiometric criterion used within this set of experiments is based on the planar surface
model. A similar scheme can be employed for ambient ka(x) and far-held background illumination kt,(x).

5.6.2

Shadow Segmentation

The presence of shadows due to lightning conditions complicates the process of shape and behaviour estimation of a moving object, especially where there is a significant association between
the non-background points and shadow. Shadow segmentation algorithms are an important component in solutions to many computer vision scenarios such as video surveillance, people tracking
and traffic monitoring [Cucchiara et al. 2003; Tsai 2006]. Background subtraction methods and
colour space techniques are widely exploited for shadow segmentation in many applications in
particular [Cucchiara et al. 2001; Elgammal et al. 2002; Jacques et al. 2005]. The drawback with
these techniques is that they tend to under perform when there is insufficient color information
or when the scene is dynamic. Similarly adaptive and Bayesian methods [Benedek and Sziranyi
2008] use models and update shadows and background but suffer from same problems.
Shadow segmentation based on radiometric range data is a natural outcome of the radiometric
framework proposed in Section 5.3. An important contribution of performing shadow segmentation using TOF cameras is the ability to provide an algorithm that can be used in dynamic scenes
as well as for surfaces with insufficient colour information. A close examination of (5.9) and
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(5.19) reveals that an object in shadow does not effect the amplitude value received by the TOF
camera. However the intensity varies with the background illumination or shadowing of the object. Based on this fact, it is possible to segment the scene into shadow and non shadow regions.
The proposed shadow segmentation model is derived from the radiometric model (5.27) using
far-held background illumination model (5.32). Thus, one obtains a new Kb(x) for this application
as
Kb(x)

:=

I(x)
—
A(x)

-

\ cos 6Scos 0D
Kc(x) - 1 -P
/ r2(x) cos 6q
—

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

Kg(x)
COS 6 q ’

(5.60)

In terms of the measured value, one defines a measured value of kb(x) as
I(x)
\ cos 6Scos 6p
kb{x) := — - * c(*) - lj v2(jc)cos^

Kg ( x )
COS 0 q

(5.61)

The proposed algorithm uses a &-means clustering algorithm [MacQueen 1967] on the full
set of measured kb(x) obtained for a full frame. Here the term involving ka(x) is a scalar value
for ambient illumination and is computed empirically assuming constant angle 0q for a planar
surface. The objective function VF := T'(c) for c = {ci, • • • , q } is defined as
k
'P(c ) : = ^ ^ U M j , ) - c ,|.

(5.62)

1=1 Xn&Sj

The Ci values are the geometric centroids of the data points 5,, where xn is a vector representing
Hth data point from radiometric range model kb and \kb(xn) - c,j is the L\ norm. The minimisation
of this problem for segmentation (partitions) of n data points into k disjoint subset 5, containing
rii data points is given by c
c = arg minOF).
c

(5.63)

The proposed shadow segmentation based on /q ,(jc) value represents the ratio of background
source of illumination to the camera source. The angle 6q is assumed constant for planar cases
and Op is relatively constant for the small held of view of a TOF camera.
Rem ark: When shadow segmentation due to the Sun is considered then geographical knowledge
o f the camera pose and the Sun position can be used to estimate 6p and 0q given an estimate of
the scene geometry. This would enable the proposed algorithm to function effectively fo r an im -
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portcint range of applications encountered in outdoor environment such as shadow segmentation
in real scenarios for automotive applications.

Figure 5.21: CCD image of the setup taken from a 2D camera with TOF camera positioned in the lower
left corner of the image.
Experiments:

For the shadow segmentation experiments undertaken, the camera was placed

to capture an environment with object (flat floor) in sunlight and the remaining background appeared shadowed compared to bright light coming from the window. The setup of experiment
is shown in Figure 5.21. Due to limitations of the hardware’s functionality, experiments were
carried out in a lab with sunlight from a window providing a cue for object in shade or in light.
The intensity image captured by the TOF camera is shown in Figure. 5.23(a).
A histogram of /q ,(jc) is shown in Figure 5.22. There are three marked regions in the histogram. The central blue region corresponds to the highlighted area in image space. Both the
highlighted regions and the noisy regions produced significantly higher kb(x) values compared
to shadowed regions. The region on the right hand side (in a red rectangle) corresponds to noisy
values while the values on the left side (in a red elliptical) have two peaks. These two regions
are mainly associated with the angle approximation 6q when applied over an entire frame including non-planar regions and 9p (sharp comers and bends in scene with respect to camera viewing
direction).
In the initial experiment the algorithm was applied to a single planar surface. The shadow
segmentation was performed using the k-means clustering. The kt,(x) data is segmented into two
clusters of highlights and shadows and shows quite precise segmentation (see Figure 5.23(c)).
As a further step, the proposed algorithm was also applied to an entire single frame and ob-
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Figure 5.22: Histogram of a i<b(x) for a single frame.

(c)

(d)

Figure 5.23: (a) Intensity image observed from a TOF camera (b) segmentation of shadow and highlighted
regions (non shadow) of a complete frame (c) shadow segmentation of a planar surface only, (d) Refined
shadow segmentation after two step approach.
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served that the segmentation works reasonably well even when applied to a non-planar scene
(see Figure 5.23(b)). However, there were certain regions of false positive due to failure of planar assumption. These regions can either be segmented using more that two clusters or eliminated
using further noise filtering (discussed in Chapter 4) based on SNR estimation. Since in the case
of highlight areas the SNR value is high while the noisy regions have a lower SNR value, the
image was further refined, using this two step approach as illustrated in Figure 5.23(d).
A precise modelling of scene geometry (discussed in Section 5.3) for angle 6q in the model
5.61 would result into a single region of shadow in a single step. Despite this simplification,
the algorithm is effective in region segmentation based on illumination condition and unlike
background subtraction and color cues, this method is independent of scene movement and works
equally well on gray scale and range image data.

5.6.3

Specularity Detection

Specularity detection is an other area of interest in many computer vision and computer graphics
applications [Lee et al. 1991; Wolff 1994; Lin and Lee 1996; Lin and Lee 1997; Berwick and
Lee 1998; Sato and Sakata 2001; Park and Yoon 20041 and is often solved through photometric
stereo methods. Intensity images suffer from saturation effects due to specularity and this creates
problems for image processing algorithms for specular detection in real environments [Park and
Kak 2003]. However, the radiometric range model described in Section 5.3, allows one to segment regions with different levels of illumination. This can be further exploited for specularity
detection. Specular reflection is observed from a shiny surface when light is reflected in a single

Source direction
Viewing direction

Surface

Figure 5.24: Specular reflection from a surface.
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direction where the angle of incidence 6P and angle of reflection 6 are equal around the normal to
the surface as shown in Figure 5.24. For imperfect shinny surfaces, specular reflection depends
on the angle ct. A perfect reflection (such as from a perfect mirror) would be observed only
when the angle a is zero. The fall off effect of specular reflectance from non-perfect surfaces is
modelled by cos'1a, where n is the specular reflection exponent [Foley et al. 1997]. The received
illumination component observed in the image plane due to specularity is given by
Is(x) :=

Yps(p) Is(s) cos" a cos 6S
7t
r2

(5.64)

where the specular reflection coefficient p s(p), effects the brightness of specularity. Typical values of a vary from 0 to several hundred depending upon the surface material. As seen in Figure 5.25, a value of 1 gives a broad fall off of specular reflectance and a high value results in
sharp fall-off of the specular reflectance. A pure mirror requires a to be infinite.

Figure 5.25: Function cos" a for different values of n in the Phong illumination model.

The radiometric model derived in Section 5.3 assumes light reflecting from a Lambertian
surface. For a surface with specular component to the reflection, a second term is added for
specular surface according to Phong’s illumination model [Phong 1975], [Foley et al. 1997, p.
729], such that (5.20) now includes diffuse I d and specular 1 s illumination component for each
source. That is
lOTU) = Ia(x) + h flx ) + h flx) + ICd(x) + ICs(x),

(5.65)

where I0, (x) is the total offset received by the camera. Using the total intensity of the TOF
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camera (5.19) for diffuse and specular illumination and dividing it by the total (diffuse plus
specular) received amplitude, one has
Id(x) + Is(x)
Ad(x) + A s(x)
7y(x)
—---A r(x)

_
=

|

Ia(x)
| Ibd(x) + Ibs(x) | ICd(x) + ICs(x)
Ad(x) + As(*) Ad(x) + A5(x ) Ad(x) + A s(x)
/a(jf)
Ibji.x') ICj(^X)
1 + -------+ —— + —— ,
A t (x ) A r(x) A r(x)

,
(5.66)

where Ibr{x) = Ibd(x) + Ibs(x), ICT(x) = ICd(x) + ICs(x) and A r(x) = Ad(x) + As(x). Using the
reflectance models derived earlier (5.9) and (5.12), the diffuse reflectance models for Ad(x) and
IcM) are 8ive by

, , ,
AjxX)

Tpd(p) A(s) cos 6p cos 0S
0
9 Ic^yX)
r2

Tpd(p) Ic(s) cos 0p cos 0S
^
,
r2

(5.67)

and the specular components based on (5.64) are given by
A ^

Yps(p) A(s)cosnacos 0S f ^
r2

>= Tp s(p) Ic(s) cosnacos 0S
r2

^ 6g)

For an indoor environment (such as the one with no direct sunlight effect) the terms involving
Ib in (5.66) can be ignored in order to simplify the model and only ambient illumination (due to
indoor lighting) component Ia is considered
, , ,

Ypa(p)Ia

I a ( x ) = -----------------.

n

(5.69)

Here pa(p) is the ambient-reflection coefficient which is often estimated empirically instead of
relating it to the properties of a real material [Foley et al. 1997, p. 723].

Using (5.67), (5.68) and (5.69), it is now possible to re-arrange (5.66) as
7/ (*)

, ,

, x,

r1{x)pa(p)

--------- = 1 + KC(X) + Ka ------------------------------------------------------- ,
A r(x)
COS Os [ p d ( p ) COS Op + P s ( p ) cos" O']

where k c ( x )

:= k c

(5.70)

is due to ratio of illumination sources originating from the same TOF IR array

with same diffuse and specular components (as explained earlier in Section 5.3). As a result one

114

Radiometrie Analysis o f TOF Camera

can write
//■(■*)
Ar(jc)

, v

- K C( X ) ~

, \ cos 0S
1 I --- — =
r1

Ka

Pa(p)
[pd(p) cos dp + p s(p) cos'7a]

(5.71)

Thus for each pixel jc, one has
Ka(x)

_________ PaiP)__________

ißd(p) COS 6p + p s(p) COS71 O']

/ I AX)
'

\ A t (x )

- Kc(x) - 1

cos 0S

(5.72)

and the specular measurement criterion £q (jc) is based on the measurement model

*a(x)

_________ Pa(p)_________

/ I AX)

[pd(p)cos6p + ps(p)cosn a] ' U ( jc )

- Kc(x) - 1

cos 6S

(5.73)

Since the light direction of the source and the receiver are collinear for a TOF camera, specularity
is only observed in the direction of IR light from the camera. For maximum specularity a = 0,
the angle cos 6p = 1 and the left hand side of (5.73) is scaled by a constant term Cp as
, /r W

ka(x)Cp := --------- k c ( x )
A

t

(x )

-

1

cos 6S
pi ’

(5.74)

where Cp is given by
C r

pa(p)
pd(p)+ ps(j>y

(5.75)

Note that maximum specularity occurs when the angles (cosOp,cos6na) have maximum values resulting in a higher denominator term with respect to numerator irrespective of the scaled
constant terms of reflectivity coefficients Cp (with decreasing denominator for non-perfect specularity regions). The specularity criterion can be easily formulated without explicit angle estimation. For a specular region, the TOF camera receives sufficient signal and the range data is
reliable. As a result the specular radiometric criterion (5.74) has only one dominating parameter
Ka

representing the ratio ambient offset to TOF IR amplitude. Consequently, specularity can be

detected from a £a(jc) plot where
specularity = min |Ka(jt)| V(jc)

(5.76)

due to high IR amplitude signal and low background offset of intensity. A specular lobe around
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this point would be indicative of the surface material encoded by n.
Experiments: An indoor environment was chosen for experiments as shown in Figure 5.26(a)
and 5.27(a) using a white board placed in front of the camera. The board provided a sufficient
specular reflectance due to its surface material. In the first experiment (see Figure 5.26(a)),

(b)

(c)

Figure 5.26: (a) Picture taken from a normal CCD camera of the experimental setup showing TOF camera
and a white board (b) Grayscale intensity image as observed in the TOF camera with specular lobe visible
due to IR reflection from the board to camera, (c) Segmentation of specular and non-specular regions
based on k a { x ) of a frame.

the white board was placed roughly at a distance of 3 metres from the camera at the end of
the corridor. In this case specular reflectance was picked up by the camera. The minimum
point of ka{x) space represented the point of maximum specularity with the fall-off forming a
lobe of specularity due to the surface material. Since the camera was placed in a corridor, a
few side reflections from the wall on the board caused a secondary specular lobe observed in
Figure 5.26(a) and Figure 5.26(b). These were picked up by the algorithm along with the main
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specular lobe as illustrated in Figure 5.26(c).

(a)

(b)

(c)

Figure 5.27: (a) Picture taken from a normal CCD camera of the experimental setup (b) Intensity image
as observed in TOF camera, (c) Segmentation of specular and non-specular regions of a complete frame.

In another experimental setup, as shown in Figure 5.27(a), the TOF camera was placed relatively close to the board, compared to the setup in the earlier experiment. Again the algorithm
has picked the specular reflection (see Figure 5.27(c)) that was observed in Figure 5.27(b) with
the point of maximum specular reflection calculated from the minimum value of /ra(;c).

5.7

Summary

Time-of-flight (TOF) cameras are primarily used for range estimation by illuminating the scene
through a TOF IR source. However, additional background sources of illumination of the scene
are also captured in the measurement process. This facilitates radiometric modelling of the cam-
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era. Techniques in radiometric modelling are borrowed from a conventional 2D CCD image
camera such as Lambertian model and Phong’s illumination model. Unlike conventional cameras
where only a single parameter is measured as intensity, TOF camera measures three independent
parameters of amplitude, intensity and phase. These measurements along with the illumination
conditions of the environment facilitate in deriving a radiometric range model for the TOF camera. This model is of finite dimension comprising light sources and scene geometry which is
estimated through various techniques mentioned in literature of imaging and ranging devices.
Despite the fact that the radiometric model and statistical analysis are based on much simpler
assumption, the framework proved robust and effective. The applications and experimental results of range data filtering and reliability, and shadow and highlight segmentation independent
of scene reflectivity as well as specularity detection prove the effectiveness of this model for TOF
cameras and vision based algorithms.
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Chapter 6

4D Spatio-temporal R ANS AC for
Planar Surface Segmentation

6.1

Introduction

The use of 3D range imaging cameras in automotive applications in general and Advanced Driver
Assistance Systems (ADAS) in particular is a topic of high interest at present (a detailed literature
survey is presented in Chapter 2). Time-of-flight (TOF) cameras are potentially well suited to
applications in ADAS such as identification of ground plane, segmentation of hazardous planar
surfaces and reliable identification of obstacles and pedestrians.
This chapter considers the application of time-of-flight (TOF) camera mounted on an automobile to estimate planar surfaces in range image data. The classical 3D spatial Random Sample
Consensus (RANSAC) [Fischler and Bolles 1981] is extended to 4D spatio-temporal RANSAC
by incorporating a time axis using 3D video data. Planar surface models are derived from spatiotemporal random data points using spatio-temporal normal to the feature. The fast segmentation
of obstacles is done in both spatial and velocity domains using statistical distribution and thresholds thereby robustifying the algorithm against short term temporal effects such as passing cars,
pedestrians, etc.
Section 6.2 presents the structure and motion model constraints for planar feature in 3D video
data obtained from a TOF camera. A planar 3D feature is modelled comprising two spatial directions and one temporal direction in 4D, while a linear motion model is used for the camera. In
order for the resulting feature to be planar in the full spatio-temporal representation, the camera
rotation is required to lie normal to the ground plane, an assumption that is naturally satisfied
119
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for the automotive application considered, and corresponds to the common ground-plane constraint (GPC) [Sullivan 1994]. Section 6.3 describes formulation of spatio-temporal RANSAC
algorithm. The algorithm uses a minimal set of data consisting of four points, chosen randomly
amongst the spatio-temporal data points. Three independent 4D vector directions lying in the
spatio-temporal planar feature are computed from these points. A model for the 3D planar feature
is obtained by computing the 4D cross product of the vector directions. The resulting model is
scored in the standard manner of RANSAC algorithm and the best model is used to identify inlier
and outlier points. The final planar model is obtained as a Maximum likelihood (ML) estimation
derived from inlier data where the noise is assumed to be Gaussian. The proposed approach is
substantially different from segmentation of subspaces of multiple motions [Yang et al. 20061
using RANSAC as well as multi-body and multi-sequence factorization [Zelnik-Manor and Irani
2003] in computer vision that requires dimensionality reduction and factorization of motion and
shape matrices of tracked image points. Section 6.4 considers a few potential applications in
ADAS such as ground plane estimate, reliable identification of obstacles and pedestrians, and
segmentation of hazards. Experimental results are presented in Section 6.5. Experiments are
based on real video data sequences obtained from a TOF range sensor mounted on a moving vehicle. The algorithm robustly identifies the ground plane, even when the ground plane is mostly
obscured by passing pedestrians or cars and in the presence of walls (hazardous planar surfaces)
and other obstructions. The proposed algorithm is simple, as no spatio-temporal tracking of data
points is required. It is computationally inexpensive without the need of image/feature selection,
calibration or scene constraint and is easy to implement in the fewest possible steps.

6.2

Structure and Motion Constraints

The following section discusses the motion model and the planar feature parameters, essential to
derive the spatio-temporal RANSAC formulation for a planar feature using a 3D TOF camera.

6.2.1

3D TOF Projective Model

A 3D TOF sensor returns a range r value for each pixel as a function of pixel coordinates (x,y)
as shown in Figure 6.1. The range values are used to compute 3D position X(X, Y, Z ) of the point
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Figure 6.1: Time-of-flight sensor geometry

Z = r(x,y).

f

( 6 . 1)

V/ 2 + * 2 + y2

where / is the focal length of the camera.

6.2.2

Motion Model

Consider a TOF camera moving in space. Let {/} denote the frame of reference at time stamp /,
1 < / < n, attached to the camera. Let {VL} denote the fixed world reference frame. The rigid
body transformation
? M : R3 -> R3;

X { h > X w := ™RXi + wTj

( 6 . 2)

is defined as the coordinate mapping from frame {/} to world frame {W} with rotation (f'R) and
translation (WT{) respectively. Let l e R 4 denote the homogenous coordinates of X e R 3, then
the transformation (6.2) in matrix form is given by
(6.3)

Y M : R4 -> R4;
Xw

WR

wTj

Xi

0
Let jl M be the rigid body mapping from frame {7} to frame {/} then,

(6.4)
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Hence
)M =

6.2.3

W n T \)(
sW
(Wr t ) ( J r ) ("/?'
w'Tj - WT,)

(6.5)

Equation of Planar Feature with Linear Motion

Let P be a 2D planar feature that is stationary in the world frame during the video sequence
considered. Let 77, e {/} be the normal vector to P in frame {/}, then 77, is a direction that transforms
between frames of reference as
m = iRTvj = )Rrij-

(6 .6 )

The homogenous coordinates of a direction (free vector) such as 77, are given by

m=

m
0

= \M

e R4,

Vi

jam

0

0

(6.7)

= Vj-

Let Xj, Xj e P be different elements of the planar feature P observed in different frames {/} and
ly'}. Note that X t ± l-MXj in general as the points do not correspond to the same physical point
in the plane, however, ( X i/ .M X j) must both lie in P in {/}. Since p, is a normal to P in {/}, one
has

( ( X , - Jl MXj \ f j i) = 0.

( 6.8 )

Thus
(WRT)(wR)Xj + (f/RT)(wTj - wTi)

Xt
1

m
0

(x, - (,wRT)(jR)Xj (Xi (x, - Xj,

Rt )(wTj - wTi), rn) = 0

(?RT)(jR)Xj,

-)u
r ((f -

(,jR)CRT)-)m((

-

= 0.

m) = 0
(6.9)

Let V e {W} denote the linear velocity, the rigid body dynamics for an automobile is modelled
by
T = V\

T( 0) = T i
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R = (jl >R\ R{ 0) = R i ,

( 6 . 10)

where u> e {VF} is the angular velocity and co e M3* 3 denotes the skew symmetric matrix that
corresponds to vector cross product operation in 3D.

Assumption:

Assume that the angular velocity

cj

of the camera is parallel to

tj

e {VF}, the

normal to the ground plane at all times and the translation velocity V in the direction normal to
the ground plane is constant such that

1}

x co = 0 and (V, rj) = constant,

(6 . 11)

where x represents a cross product between two vectors. For normal motion o f a vehicle, roll
and pitch rotations are negligible compared to yaw motion associated with angular velocity of
the turning vehicle [Gracia et al. 2006]. In real environments for motion captured at nearly video
frame rate, the piecewise linear velocity along the normal direction can be assumed constant as
evident from the experiments in Section 6.5. This is to be expected in the case where the camera
is attached to a vehicle that moves on a plane P, precisely the case for the automotive example
considered. In practice, the vertical degree o f motion is important to model situations where the
car suspension is active. It is also used to identify non-ground features that the vehicle may be
approaching with constant velocity.
As a consequence o f (6.11)

co = s(t)rj € {IF}; s : R —> R in time t.

( 6 . 12)

Following (6.12), one can re-write (6.10) as

R = s(t)rjR;

R(0) = R\.

Therefore the continuous rotation motion R(t) : R —» S 0(3) for the automobile trajectory is
expressed as
(6.13)
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where time at frame {/} is r, and

7« = m i
By definition ™Rrjj = rj and hence,

(6.14)

Using (6.14), we can re-write (6.9) as

( x i - X j , m } - ( wTJ - wTi, m ) = 0.

(6.15)

It is assumed that the frames are taken at constant time interval <5t and hence r, = öt(i - 1) + t \ .
Since

is constant and t\ = 0, the linear translation motion wTi satisfies

( WT i,i]i) = (V ,T ])d t(i- \) + (T u rn ).

(6.16)

Using assumption (6 .11), define a e R to be

a = (V,T])6t = constant.

(6.17)

Thus, from (6.15) and (6.16), the structure and motion constraint that X j , X j lie in the plane P
can be expressed as
(6.18)
This is an equation for a plane P parametrised by 771 e S2 (H771II = 1) and motion parameter
a e R. An additional parameter, the distance h e R o f the plane P from the origin in frame {1}
in the direction 771, completes the structure and motion constraints o f a planar feature. Note that
a is the component o f translational camera velocity in the direction normal to the planar feature
P. The component a w ill be the defining parameter for the temporal component o f the 3D planar
feature that is identified in the RANSAC algorithm (see Section 6.3).

§6.3 Spatio-Temporal RANSAC Algorithm

125

Let Xj be a 4D spatio-temporal coordinate that incorporates both spatial coordinates Af; and
a reference to the frame index or time coordinates i
Xt

Xi

(6.19)

i

Associated with this, define a normal vector that incorporates the spatial normal direction t)\ and
the motion parameter a as
7=

m

( 6 . 20 )

a

Using these definitions (6.18) can be re-written as

(Z,-ij,n)

6.3

=

o.

(6.21)

Spatio-Temporal RANSAC Algorithm

This section presents the spatio-temporal RANSAC algorithm and a 3D spatio-temporal planar
hypothesis based on the structure and motion model derived in Section 6.2.3 and a minimal data
set is computed.

6.3.1

Computing a Spatio-Temporal Planar Hypothesis
=

=

4

Equation (6.18) provides a constraint that (Xj - Xj) e R4 lies in the 3D spatio-temporal planar
feature P in R4 with parameters rj\ e S 2, a e R and h e R. Given a sample of four points
{XiltXi2tXii t Xi4), one can construct a normal vector fj to P by taking the 4D cross product
[Shaw 1987] (see Appendix A)
fj0 = cross4(X/, - X l2, X i] - X ii, X h - X u) e R4,

(6.22)

where X ; e {{1},..., {n}}. To apply the constraint rj\ e S A we normalize r]0 = (if0, rf0, if0, rf0) by

n = -ß no-,

ß = yj(To)2 + (nl)2 + ( & •

(6.23)
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The resulting estimate r\ - (rj\,a) is an estimate of the normal rj\ e S 2 and a, the normal vector
component of translation velocity (6.17).
Note that the depth parameter h can be determined by
h\ = (Xj,Tj\) - a(i - 1).

(6.24)

However, the parameter h is not required for the robust estimation phase of the RANSAC algorithm and is evaluated in the second phase of RANSAC where a refined model is estimated.

6.3.2

Statistical Distribution of 4D Data Points

The spatio-temporal data points that have a probability p of lying in the planar feature are defined
as inliers. Due to noise in range measurements of TOF camera, the distance of these inliers from
the model (planar feature) are noisy. In the present chapter, a Gaussian distribution is assumed
with N(0,cr) as shown in Figure 6.3.2. This assumption is equivalent to assuming sufficient

g)

800

0

0.2

Distance error

Figure 6.2: Statistical distribution of planar feature data points derived from experimental data docu-

mented in Section 6.5.

signal-to-noise ratio (SNR) of the return signal (see Chapter 4 for details). As a consequence, the
point square distance a2±,

a\

= (((X -

Xi x) , rj))2\ X e all spatio-temporal data points,
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of the inliers from the planar feature associated with the data point

Xj,

have a chi-squared dis-

tribution^2 [Hartley and Zisserman 2003], Since a spatio-temporal planar feature is being considered, there are three degrees of freedom in the chi-squared distribution. Let F^ 2 denote the
cumulative frequency of three degree of freedom of chi-squared distribution X y then one can
define the threshold coefficient q2 by

q- = f~ U p )a 2 -

< 6 ' 2 5 )

Thus, the statistical test for inliers is defined by
inliers

a2 < q2

outliers

a2 > q2.

(6.26)

In the experiments documented in Section 6.5, a value of p = 0.95 is used. In this case the
threshold is q2 = 7.8 lcr2 where cr is determined using methods such as those described in Chapter 4 or from empirical data. Spatial ground plane estimation algorithms using single 3D images
[Bartoli 2001; Cantzler et al. 2002; Hongsheng and Negahdaripour 2004] are associated with two
degree of chi-squared distribution since they lack temporal dimension. As a result the same analysis leads to a threshold of q2 = 5.99cr2 (for p = 0.95). The additional threshold margin for the
proposed spatio-temporal algorithm quantifies the added robustness that comes from incorporating the temporal dimension along with the data available by incorporating multiple images from
the video stream. This leads to a significant improvement in the robustness and performance of
the proposed algorithm over single image techniques. The resulting spatio-temporal RANSAC
algorithm is outlined in Algorithm 1.

6.4

Applications

The planar feature estimation algorithm in 4D is an approach that can be utilised in multiple
scenarios. Three potential applications of the algorithm relevant to automotive industry have
been presented.
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Algorithm 1: Pseudo code Spatio-temporal RANSAC algorithm
l: Initialization: Choose a probability p of inliers. Initialize a sample count m - 0 and the
trial process N = <x>.
2:

repeat
a. Select at random, 4 spatio-temporal points (A,, , Xj2, Ä

J3,

X lA).

b. Compute the temporal normal vector p according to (6.22) and (6.23).
c. Evaluate the spatio-temporal constraint (6.21) to develop a consensus set Cm
consisting of all data points classified as inliers according to (6.26).
d. Update N to estimate the number of trials required to have a probability p
so that the selected random sample of 4 points is free from outliers
as [Fischler and Bolles 1981],

until at least N trials are complete
3: Select the consensus set C*m that has the most inliers.
4: Optimize the solution by re-estimating from all spatio-temporal data points in C*n by
maximizing the likelihood of the function 0
(6.27)

where we assume a normal distribution in observed depth.
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Ground Plane Detection

The proposed algorithm provides an effective technique for robust planar feature estimation and
detection. Real scenarios present a number of planar features such as walls and roads. The
dominating planar features for an automotive application is a ground plane. With constant normal
velocity component a (6.17), it is possible to detect ground plane where the value of a is small.
The smaller constant value of a represents a planar feature (ground in this case) due to the fact
that piecewise linear velocity in the normal direction of the automotive motion is small and
constant over the number of frames recorded at frame rate. Detection of the ground plane in
spatio-temporal domain provides an added advantage for cases where there ares occlusions and
single frame detection is not possible. Section 6.5.1 presents a number of examples for ground
plane identification.

6.4.2

Segmentation of Planar Features

The 4D spatio-temporal normal vector has a spatial component ij and a temporal component
a = V cos 0 associated with the normal velocity, where 0 is the angle between the vehicle and
the normal to the planar surface. Therefore, a scene in the velocity domain can be segmented by
considering features with arbitrary a values. The vehicle motion constraints become less restrictive in rejecting potential planar features when a low number of frames in the spatio-temporal
RANSAC algorithm are used. The algorithm (run in multiple feature mode) will identify all planar features in the scene and provide estimates of the normal velocity a of the vehicle to each
feature. Suitable values of a and structure parameters for the planar feature can be used to identify potential hazards for the moving vehicle and a braking mechanism can be initiated to warn
the driver. A possible criterion for identification of a dangerous planar feature would be
hazardous planar surface/feature = a > r s,
where

t s

is a threshold selected according to the application/scenario. The experiment in Sec-

tion 6.5.2 applied this method to a scenario involving the test vehicle (fitted with PMD TOF
camera) approaching a wall.
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Obstacle Detection

The proposed obstacle detection algorithm can be applied once a robust estimation of planar
ground surface is available. It evaluates each spatio-temporal data point and categorises traversable
and non-traversable objects or obstacles. Traversable objects are the points that can be comfortably driven over in a vehicle. The approach taken is based on a similar method proposed in
[Fornland 1995]. The estimated Euclidean distance d to the plane for an arbitrary data point X is
defined as
d = (X, rj) - h.

(6.28)

Objects (in each frame) are segmented from the ground plane by a threshold r as

=

X

Obstacle

\d\ > t 0

Traversable object \d\ < r0,

(6.29)

where r 0 is set by the user for the application under consideration. This threshold segmentation
helps in reliable identification of potential obstacles. The allowance of larger threshold in inliers
for plane estimation makes obstacle detection phase robust for various applications especially for
on road obstacle detection.

6.5

Experimental Results and Discussions

Experiments were performed using real video data recorded from PMD 3k-S TOF camera mounted
on a vehicle with an angle varying between 2° to 20° to the ground. The camera records at approx
20 fps and provides both gray scale and range images in real time. The sensor has a field of view
of 33.4° x 43.6°. The video sequences depict scenarios in an under cover car park due to limitations of the available hardware in dealing with Australian full sunlight conditions. PMDTech
claims that current TOF sensors perform equally well in bright day light [Ringbeck 2007]. Cases
with pedestrians, close by vehicles, obstacles, curbs/foothpaths, walls, etc. are considered in this
chapter. Five experimental scenarios have been presented to evaluate the robustness of the algorithm against real objects. A comparison with standard 3D RANSAC algorithm is provided for
one scenario.
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6.5.1

131

Planar Feature (Ground Plane) Detection

In the following experiments the gray scale images, when shown, represent the first and the last
frame of video data. It is not possible to have a 4D visualisation environment, therefore a 3D
multi-frame representation (each data frame represented in different colour) is used to present
spatio-temporal video range data. The estimated spatio-temporal planar feature is represented
in frame {1}. The final solution is rotated for better visualisation. In the first set of experiments
illustrated in Figure 6.3 and tabulated in Table 6.1 (sequence 1-4), four different scenarios are presented. The first scenario shows multiple walls at varying levels of depth and a ground plane. The
algorithm correctly picks the ground plane rejecting other planar features. In the next scenario,
a truck in close vicinity is obstructing the clear view but the ground plane has been identified
by exploiting the full video sequence of the data. A number of obstacles including cars, a wall
and a person are visible while the car is manoeuvring a turn in the third scenario. The algorithm
clearly estimates the ground plane despite the cluttered image sequence. In the fourth scenario,
the result is not perturbed by passing pedestrians and the algorithm robustly identifies the ground
plane.
In a typical sequence; a 8-10 frames of data is sufficient to resolve a ground plane even in the
presence of some kind of occlusion. This is demonstrated in Figure 6.4 (sequence 5 with 2-21
frames data) where the algorithm is run separately starting with 2 frames up to 21 frames in cases
where there is an occlusion. The dominant occlusion is clearly picked for low frame choices of
2-5 frames with an associated a ^ 0. The spatio-temporal RANSAC algorithm rejects the false
occlusion and picks the ground plane for higher number of frames (10 frames).
In another experiment shown in Figure 6.5a (sequence 5 with single frame data), the standard
RANSAC algorithm is applied using a single frame data for comparison. The obvious failure of
a standard RANSAC algorithm is due to the bias of planar data points towards the wall. On
the other hand, the proposed algorithm has correctly identified the ground surface in Figure 6.5b
by simply incorporating more frames (10 frames and |aj = 0.0018) due to the availability of
temporal data without imposing any scene constraint.
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Data of 8 frames

(d)

(e)

(f)
Data of 10 frames

frame 1

frame 10

Z (meters)

frame 1

frame 10

Figure 6.3: Experimental data shown in a three column format. First two columns display gray scale
images o f first and last video frame and third column shows spatio-temporal fit on 4D data. Each frame
o f 3D data is represented by a different colour, (a-b) Gray scale images o f a double wall and ground plane
at turning (c) Spatio-temporal ground plane fitting o f 8 frames at t = l. (d-e) A truck in close vicinity (0
Corresponding spatio-temporal ground plane fit o f 10 frames, (g-h) Cars, wall and a person as an obstacle
at a turning, (i) Corresponding spatio-temporal ground plane fit. (j-k) Pedestrians. (1) Ground plane fit.
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Table 6.1: Experimental data for ground plane estimation

6.5.2

Sequence no

Sequence

No of fram es used

|aj (m /fram e)

1

Double Wall

8

0.0016

2

Moving truck

10

0.0017

3

Multiple objects

10

0.0021

4

Pedestrian

10

0.0020

5

Front wall

10

0.0018

Segmentation

The magnitude and direction of the normal velocity is an important aspect of the spatio-temporal
RANSAC. An effective segmentation of planar features is achieved with relatively small number
of frames (2-3 frames). Two frames of range data are sufficient for the estimation of instantaneous
velocity. Instead, an average effect by incorporating 3 frames is proposed based on the fact
that range data is noisy in general. In Figure 6.6, the normal velocity (a) is shown as the car
decelerates while approaching the wall. A positive a indicates a car approaching an obstacle and
vice versa for the axes considered. In Figure 6.6, the low value of a on the right hand side of
the graph indicates where the wall obstacle is not visible to the camera and the ground plane is
consistently picked. This abruptly changes at 2.15m where the wall obstacle becomes dominant
in the scene. The associated values of a represent the normal velocity of the vehicle towards the
wall. The deceleration of the vehicle as it approaches the wall is clear in the values of a. In the
normal velocity domain, ground plane has two characteristics. Firstly, a needs to be constant and
secondly, it needs to be small to adhere to the movement of the automobile on the ground plane.
Since a is representative of the normal velocity of the feature, a > r s shown in Figure 6.6 is used
to segment the scene into different a values such as wall and a ground plane.
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|a| estimation for a typical sequence
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Figure 6.4: Normal velocity component

|o r |
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No of frames
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o f 4D spatio-temporal RANSAC fit for a number o f frames

(sequence 5).
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Data of 10 frames
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x (rnffer

1.5

Z (meters) '
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(b)

Figure 6.5: Using data from sequence 5, (a) Standard RANSAC plane fitting algorithm picks the wall
with a single frame data, (b) Spatio-temporal RANSAC algorithm picks the correct ground plane (10
frames).

Table 6.2: a and Normal velocity in experiments
S eq u en ce no

a (m /fram e)

N orm al velocity (V)

4

0.0025

0.0500 m/sec = 0.1800 km /h

5

0.0013 (at 3.06m )

0.0260 m /sec= 0.0936 km /h

5

0.0810 (at 2.15m )

1.6200 m/sec = 5.8320 km /h
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a estimation from 3 frame data

ö 0.03

1.73

1.90

2.06 2.23 2.40 2.56 2.73
Avg. distance from wall (m)

2.90

3.06

3.23

Figure 6.6: Normal velocity of planar surfaces (wall and ground) with car approaching a wall and segmentation with r.v on a.

6.5.3

Obstacle Detection

The proposed obstacle detection algorithm is applied after robust estimation of the ground plane.
In the experiment shown in Figure 6.7, pedestrians are segmented with r 0 = 0.1 by the obstacle
detection algorithm after correct identification of the ground plane. This threshold implies that
objects with height greater than 10 cm (shown in red colour) are considered obstacles whereas
data points close to ground plane are ignored (traversable objects). The graph shows the statistical
and threshold representation of the data. This application of the algorithm is clearly one of the
most important outcome of this approach. The experimental results are straightforward and show
excellent performance.

6.5.4

Performance

The proposed 4D spatio-temporal RANSAC algorithm’s computation cost is associated with
picking the normal vector to the 3D planar feature by random sampling (please note that this is the
only computation cost associated with 4D spatio-temporal RANSAC algorithm). This eliminates
any computation cost associated with pre-processing images unlike conventional algorithms.
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Y (m)

Data of 10 frames

Obstacle
a> 4000

Distance error (d)

Figure 6.7: (a) Potential obstacles and Pedestrians selected from the threshold
(b) Histogram o f ground plane and obstacles.

t

„

are shown in red colour,

No of frames

Figure 6.8: Performance plots for Spatio-temporal RANSAC for all the sequences.
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Table 6.3: Number of inliers picked by the algorithm for each sequence for a specific 4D
spatio-temporal data.

Number of inliers
No of frames

Seq 1

Seq 2

Seq 3

Seq 4

Seq 5

Total data points

5

6546

5708

5696

7461

5579

15360

6

8017

6547

6848

8739

7228

18432

7

9390

7883

8068

10188

8870

21504

8

10728

9068

9326

11158

9579

24576

9

11630

10169

10153

13323

11487

27648

10

13547

10934

11330

15156

-

30720

The experiments were performed on a PC machine with Intel Core 2 Duo 3GHz processor and
2 GB RAM. The algorithm is implemented in MATLAB. The computation cost varies with the
number of inliers and the planar surface occlusion in the range data as shown in Figure 6.8. For a
typical example using five frames for 4D data for sequence 4 (pedestrian crossing), the algorithm
picks 7461 inliers out of a dataset of 15360, 4D data points. Note that a single 3D frame consists
of 48 x 64 =3072 data points. Hence a five frame 4D dataset consists of 3072 x 5 = 15360
data points. The run time computation cost for this example is 0.16 seconds that scales to 0.38
seconds for a ten frame data with 15156 inliers as shown in Table 6.3. The performance is a
relative measure as it depends upon random sampling and occlusion of the planar surface that
determines the inliers and outlier ratio. The efficiency of the algorithm can be gauged from the
plots provided in Figure 6.8. The performance can be further improved by using a more optimised
4D RANSAC routine on C++ platform or with FPGA implementation.

6.6

Summary

Many computer vision applications use some kind of segmentation and planar surface detection
as a preliminary step. In this chapter, a robust spatio-temporal RANSAC algorithm for planar surface detection and segmentation with a number of vision based potential applications for
the automotive industry. Experimental results validate the structure and motion model of a 3D
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spatio-temporal planar feature in 4D. Since the algorithm does not involve any tracking or feature selection, it is highly robust, simple and practical to implement. The algorithm is suitable
not only for automotive industry but also in general computer vision applications that satisfy the
particular motion constraint (77 x co = 0). This constraint ensures that a spatial planar feature
generates a planar feature in spatio-temporal domain. The spatio-temporal constraint increases
reliability in planar surface estimation that is otherwise susceptible to noisy data in any algorithm
developing a single frame data.
The algorithm is practical in nature and may be useful in a number of vision application
domains that rely on inexpensive segmentation and planar surfaces detection in general. Further
improvement in computation cost can be achieved with dedicated hardware implementation.

Chapter 7

Super-resolution of Moving Objects in
Video Sequences

7.1

Introduction

Digital imaging devices have a limited capability to produce high resolution images of a scene.
Spatial resolution is restricted by pixelated image grid of the charged-coupled device (CCD)
array. This effect is significant for imaging devices in general and for low resolution cameras
such as time-of-flight cameras in particular. In addition, the CCD array itself suffers from various
noise sources (see Chapter 3, Section 1.4) that results in blur and sub-sampled data, constraining
the size of a spatial feature that can be visually detected in a scene. One method to obtain high
resolution images from real world data is to fuse information from a number of sub-pixel sifted
low quality images. Through proper image registration and modelling of the imaging process
a high resolution estimate of the desired scene can be obtained; a process known as Superresolution (SR).
This chapter considers the problem of generating super-resolved images of moving objects
observing a motion model extracted from sequences of low resolution video frames. This work
is motivated by automotive applications where the object is moving in the video sequence, due
either to the movement of the camera or the movement of the object itself as illustrated in Figure 7.1(a). For example if the area is approximately the target, such as the area of video sequence
obtained by a car approaching a street sign, early images in an image sequence will contain less
pixels of information than later images (see Figure 7.1(b)). There are many applications where
only part of an image, associated with an object of interest, needs to be super-resolved from
139
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an image sequence, for example; recognising speed signs, license plates or resolving a face in
video streams derived from a vehicle or surveillance cameras. In such cases, accurate sub-pixel
image registration can be improved by incorporating a filter to estimate inter-frame image motion displacement. The approach taken in this chapter uses an Expectation Maximisation (EM)
framework to formulate the coupled image registration filtering and super-resolution problem for
moving objects in a video sequence.
A multi-scale SR observation model is described in Section 7.2. The case considered involves an object that is approximately planar and the image motion can be characterised by
homographies, parametrised by camera pose along with the depth and orientation of the object
with respect to the super-resolved image plane. The super-resolved image plane may be chosen
in any orientation or point and is not necessarily associated with an existing LR image.

Low resolution frames

Super resolved image

(b)
Figure 7.1: (a) Scale varying homography relationship due either to movement of the object or movement
of the camera, (b) Multi-scale super-resolution model.

Section 7.3 presents the EM framework using homography transformation for superresolution in the spatial domain, the measurement process and provides a formulation of a
Bayesian smoothing filter. Homographies are measured by correlating high resolution images

§7.2 Multi-scale Super-resolution Model
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between each data frame and the present super-resolved image estimate, similar to the approach
adopted by Wang et al. [Wang et al. 2006]. The homography parameters encoding the motion
state, play the role of the hidden variables in the expectation maximisation framework. The expectation step is solved as a Bayesian smoothing algorithm derived from a full rigid-body motion
model of the camera. The expected value of these parameters is given by the output of a Bayesian
smoothing filter [Rauch et al. 1965]. The Bayesian smoothing filter is implemented using a constant velocity model on the camera pose relative to the target. The output error is generated by
conditioning the previous super-resolved image estimate transformed according to the motion
prediction against the image data. The super resolved image is then updated as a maximum likelihood (ML) estimate based on the new image registration parameters. Section 7.4 describes the
implementation of the algorithm along with the experimental results.
The proposed SR algorithm is applied to a real world sequence of images of a speed sign
obtained from a moving vehicle. For a relatively small feature, such as a speed sign (from
12x12 to 30x30 pixels), the iterative optimisation is computationally efficient and the algorithm
achieves fast convergence. Results obtained display robustness and demonstrate quantitative
improvement in the image quality. The proposed framework of Bayesian smoothing filter of full
3D motion model in a temporal EM framework is highly useful for SR of dynamic scenes. The
approach can be applied to Super-resolution (SR) of any planar or near planar object observed in
a video stream and works particularly well on small features even with relatively large changes
in scale of observed images.

7.2

Multi-scale Super-resolution Model

Super-resolution (SR) algorithms are based on a motion model and an image model. The motion
model represents the motion of the real world with respect to a camera or vice versa. The image
model represents the quantisation of the real world through the camera sensor operation. In
multi-scale SR, the dynamic scene has a scale varying image model associated with re-sampling
of a moving video sequences.
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7.2.1

The Image Motion Model

The motion model in the framework represents the movement of the camera with respect to an
object in the scene or vice versa. This motion is independent of the image resolution. The true
image f represents the object as observed from the desired pose. The dynamic motion model for
klh frame in a sequence is given by

f*=A*f,

1 <k<n.

(7.1)

Here f* is the high resolution SR version of f, as would be observed by a camera at time k, and
Ak is the image motion matrix. In reality the true motion is never exactly known and an estimate
of this motion is used. Each kth motion matrix represents inter frame motion and each row of the
image motion matrix contains non zero values for observable pixels. The sparsity of the image
motion matrix depends on the temporal variation between frames. There are slight variations
between frames in a typical video sequence making the image motion matrix A* diagonally dominant and sparse. The pose estimation of the camera with successive perspective projection on
the SR image is represented by each A* matrix of size Af.Afj x A/,A/j.
In practice, the motion matrix is classically calculated from low resolution frames under the
assumption that this motion also describes the pixel motion in high resolution [Irani and Peleg
1993; Schultz and Stevenson 1996J. On the other hand, the precise estimation of displaced pixels
is an important factor in SR. Therefore, once estimate of high resolution images are available, it
is advantageous to use these to estimate motion [Wang et al. 2006].

7.2.2

Multi-scale Imaging Model

The goal of this imaging model is to form a basis for mapping a high resolution image f of an
object in an underlying scene into a sequence of LR images g* [Schultz and Stevenson 1996].
The image acquisition process of the camera is implemented as a discrete matrix operator termed
a camera matrix (S 0
gk = S kfk + uk,

1 < k < n.

(7.2)
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The vector g* represents the kth low resolution image of size q^Mi x
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j reordered as

q2kMjMj x 1 vector. The scale factor q^ < 1 depends upon the ratio between each observed
frame and the SR image f of size M, x Mj reordered as MjMjX 1. The vector u* is the CCD
sensor noise associated with the samples of this noisy process and is assumed to be independent and identically distributed (i.i.d) Gaussian noise. The camera matrix Sk is the product of a
down-sampling and a blurring operation
Sk = DkE,

1 < k < n.

(7.3)

The down-sampling matrix, Dk, comprises a scale variant down-sampling operation and the scale
invariant blur matrix, E, derived from the point spread function of the camera lens. Here for
each vectorised image g* of size q2kMjMj x 1, Dk is of size q2MjMj x M,My and E is of size
M[Mj x MjMj. Hence, each row of this block diagonal Sk matrix, of size q^MiMj x Af/Afy,
forms a discrete image acquisition function that sequentially maps a higher resolution image to
produce a single pixel of a scale variant low resolution image.

7.2.3

Total Observation Model

Using (7.1) and (7.2) the total SR observation model can be expressed as

7.3

Expectation

g* = S kAkf + u*,

1 < k < n.

Maximisation

(EM)

(7.4)

Framework

for

Super-resolution
Image registration is parameterised as a state comprising camera pose (rotation and translation)
and structure (depth and normal to the image plane). This state contains sufficient information to
reconstruct the image motion matrix Ak that relates the image observed at time k to the SR image.
The general formulation helps consider an arbitrary SR image plane, for example an image plane
that is fronto-parallel to the observed object. The state formulation also allows a physically
motivated motion model that is used to condition the estimation of image registration parameters
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for the observed image sequence. This process is achieved through a Bayesian smoothing filter
implemented along the linearisation of the system trajectory. The expected value of the estimated
state is combined with the desired ML estimate for SR image estimation using a modified EM
framework discussed in Section 7.3.3.

7.3.1

Measurements

Consider the geometry shown in Figure 7.2, showing the particular example of acquiring LR
images of a speed sign from a moving car; the experimental test case discussed in Section 4. Let

Xk g R3,

1 < k < n,

denote the coordinates of a fixed point on the target object expressed in the camera frame {&}.
The rigid body coordinate transformation between frame {k} and {n} is

Xk = k„RX„ +
where knR € S 0(3) and kTn e R3 are the rotation and translation components1 that transform
frame {n} to frame {£}. If the normal to the plane with respect to frame {«} is given by Nn =
[nx,ny,nz] and dn is the distance between the plane to the origin of frame {n}, then the planar
homography [Ma et al. 2003]
dn

k„H-.= lnR + j - kT„NT
n (, 7.5)

transforms Xn g R3 to Xk g R3 as

xt = kHX„.

(7.6)

Let xi denote the homogenous image coordinates of the point X, in image i then

xk = AKc(k„ H)K;'x„,

(7.7)

where Kc is the camera calibration matrix [Ma et al. 2003] and A is thescale factorimplied by
the fact that we can atbest recover the 3D coordinates in a2D image up to a scalefactor
'Notations common in rigid body transformation and orientation [Craig 2003]

At
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each time stamp k, a homography matrix kH is computed from image registration technique between the observed images in the scene and the reference frame {n} of SR image. The computed
homography is used to recover the calibrated homography kH (7.8). The calibrated homography
is essential to recover the pose of the SR image in 3D (]R3)[Zhang et al. 2007]
kH = K ~ \kH)Kc.

(7.8)

The homography matrix can be decomposed to find two possible physical solutions of
{kR, j - kTn,N n} parameters by imposing positive depth constraint for the camera d > 0 [Ma et al.
2003]. The unique solution is obtained as a result of the continuity of the underlying physical
model of the problem.

Figure 7.2: Structure and motion parameters of observed object in image frames

The measurement kH for k = 1

are transformed into filter measurement parameters for

a given iteration of EM algorithm (see Section 7.3.3). For the fth EM iteration, each homography
can be decomposed into the rotation kRl, the scaled translation -Jp and the normal direction N ‘n.
The measurements used for the filter (discussed in Section 7.3.2) are

öOT

K e'k

i;

N'

1 1n

T

(7.9)
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where
(7.10)
and ((p'k, 6 'k , if/'k) are the Euler angles of roll(</>), pitch (9) and yaw(ip) of the rotation matrix (kR')T
[Craig 2003]. Note that the measurement parameters are not directly the parameters of the homography kH' because d'n is related to frame {«} and not to frame {A}.

7.3.2

Bayesian Sm oothing Filter

The goal of the Bayesian smoothing filter is to estimate a state y*, representing the camera motion and structure parameters from image measurements z'k derived from observed homographies.
The state of the system comprises the camera motion state (kR’, kT ln) and image structure parameters (7V',d') associated with kH l (7.5). The Bayesian filter generates a maximum-a-posteriori
estimate
y[ = arg max p(y^)z^, f'),

(7.11)

conditioned on the observed measurements zj, (7.9) and a fixed estimate of the SR image f . From
the yk it is possible to reconstruct kH ' according to (7.5) that can be used in turn to construct a
new SR image f/+1 (see Section 7.3.3.1). The present subsection considers only the algorithm to
compute y'k.
The state of of the system is parametrised as
T

y~k -

<f>k Ok </a kTn kv n dn Nn

(7.12)

where (</>*,#*> t/a) are the Euler angles associated with the rotation matrix kR and
kTn

=

{n}, kVn

{kTZ,kTyn, kT z f , is the displacement of frame {A:} with respect to frame
=

(kV*,kVyn, kV^)T, is the velocity of frame {&} with respect to {«}, and

dn, Nn = (N'n,Nn’N^)T are the constant structure parameters of image n (7.5). Note that the
state is not superscripted by ‘r’ since it is independent of the EM iteration described in Section
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7.3.3. The dynamics of the state is modelled by a constant velocity model

<Pk+i =<Pk + n t ’

e *+i = f t +

k+'Tn = kT„ + \ kV„ + vl ,
(d,)M = (dn)k + 4 " ’

tfk, ipt+i

4'k + n f

k* ' v „ = kv„ + r,vk ,
W.)t+1 = W-)* + 4k\

where A is the discretized time. Let i]k = [ ^ , . . . , 77^], where i]k ~ JV(0, [(cr^)2, ... ,(cr^)2])
denote the complete vector of noise; then one has

y*+i = tykjc+uyk + m,
where Q>(k,k+t)

6

(7-13)

R 13x13 denotes the update matrix. Note that the rotation kinematics are assumed

to be a random walk following the assumption that the relative object motion is linear. The
constant linear velocity assumption contributes to an improved estimation of the SR image f for
the application considered. The measurement model is given as
*[ = h(yk) + Wk,

(7.14)

where zrk is given by (7.9), wj, is the measurement noise vector (wj, ~ N ( 0 , Qk)) and Qk is the
associated covariance matrix. Here /?(.) is the non linear function of the measurements. The
linearization of measurements (7.14) around point y* is given by

4 * c[(yk - y*X

(7.15)

where
r' = —
k dyk y[* i* -i

(7.16)

is the measurement Jacobian matrix.

The state variables of pose, depth and normal to the plane are estimated with a Bayesian
smoothing filter. The extended two pass smoothing filter [Rauch et al. 1965] is a discrete model
of Bayesian estimation and a recursive solution to the discrete data filtering. A smoothing filter
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additionally runs in a backward direction in a time sequence, computing the smoothed estimates
of the state from the intermediate results stored in the forward step. The accuracy of the smoother
is thus superior to that of a forward filter because it uses all the measurements for estimation of
each of the states. The smoothing filter can only be run in the batch mode once all the data has
been collected. The estimated state after each update will be [Grewal and Andrews 1993]

4

=

+

<717)

where the Kalman gain matrix K'k and error covariance matrix P’k are

K = V i
f t»

**.»*>o
=~

where W’k is the measurement noise covariance matrix. Note that z[ is computed from the homography estimate that depends on the present estimate of SR image f' and hence carries a subscript
t. In the next stage, the smoothing filter [Grewal and Andrews 1993] runs a second sweep in the
backward direction in time sequence from the time stamp n of the last measurement. This allows
the filter to compute the smoothed estimates of the state from the intermediate results stored in
the first step. With each iteration of the backward sweep, the old filter values are updated to
yield an improved and smoothed estimate which is based on all the measurements. The smooth
estimate is given by [Grewal and Andrews 1993]

¥ & -¥ k vt + Gk % +m

y[k+m ]'

(7 . 18)

where the smoothing gain matrix G* is given by

^ =

* W ''.

The output of the smoothing filter is a distribution for the state estimate y*|„ ~

(7-l9>
It

is possible to reconstruct an estimate of the distribution of the motion matrix A* (7.1) from the
distribution of y*.
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Let a* =vec(Ak) e RMiMjx] denote the vectorised version of the motion matrix A
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Since

A/c is derived from the true homography knH and image vectorisation conventions, a non-linear
function y such that
ak := y(y*).

(7.20)

Linearising the map y around the point y'k, one obtains
dy(y*)

a*

dyk

y'k

(yit - y*)

r^(y* - yji),
where

e RM/

(7.21)

is the Jacobian of y at yr Thus, given the output of the filter one has
at

~

N(ä[, I ; ,)

~

0-22)

The ML estimate a' = y(y^) based on this distribution is a function of the present estimate f' of
the SR image. An EM framework is proposed to recursively optimise f?.

7.3.3

Expectation M aximisation (EM) Fram ework

Given the measurements g*, the EM framework allows for stochastic estimation of a coupled
conditional probability density function or posteriori, p(A*, f|gjt), in the image registration and
super-resolution parameters. Recall that Ak is the motion matrix defined in (7.1) and a* = y(yk)
(7.20) is the vector form of Ak motion parameter where yk is the vector form of the homography
structure. Let Ak = y \R k , 7V Nn, dn) and note that it is a statistic summarising all the information
contained in the state of extended Bayesian smoothing filter. In an EM algorithm, one normally
computes the expectation of the complete log-likelihood \ogp(gk, A*|f), based on the assumption that there is no prior information available for f. However in the presence of known prior
distribution of f, the posteriori is related to the likelihood by [Stan 2001]

p ( A * , f | g * ) = --------- — ------ •

(7.23)
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In many computer vision applications a Laplacian smoothness prior is used to compensate for
the ill-posed nature of the SR problem by assuming some degree of smoothness of edges as prior
knowledge [Elad and Feuer 1997]. In this case, the prior

P( f) :=

1
( yl2ncr\j)MiMi

exp

Mn

(7.24)

is chosen, where a is the weighting factor of the prior, L is a Laplacian operator and cr~ is the
variance of the prior distribution.
Each iteration of the EM algorithm consist of two steps; the E-step and the M-Step. It should
be noted that computing the E-step depends directly on the output of the Kalman smoothing filter
discussed in Section 7.3.2.

7.3.3.1

The E-Step

In the E-step of EM algorithm, one computes the expected value of the complete data log likelihood given the observed data g* and the current estimate f(,) of the unknown parameter. The
unsealed expected log likelihood or EM cost function Q{f, f ^ ) is derived by taking the conditional expectation of (7.23) and discarding the constant scaling due to the \/p(gk) term
ßff.f*0) := E [logp(gj,/4t If) I g*,f('>] + logp(f).

(7.25)

The prior p(f) acts as a regularisation term in the M-step. The conditional expectation E[.] is
taken over all the possible realisations of A^. This conditional expectation is expanded using the
product rule as
Q(f, (“>) = E [logp(gk\Ak, I) I* , ! « ] + £ [log p (Ak I f) I gt.f"»] + log p(f).
From (7.11) and (7.22), it is evident that

(7.26)

depends only on the observed data g* and estimated

SR image f' and is independent of the true image f. Hence p(Ak | f) = p{Ak) yields
p(Ak) = E{ lo g p O W lft.f« ] =Z, .

(7.27)
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where Z\ is a constant. Re-writing (7.26) one obtains

a u « )

=

Mj Mj

=-z

i

-

M l

-z

.

2
o
i

7

+ Z2

2ai

/c=l 2cr?,,
u*
IILfll2

- a

2

<0

)lg*.f

(giTgJl) + 2£[(gJSliAtf)|g * ,f']-£ [(fTA ^ i T'S*Atf)|&l,f']

t= 1 2<

- 1a

m

log(27T) ~ ( M, Mj ) l0g(crL) -

I(

life -

log(2/r) - ^(q2M,Mj) log(crUA.) - E

2

2<t l

(gI gt) + 2 ( g J S ^ f ) - E [(ajFTS kTS t Fat )\gt, f')]
(7.28)

+ Z2,

where F a* = A*f and

Z2 = Z, -

2

2 log(2jr) - (92M,A/,) log(o-U() - — ^

log(2*) - (M,M,) log(<rL),

is a constant. Note that A[ depends on t because the estimated distribution of a| depends on t.
Therefore

ß (f,fw)

=

n
1 f
- Z r - H (gtTgt) + 2[(gtT5 t4 f ) l g i , f ' ] - £ [ ( a j - a [ ) TF TS t TSt f ( a t - a ' ) |
k=l 2(TUk V

- [(ai)TFTS / S tfa '] | -

Liim i:

+ Z2.

(7.29)

2crl >

After re-arranging and using the approximation (7.21) one obtains
n

1

(

k=\ 2cru* l
1

fjiz .fin
El
0
2 o ~l

J

* - Z

t

~

jt=l ZCr“A

t

IHg* - ^ I I 2 - tr ( s t Fr'kz 2y,(r'k)TFTs k ■ n

J /

{

r

+ Z2

)

2

l|L f||:
2^

(7.30)

+ Z2. (7.31)
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The tr[.] in the final line of the above equation is the covariance that associates the SR image with
the filter dynamics in the image space. For the situation considered in this chapter the motion
matrix is a function ß of the measurements zk
(7.32)

a* :=ß(zk).
dß_

Note that this is a stronger statement than (7.20). Thus denoting B'k = azk
a* ~
Ä

one has
k\k- 1

B[{zk - z[)

(7.33)
(7.34)

yk - y[ ) .

The Jacobian B'k is highly complex and it is extremely difficult to derive a concise analytic expression. In this work, the Jacobian B'k is approximated based on the observed data. Let yk and
zk denote the error terms
y* = (yjt - 9k) and zk = (zk - zk).
Then the least square approximation B[ of B[ that satisfies equation (7.33) is given by
(7.35)
Using (7.21), (7.31) and (7.35) one can write

etf.r0) *
- a

2\
2crl ,

+ Z2

- %
- a

*=1

- s^ ifH2- (i[iFtr[(s * W T^ W

M l 2'

+z2

2cri >
uk

* ‘T

a ‘k)Tz,;X

- a

2o

+ Z2.(7.36)
l
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The constant Z2 is a scalar term and will not effect the M-step. Define T'f(f) as an approximation
of the EM cost Q(f, f (,)) gives

%(f) :
7.3.3.2

+

r^rJ

iiifip'i . (7.37)

The M-Step

In the M-step the cost function 'F,(f) computed in the E-step is maximised. The optimisation
problem is a challenging numerical task. The log of the prior acts as a regularisation term in
optimising (7.37). Given the choice of the 2D Lapiacian prior (7.24) the programming problem (7.37) is quadratic and can be solved efficiently [Elad and Feuer 1997] using conjugate
gradient (CG) [Gene et al. 1996; Nguyen et al. 2001]. The proposed framework could have been
implemented using the steepest descent and mean curvature prior [Aly and Dubois 2005] in place
of the Lapiacian prior (7.24), however, CG is computationally more efficient and converges in
fewer iterations. A single iteration of the EM algorithm is then given by
f 1 = arg max TVf) ^ f\tAP,

17.38)

where the expectation step is computed in the definition of 'Ff(f). The implementation is summarised in Algorithm 1.

7.4

Experiments and Results

In order to demonstrate the performance of the proposed algorithm experiments were carried out
using real world data from a Firefly® camera [Firefly 2001]. The project contributes to a speed
sign detection system under development at Seeing Machines Ltd [SeeingMachines 2000]. Experiments were carried out using video sequences recorded from a camera mounted on a car (see
Figure 7.3) with geometry as shown in Figure 7.2. In these experiments, a SR image of a speed
sign is obtained from a sequence of low resolution images. While the car is moving, the images
of the stationary speed sign on the road side were recorded at 30 fps and detected using feature
detector [Viola and Jones 2004], (step 1 of Algorithm 1). In each EM iteration, homography es-
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Algorithm 2: Pseudo code for the EM filtering algorithm for super-resolution
l: Initialization: Extract the feature or object from each frame of a video sequence using a
feature detector. Pick a reference feature f° as SR image fr.
forall the t = 1 ,2 ,... do
E-step
foreach low resolution image gk,k = 1, 2 . . . , n do
Estimate homographies. Minimize the image registration error between a
reference scene and all the other frames in a sequence as homographies
Hk, 1 < k < n. The scene homography is obtained as a product of three sets of
homographies Hk = H ^ - H i k - H u
a. Homography H \k between reference scene and reference.
b. Homography H ik between reference feature f and the same feature on other
frames of a video sequence.
c. Homography H^k between features in each frame and the scene in each frame
of the sequence.
d. Note homography H \k and H^k are estimated once only.
Calibrated homography. Compute calibrated homography using camera
calibration matrix.
end
For each homography measurement, decompose the homography into measurement
parameters and extract Euler angles from rotation matrices.
Bayesian smoothing filter. Initialize the Bayesian filter state, measurement and
respective noise covariance matrix parameters.
for k = 1
do
a. Run the filter as forward-backward smoother.
b. Re-construct smoothed homographies from smooth filtered states of the
Bayesian filter.
c. Re-construct smoothed estimates of the motion matrix A*.
end
M-step. Construct the cost 'P as per equation (7.37) to estimate the SR image.
for p

-

1, 2 , . . . , until

IiV)11

■< e do

Iterative conjugate gradient to minimize the cost error f'p = arg maxf ^ ( f ) .
end
f' = fp
if -f'yf,/"2 < e then
else
end
end

exit
t = t+ 1
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Figure 7.3: Homography between speed sign in the scene with SR image
timation is undertaken in high resolution as mentioned in Section 7.3. The homography matrix is
computed between the speed sign in the scene and the reference frame n as shown in Figure 7.3.
Lucas-Kanade Optic flow [Lucas and Kanade 1981] is used for image registration to compute
homography (step 2 of Algorithm 1). The motivation for implementing optic flow for image
registration is to exploit the motion characteristics of video data and its computational efficiency
over feature based methods. The homography estimation is between the speed sign feature and
not the image itself, therefore, care must be taken while selecting any homography estimation
technique. The calibrated homography [Zhang et al. 2007] is computed using calibration parameters of the cameras (step 3 of Algorithm 1).
The sequence is assumed to be taken along a linear path—a reasonable assumption given a
typical image sequence for this application is acquired in less than 1 second. This assumption
also helps in finding a unique solution from decomposed homographies (step 4 of Algorithm 1)
and initialisation of the filter (step 5 of Algorithm 1). The smoothed estimate of motion matrix
are computed using a constant velocity model and the Bayesian smoothing filter described in
Section 7.3.2 (step 5c of Algorithm 1).
A graph of the filtered states is shown in Figure 7.4, for both the first and last EM iteration.
The rotation estimates of the x and y axes are nearly constant, whereas considerable variations
are observed in Tz (approaching zero) as the car moves towards the speed sign in the direction of
motion along z-axis. A key improvement of the filter is in the z-axis estimation, corresponding
to the correct estimation of the changing image scale. The perceptible jump around frame 2 and
4 is due to the pixel quantisation of the image.
The SR image size is fixed (normally in the range of 20x20 to 32x32 pixels) due to the
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requirement of the speed sign recognition system. Hence the sampling matrix S * varies for
each observation frame. The regularisation parameter a in (7.24) is based on experimentally
calibrated values derived for typical or similar operating conditions. A value of a=0.67 is used in
the experiments undertaken. In the absence of ground truth a relative residual ratio jj^Jj [Nguyen
et al. 2001] is used as the measure of performance, where r0 is the initial residual and rp is the
current residual after /?th iteration of the CG algorithm [Gene et al. 1996]
rp = ( g k - S tA,kt')

(7.39)

where (.)/? denotes the dependence on the iteration p.
e

o
-5

-10

1st EM Iteration
Last EM Iteration
4

6

8

Ty

Figure 7.4: Filtered states of motion parameters

Figure 7.5: (a) Low resolution frame (b) Bilinear Interpolation (c) SR frame after 10th EM iteration
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SR EM algorithm
Classical SR algorithms

No of EM iterations

Figure 7.6: EM convergence plot for speed sign video sequence
The super-resolved image is obtained as the arg max of the ML cost function with a prior on
a Laplacian smoothing kernel (step 6 of Algorithm 1). The solution is obtained using an efficient
conjugate gradient (CG) algorithm (step 7 of Algorithm 1). The convergence criteria for each EM
iteration is defined as a threshold of the relative residual error e - 10~4 (step 8 of Algorithm 1).
The convergence plot in Figure 7.6 shows significant improvement during the first 3-4 iterations
and then displays asymptotic stability as expected from an EM algorithm. The graph also shows
the residual error obtained with a standard SR algorithm and observed improvement using the EM
algorithm. In Figure 7.5, a comparison is provided between a low resolution image drawn from
the observed data, a bilinear interpolated image and the SR image obtained using EM algorithm.
The maximum likelihood algorithm (7.37) is implemented using the conjugate gradient
method due to the sparse structure of the system and the quadratic nature of the Laplacian regularisation term. The CG algorithm used typically converges in 7-8 iterations. Even though the
algorithm is applied as a batch process, the small scale of the feature region considered ensures
that the whole computation can be completed very quickly. Thus, in practice, the algorithm can
be thought of as acting in near real-time for the applications considered.

7.5

Summary

In this chapter, the issue of SR imaging for multi-scale and multi-resolution moving objects in
video streams using a 2D spatial camera is examined. The approach taken applied successive
filtering of image registration parameters with EM in the spatial domain. Experiments have
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been performed for speed sign data with satisfactory performance. The proposed approach is
applicable to any problem with moving planar (or sufficiently flat) objects and multi-scale video
streams. The results shown reflect that the proposed filtering frame work mitigates several issues
related to multi-sale image registration. However, further work is required in image registration
for multi-scale sequences with wide temporal variations in images to make this process resilient
to changing input conditions. The proposed framework is an effective algorithm for SR images
particularly where observation data is not consistent, e.g occlusion due to trees, shadows and
other objects, glare o f sunlight and limited dynamic range o f the automotive application cameras
since the Bayesian filtering model tends to mitigate the effects o f noisy measurements.

Chapter 8

Conclusion

There are four main topics of research covered in this thesis. These four areas of research include
statistical investigation of 3D TOF camera measurements, radiometric modelling and applications of range imaging technology, automotive applications of TOF camera and 2D image enhancement algorithm for automotive framework. In addition, a comprehensive literature survey
is provided that places puts the work presented in a context relevant to the task of understanding
issues surrounding image analysis.

Statistical noise modelling of TOF camera measurements: An in-depth statistical analysis of
the measurement of a TOF camera is provided. The noise model is based on a statistical model of
photon arrival at the receiver. Using the noise model for samples of a modulated signal, three individual parameters of measurement namely, amplitude, phase and offset are discussed. The true
statistical modelling of these individual parameters of the measurement process is used to understand signal behaviour under various signal-to-noise ratio (SNR) conditions and especially under
low SNR conditions. A robust SNR scheme of multiple range images using maximum likelihood
of the measurement is proposed. The SNR estimation using this statistical model has considerably improved error prediction in range—a function of phase distribution. Consequently, range
reliability of 3D TOF cameras is described using stochastic framework empirically and through
simulations.

Radiometric range modelling:

Illumination modelling of the scene combined with time-of-

flight measurement is described. The availability of additional background light sources along
with IR sources of illumination of the camera are exploited to derive a unified radiometric range
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model. Individual reflectance modelling of the scene for each source of illumination is based on
local shading model for a Lambertian surface. The proposed formulation eliminates the need to
estimate the unknown surface reflectivity of the object and is constant for an illumination condition. A simplified assumption of planar surfaces is used to investigate the complex analytic
expression of the model parameters. Based on the radiometric model proposed, several applications were considered. A robust range reliability criterion is developed for effective filtering
of range data. This criterion is observed to perform well for different surfaces, specifically in
an indoor environment. Segmentation of an image based on highlights and shadows is a second
application derived from a radiometric range model. Experimental results obtained were highly
promising although a full investigation has not been undertaken. Other applications described
in this thesis using the derived radiometric model are specularity detection of reflective surface,
range enhancement using different criterion model and range resolution.

4-D RANSAC for planar surface segmentation: A direct application of interest in obstacle avoidance domain for Advanced Drivers Assistance using TOF camera is discussed. An
algorithm for segmentation and identification of planar features using four dimensional spatiotemporal RANSAC algorithm is proposed. Using video range data, a normal to the planar feature
is identified using 4D data points in spatio-temoral RANSAC. The algorithm does not require feature tracking or dense data points. Piecewise constant velocity normal to the planar feature was
used to segment the planar surface considered as hazardous for safe navigation of the vehicle.
The proposed algorithm is simple and computationally efficient to identify ground plane, road
and obstacles. The algorithm is examined under various condition such as occlusion and false
positive for ground feature. Experimental data and results from a car mounted with an uncalibrated TOF camera are used. The algorithm is applied very successfully to a variety of real world
scenarios using range image sequences to prove its effectiveness.

Super-resolution of video data for moving objects: A method to obtain high resolution images from a video of moving objects is discussed. A typical scenario such as the observed
movement of a speed sign recorded in a video from an on board camera is considered. Image
motion of the object is modelled as image homographies. The movement of the object is repre-
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sented in the algorithm by 3D rigid body rotation and translation motion using vehicle dynamics.
Stochastic filtering is used to remove the noise in the model and to improve sub-pixel image
registration along with estimation of model parameters. The smoothing filter employed in the
image registration framework helps in compensating for sudden variations in scene geometry,
inaccuracy of photometric registration and motion parameters of image sequences. Finally, an
iterative expected maximisation framework is used to successively improve the resolution of the
final super-resolved image of a speed sign. Experimental verification of this approach was shown
to produce smooth convergence and optimal results. Image enhancement using super-resolution
of speed signs potentially reduces computation cost for template machining in classification algorithm of speed sign detection systems.

Finai Observations and Future Work
Modem 3D imaging applications use a variety of image gathering devices. Time-of-flight camera
is one such device that has become popular within the last few years. The ability of this device
to obtain 3D data in a computationally effective manner is one of the specific reasons behind
its popularity. Compared to conventional 2D cameras, this technology is still maturing and is
expected to come at par with the spatial image resolution of 2D cameras in the coming years.
The limitation of low pixel resolution experienced by TOF cameras does not however entirely
restrict the domain of their applications. These cameras are being utilised in many commercial
and industrial applications at present.
Radiometric modelling using a TOF camera discussed in Chapter 5 is one area that has significant potential in the field of computer vision applications. Unlike photometric analysis where
an ill-posed problem of solving an under determined system has always been a challenging issue; the proposed TOF radiometric model is a finite dimensional model requiring estimation of
limited parameters from the measurement data. The challenge lies in the estimation of direction
of illumination of surfaces viewed from the camera measured as

9p

and

6q.

A simplified case

is discussed for background sources of illumination for a planar surface while utilising existing
resources. However, precise estimation would enable the researchers to solve the issue of illumination for any arbitrary surface as the model is independent of reflectivity. Better estimation
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would eventually be possible with high resolution TOF cameras that are expected to be available
in future. The existing techniques discussed in the literature for estimation of surface normal can
be explored to exploit the full potential of a radiometric range model. This would lead to various
applications such as estimation of direction of illumination sources, computing surface orientation, 3D shape recovery from illumination condition, 3D reconstruction, and better filtering of
range data.

Appendix A

Properties of 4D Cross Product

Given an orthonormal basis {ei, . . . , e„} € R'! the ‘Levi-Civita’ (e) antisymmetric tensor is defined
as [Misner et al. 1973]
+1

if (i,

-1

if (i, j , . . . , n) an odd permutation of (1 ,2 ,..., n)

0

if (/,

) an even permutation of ( 1 ,2 ,..., n)

) not a permutation of (1 ,2 ,..., n)

The cross product of three vectors a, b, c e R4 is defined as [Shaw 1987]
n= 4

cross 4 (a,b,c) = ( a x b x c ) = ^

g^/ajbjtc/e,
i,jjc,l= 1

(AT)

The vector cross product of the three vector in R4 has the following properties (amongst others).
1. Trilinearity: For a,ß, y e R, era x ßb x yc = ocßy{a x b x c).
2. Linear dependence: cross 4 (a, b, c) = 0 iff (a, b, c) are linearly dependent.
3. Orthogonality: Let d = a x b x c => (d, a) = (d, b) = (d, c) = 0
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Appendix B

Probability Distribution Function and
Mellin Transform

Characteristic Function: The characteristic function <p(t) completely determines the probability
distribution of a random variable X such that [Galambos and Simonelli 2004]
V(t) = >Px(t) = E(ei,x\( B.l)
where t is a real number and E is the expected value. With dFx(x) as the cumulative distribution
the characteristic function can also be written as
<Px(t) =

eindFx (x),

(B.2)

where eltx = cos(rx) + sin(^x).
Using bijection, the distribution function F(x) can be recovered from its characteristic function <p(t) for any continuity point a < b of F( jc) given by [Galambos and Simonelli 2004, p.
16]

1 r u e~ita - e~itb
F(b) - F(a) = lim — I ------- :------- <p(t)dt.
u >+oo 2n J^ u
it

(B.3)

Mellin Trnasform: Let X be a random variable then the Mellin transform of X is defined as
[Galambos and Simonelli 2004]
M x(s) := M x+{s) + y M x- ( s \

(B.4)

where y be an indeterminate with yy = y 2 = 1 and s is a complex number. Here y\4x+(s) and
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Mx~(s) are the components of Mx(s) such that
(B.5)
where 77 = + or - and Re(s).
Mellin Transform and Characteristic Function:

The Mellin transform Mx(s), exits for all

values of complex number s = it. However, if one considers a real number t then the Mellin
transform Mx(t) of a random variable X assuming P(X > 0) = 1 can be written as
r*oo

M(it) = M x (t)

=

Jo

xifdF(x)

eamx)dF(x^

( B .6 )

and this can be viewed as the characteristic function of random variable ln(X). Given P{X < c)
where c > 0, one has
1

F(b) - F(a) = lim —
U~yoo 2n j

F u e ~ ‘^ n^
-u

- e ~ itin(b^

---------- :---------- M x (t)dt.
it

(B.7)

For all continuity points a > 0 and b > 0 (B.7) determines the distribution function of X.

B.l

Mellin Transform for Product of Random Variables

Mellin transform is useful in writing the products of independent random variables as
Mellin transform of variables X, Y can be expressed as the product of their Mellin transform
M x ( s ) M y ( s ). Consider two random variables X and Y then using the definition of Mellin trans-

form (B.4) on has
M x y {s ) = M(xyy(s) + yM(XY)~(s)-

(B.8)

Using the property of Mellin transform [Galambos and Simonelli 2004, p. 21]

E[Xi] =

(B.9)
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one can re-write (B.8) as

M

x y (s )

= £[((xr)+n +y£[((xrr)5]
M

(B.10)

x (s ) M y (s \

where s is in the domain of M xis) and Aly^s). Once computed, one can recover the probability
density function f n(s) by computing the inverse Mellin transform such that [Baumann 2005, p.
832], [Galambos and Simonelli 2004, p. 18]
r-c+iU

I

M s ) = — lim
Ix\~s~l M nx (s)ds.
2in u ^+ oo J c_iV
A

B.2

(B .ll)

Mellin Transformation for k 0( x ) Distribution

Let X be a random variable with distribution function dFx(x) then Mellin transform of X
F(x) = M x (s) =

xsdFx(x),

(B.12)

uniquely defines the characteristic function of a random variable X as shown in (B.7)[Galambos
and Simonelli 2004, p. 16]. In order to solve kQ(x) distribution two properties of Mellin transform
dealing with product and quotients of Mellin transforms are used. Let X and Y are two random
variables with their transform Mxis) and M y (s ) then
M x y ( s ) = Mx(s)Mx(s)

and

M x M Y](s) = M x {s ) M y ( - s ).

Using (B.13), one can write the Mellin transform for k

\M ^(5)

(B.13)

k0{x) as

J Mj(s)

M j(s )M j[(-s)Mr(-s )Mr(-s) - [Mri~s)Mfi~s)\,

(B.14)

where cos 6S and kc being deterministic quantities are ignored. Please note that the dependence
on pixel jc is dropped for ease of notation.
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It is now possible to provide Mellin transform for the distributions of each of the measurement
parameters in (B.14).
First consider the distribution of amplitude A derived in (4.11), the Mellin transform
is given by
AsP{A)dA
A2

(B.15)

e x p (-y )

where f(.) is a gamma function and L is a Laguerre polynomials given by
_j_ f exp( - z t/ 1 - t)dt
2nJ
(1 - t)tn+]

U z)

(B.16)

Similarly, the Mellin transform for P(I) is given as

f +0° ., 2V2
f

M j +(s)

i sp(i)di

/i-i[r(|),

2/)

+2 V2 V7r(^J),

2/)]); Re(s) > - 1

(B.17)

where i F\(a\ b\ c) is a hypergeometric function given by
1F 1(ci\ b\

c) = _ - ^
Y{b -

- f
c)r(fl)
Jo

exp(zr)^“ 1( 1 - t)b~a~1dt.

(B.18)

Using the phase distribution (4.15) and the phase and range relationship (4.14), the Mellin transform of P(r) is defined by Mr(s), whereas M r(-s) is given by

f
r,
Jo [7T^JT/2

Mr(-s) = m

>+oo

<P s P(<P)d<P
1

A COS(if erf(:
V772

A2
-ef l
A 2 COS2 Up - (p) r- . /4
exp(- -7= = )< P t exP(-------^ )V^ //2l/4cos(^-<^)

V//2

^ )\N u ll

12

V//2

)NU" + ljA2 + - ^ y -]}d$,Re(-s) > -1 / > 0 A > 0.

(B.19)
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Substituting (B. 15), (B. 17) and (B. 19) in (B. 14), one can write Miller transform for y\4* as

Mi(s)

=

1 ( i ,
3A2
-T—<22 2 exp(— —
n5/2 \
y[Tj2

+2 V2r[
COS(<p -

I2/m))L¥

I,

</?)]# +

p>~s\ exp(A

cos(<£ - v?)]# +

A2 cos2(<p - ip)
VÜ2

*

^ -)cos(# - y?)erf(A C° ^ = - ^ ) Nu11] # ) a 2
V772

e x p ( - - ^ = ) ( ^ \fn
n2I / 2 \ ^ V 7 7 2 ' v2 T” " / ‘ /

V7/2<5[.v]

(-^ = )(i

</>“*[exp(A -C^

vJo

<P s[exp(
r L^ rv

A2 cos2(<p - tp)

y/T/2

- ^ ) c o s ( » - i)erf(A C° ^ = - ^ ) Nu1I] # ) a

2\

(B.20)

The probability density function of k can be recovered by computing the inverse Mellin transform
of Af*(s) (B.20) and is given by
i

m

=

T-

r c - io o

2in J c+ioo

M *d s -

(B.20

This function is difficult to evaluate with complex integrals and the author is unable to provide
an analytic solution for the probability density function P(k).
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