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Abstract

This thesis research proposes several significant improvements to a previously developed
structured light range sensor in order to enhance its robustness. By applying modern
methods to classical structured light techniques, the improved sensor is capable of adapting
to many different environments and generating 3D surface reconstructions of more general
and unconstrained scenes. This is achieved by combining several algorithms in parallel,
which permits the sensor to adapt in a reliable and autonomous manner to multiple colours,
reflective characteristics and depths of field of the scene. The main motivation of this
research is to ultimately mount the range sensor on a mobile platform, and perform
autonomous navigation, mapping, modelling and exploration of complex environments. This
thesis presents enhancements to the processing stage of the sensor, a complete overhaul
of the acquisition stage, as well as a comprehensive set of results that demonstrate how the
sensor adapts to the environment. Also, a complete prototype for a robotic mobile
exploration system is presented and tested, validating the methods and techniques
presented in this work.
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Chapter 1 Introduction

Scene reconstruction, a fundamental task in computer vision research, has received much
attention over the years. The problem of reconstruction is to design a vision system capable
of measuring a scene and representing the surfaces it detects by generating a 3D model.
These models can be used for various applications such as modelling, recognition and

mapping.

Passive and active vision are two complementary categories of techniques that can be used
to perform scene reconstruction. The main difference is that passive vision simply observes
the scene, while active vision projects a pattern, usually using light, and analyzes how the
pattern interacts with the scene to make measurements. Passive vision has a high
dependence on the presence of features in the scene and, at best, can only generate
sparse 3D information. On the other hand, active vision can perform precise measurements
and generate high resolution 3D reconstructions. Active vision has been widely researched

and is still the preferred method for dense 3D range sensing and reconstruction.

Two active vision technologies have gathered much interest over the years. Laser range
sensors are accepted as the state-of-the-art standard for 3D measurement since they can
achieve very high accuracy with very low computation time. However, they require
specialized hardware that is usually expensive and in general simply not feasible for many
smaller scale applications. Structured light range sensors, on the other hand, are regarded
as an affordable solution for 3D range sensing since they can be assembled using common
off-the-shelf digital cameras and liquid crystal display (LCD) projectors. Although the
precision and resolution of structured light sensors may not be as high as their laser-based
counterparts, they produce accurate and dense range scans that are not achievable with

passive vision.

This thesis research builds upon the previous version of a structured light range sensor
developed by Desjardins [1] and presents many significant improvements. The objective is
to make the active vision system more robust while improving its ability to adapt to the
scene. As a result, the new sensor can not only perform more reliable object measurement
but also reconstruct more general and unconstrained scenes containing many objects,

colours, reflectance characteristics and depths of field.



11 Motivations

The main motivation of this research is to further drive the development of classical
structured light sensors by applying modern methods, such as dynamic range imaging,
adaptive computer vision and intelligent image processing to significantly enhance the
performance of 3D range sensors. Not only is the resulting range sensor a low-cost solution
made of components that are readily available, but the framework and technology places
much of the complexity within software. This makes it easy to integrate more complex

algorithms and advanced processing in order to increase the adaptability of the sensor.

The long-term goal is to mount the new and improved structured light range sensor onto a
robotic mobile platform and perform autonomous navigation, mapping, modelling and
exploration of complex and uncontrolled environments. Using the new sensor is beneficial
as it provides a complete low-cost solution to generate precise 3D range data with rich
colour information to be analyzed by higher level algorithms. Since the acquisition system is
designed with autonomous robotics in mind, it has the ability to scale well as it can change
from mapping and navigation to high-resolution reconstruction and modelling when

approaching objects of interest.

1.2 Objectives

As stated above, the main objective of this thesis research is to build upon a previously
developed structured light sensor prototype and improve its effectiveness by making it
flexible, robust and adaptable. The central goal is to refine the sensor such that it is a black
box device used to acquire 3D range data, for many different applications, with the press of
a single button. This is primarily achieved by addressing the current system's limitations in
both its acquisition and processing stages. The results is that the existing sensor is

transformed from a functional prototype to a robust and usable system.

Most of the processing stage is incrementally improved and refined to allow for better

performance and robustness. The main objectives are as follows.

* Improve the calibration of extrinsic parameters to allow for robust calibration target

detection and more accurate metric parameter estimation.

* Enhance the colour segmentation of the structured light pattern in order to remove
unnecessary algorithm parameters and unreliable post processing.



» Develop a more flexible structured light code detection algorithm to handle angled

and curved surfaces that produce skewed codes on the image plane.

» Add the functionality to interpolate a surface from the generated 3D point cloud to
more easily visualize and interpret the data produced by the sensor.

The acquisition stage is totally redesigned to allow for three major improvements that enable
an automated acquisition procedure. These enhancements address the primary goal of this
research, which is to design a structured light sensor that can automatically adapt to the
scene. The key objectives are as follows.

« Eliminate the problems that arise when projecting a colour coded pattern onto a

scene with multiple colours and significant colour variation.

* Compensate for multiple object brightness and scene reflectance characteristics

during each camera capture.

» Increase the depth of field of the sensor in order to capture data from multiple focus

planes and extend the range of the sensor.

Throughout this thesis, relevant solutions, in the form of improvements to the existing
sensor prototype, are presented to address each of the above objectives. The combination
of these improvements enables an entirely autonomous acquisition procedure that can be
used to acquire as much 3D information as possible from a wide variety of unknown and

unconstrained scenes and environments.

1.3 Thesis Organization

This thesis consists of seven chapters. After the introduction, a review of scholarly literature
pertaining to the technologies used within this work is presented in Chapter 2. A detailed
description of the former range sensor implementation is given followed by a comparison of
techniques and algorithms relating to the sensor improvements. Chapter 3 discusses the
various enhancements to the algorithms of the processing stage. The precise calibration,
robust code segmentation, flexible code detection and better mesh visualization are
presented along with results demonstrating the improvements. Chapter 4 presents the major
changes made to the acquisition stage that make the sensor adaptable to many scenes.
The new time-multiplexed acquisition, exposure fusion image capture and focus plane

analysis are treated and validated with concrete results that demonstrate the new



adaptability of the system. Chapter 5 discusses how all of the proposed enhancements are
integrated into a complete 3D measurement and reconstruction system. The high-level
acquisition and processing stage procedures are summarized and the operating
characteristic of the sensor are discussed. Chapter 6 presents a prototype scene
reconstruction system using the improved range sensor. The high-level framework is
explained and results are given showing the robustness of the sensor and validating the
current work. Finally, Chapter 7 concludes the thesis by summarizing the key contributions

and listing possible directions for future work.



Chapter 2 Literature Review

Range sensors, leveraging structured light technology, have been widely researched over
the years. However, the recurring theme is that most sensors tend to be designed for
controlled environments. This is present in many forms such as constraints on the colour of
objects being imaged, the imaging of a single object at once and the need to maintain a
constant distance between the sensor and the object of interest for example. The goal of
this research is to eliminate these constraints and produce a range sensor that can adapt by

itself and operate in many different environments.

This chapter presents a review of certain key technologies that work together in order to
produce a range sensor capable of acquiring information from unknown and unconstrained
scenes and environments. The first section describes the former prototype of a structured
light range sensor that is the basis for this work. A general overview is given and some
limitations are discussed. The second and third sections respectively present exposure and
focus fusion. These technologies form the basis by which the sensor is enhanced in order to
render it adaptable to its environment. The fourth and fifth sections provide reviews related
to registration and mesh generation, which are used for the development of a modelling

system based on the range sensor.

2.1 Structured Light Range Sensor

The structured light range sensor, initially developed by Desjardins et al. in [1], [2] and [3], is
a data acquisition module capable of measuring an object or scene and producing a 3D
point cloud reconstruction. The sensor relies on a robust active vision technique using
structured light to generate features that are matched within a stereo pair of images and
then triangulated to generate 3D data. The main advantages of this setup are that the
sensor is still capable of acquiring 3D data on featureless objects and remains low cost
since it is composed of readily available consumer-grade electronic components. The
physical system is composed of two cameras mounted on a rigid bracket as a stereo pair
above an LCD projector as shown in Figure 2.1. The cameras and projector are driven by a
conventional personal computer where all the controls and algorithms are implemented in

software.



Figure 2.1. Stereoscopic structured light range sensor.

211 Calibration

The only calibration required is of the intrinsic and extrinsic camera parameters, leaving the
projector uncalibrated with the rest of the system. This provides maximum flexibility for the
sensor to be moved between acquisitions when measuring objects from different points of
view. Also, the focus and zoom parameters of the projector can be adjusted in accordance

with the depth of the scene so that the projected pattern always appears sharp and in focus.

The intrinsic parameters of each camera are computed separately since it is required to
place the calibration target such that it occupies as much of the field of view as possible.
The calibration target consists of a chessboard pattern mounted on a flat surface. It is
waved in front of the camera to be calibrated and several images are acquired. Some
simple image processing is performed to find the image coordinates of the corners, which
are then passed to Zhang's algorithm [4] to compute the intrinsic parameters. The
parameters include the focal length of the lens, the size of CCD pixels and the principle
point of the CCD array, as well as the radial distortion of the image.

The extrinsic parameters consist of the translation T and rotation R between the cameras,
both of which are critical for accurate 3D reconstruction. Again, the same chessboard
calibration target is waved before the cameras, ensuring that it is fully visible in both fields of
view, and images are acquired. The corners are detected and Zhang's algorithm is used to
compute the translation and rotation between each camera and the calibration target. These
transformations are easily combined and an estimation of T and R between the cameras is
derived for each pair of images. The translation and rotation vectors are averaged over all

pairs of images to obtain a global estimate of T and R between the cameras.



21.2 Pattern

To achieve a dense 3D reconstruction on featureless objects, the structured light technique
is applied using a bi-dimensional pseudo-random (PR) pattern. The PR pattern consists of a
two dimensional array of coloured squares, shown in Figure 2.2, that has been generated
offline using the pseudo-random iterative approach of Morano et al. [5]. The pattern is
defined such that each 3x3 neighbourhood of squares is a unique code word of length 9
composed with 3 square symbols encoded using the colours red, green and blue. The
uniqueness of each code word ensures accurate matching between the stereo pair of

images.

(a) (b)

Figure 2.2. (a) Bi-dimensional pseudo-random pattern and (b) a zoomed in view.

213 Acquisition Stage

To perform structured light, the projection of the pattern and acquisition of stereo images are
synchronized within an acquisition stage. Before the acquisition can begin, several
parameters are set, such as the gains for the colour channels and the exposure time of the
cameras. This ensures that the captured colours are similar to those projected and that the
images are not under- or over-exposed. First, left and right reference images are acquired
with no projected pattern. Second, the pattern is projected and a second pair of images is
acquired. Finally, background subtraction is performed and the resulting left and right

difference images are saved to disk for further processing.

This spatial-neighbouring pattern is combined with a time-multiplexed [6] approach which
iteratively marches the entire pattern horizontally and vertically during the acquisition stage.



As the pattern is marched, images are acquired and difference images are computed and
stored to disk. This provides a dynamic way of increasing the spatial density of artificial
features and subsequent 3D points. The marching, or shifts, can be adjusted depending on
the desired reconstruction density.

214 Processing Stage

Once the images are acquired, the processing stage begins where the imaged pattern is
analyzed and a 3D point cloud is generated. The image processing starts by converting the
images to the HSV colour space and performing a histogram analysis to determine the
dominant colours in the images [7]. These colours are used to segment the image into three
masks representing the red, green and blue squares. Next, the masks are labelled using a
connected component analysis to identify all of the individual coloured squares. Finally, the
size of each region is computed and this data is used to perform a statistical analysis of the
masks. Small regions are dropped and large regions are segmented once more using a
higher threshold and then re-labelled. The last step consists of computing the centroid of all

regions to use as a coordinate reference for the corresponding square.

The 3x3 codes are now recovered from both left and right images by considering each
square region and finding its 8 closest neighbours. The neighbours are sorted horizontally
and vertically and a look-up in the projected pattern is performed to validate the code. The
codes are further validated by computing their confidence based on valid neighbouring

codes. Duplicate and low confidence codes are dropped from further processing.

The correspondence problem becomes trivial as the codes that are present in both left and
right images are matched using a brute force approach. Outliers are removed by using a
RANSAC algorithm to drop point matches characterized by a large distance from their
respective epipolar lines. Next, the optimal triangulation of Hartley et al. [8] is applied to the
resulting point matches and a reconstruction of 3D points is produced. This triangulation
technique first adjusts the 2D matches based on best fitting epipolar lines and then performs
the reconstruction using the direct linear transform method. Finally, colour information from

the reference images is mapped to the 3D coordinates, producing a richer dataset.

215 Limitations

Since the previously developed sensor is a first prototype, it has many limitations that are



now outlined. First, the extrinsic calibration is weak by design as it relies on multiple
extrinsic parameter estimations that are then averaged. This leads to an overall average
error of 4mm when comparing the point cloud data with real world measurements. For this
type of sensor, sub millimetre accuracy is desired and feasible with proper calibration.

Second, the exposure time and colour gain parameters of the cameras need to be manually
selected by the operator for every different scene. This imposes human intervention, in the
form of parameter tweaking, before each acquisition. Since one of the objectives consists of
mounting the sensor atop a mobile robotic platform, these parameters should be determined

automatically.

Third, the colour square segmentation relies on several hard coded thresholds and a
histogram analysis that must be post processed. This leads to the inability of handling other
pattern colours and no flexibility to handle colour response and reflectance characteristics.
By selecting a slightly different approach with different algorithms, the segmentation can be

made more reliable and flexible.

Fourth, the code detection assumes that the 3x3 codes are not skewed in the captured
images as a result of being projected onto surfaces not perpendicular to the projector's
principle axis. This imposes a constraint that objects to be imaged must be mostly planar
and positioned perpendicular to the sensor. To allow an arbitrary positioning of the sensor
during mobile exploration, the code detection must be able to deal with skewed data and

corner cases.

Finally, when an acquisition is launched, it is assumed that the projector is properly focused
on the scene. Not only does this require more human intervention before the acquisition, but
it also prevents the imaging of several objects located at different depths. To obtain a truly
adaptive sensor, the latter must not only determine the focus automatically but also adjust

its focus to different depths of field.

All of the constraints and limitations presented above prevent the range sensor from
operating in an automated fashion. Since automatic operation is critical in a robotic
application, these limitations are further discussed and addressed with flexible solutions

throughout this thesis.

2.2 Exposure Fusion

The most important parameter to adjust when acquiring images from a digital camera is the
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exposure time, as most other parameters can be set for a broad operational range.
Depending on the scene to be imaged, with its multiple colours and reflectance properties,
the exposure time will directly affect the saturation of the pixels in the resulting image.
Although digital cameras allow for the adjustment of the exposure time, the parameter is
global and applies to the entire imaging sensor. Thus, a trade off between different regions
in the scene must take place and an optimal global exposure must be selected either
manually or automatically. This means that it is common to obtain images with under- and
over-exposed regions. Figure 2.3.a shows an example scene captured using a low
exposure time of 15ms where the white chair is properly exposed but the dartboard is not
very visible. On the other hand, Figure 2.3.b shows the same scene captured using a higher
exposure of 356ms where the dartboard is properly exposed but the chair is saturated. The
problem is compounded when dealing with the black background as well as when
attempting to detect the reflection of a projected pattern.

(a) (b)

Figure 2.3. An example scene captured using (a) a low exposure of 15ms and (b) a high
exposure of 35ms.

Although the results may be good enough for human interpretation, computer vision
algorithms are usually much more sensitive to exposure and saturation. When dealing with
complex scenes, a local exposure time is required to ensure that each region of the image is
properly exposed, allowing for correct image processing. The concept of exposure fusion,
which is inspired by high dynamic range imaging, is to capture multiple images of the same
scene at different exposures and then fuse those images together to produce a single
properly exposed image. Different approaches have been proposed and the following

summarizes some of the more popular techniques.
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The central idea of exposure fusion is to analyze a set of images with varying exposure,
determine the properly exposed and poorly exposed regions of the images and then
produce a composite image which only includes the properly exposed regions. The
approach used to define image regions categorizes the techniques into two groups, block-

based techniques and pixel-based techniques.

221 Block-Based Techniques

Block-based techniques do not take the geometry of the scene into account and blindly
partition the image space into blocks. The blocks that form the composite image are
selected from the source image where a certain metric is highest among all other source
images. Goshtasby [9] assumes that properly exposed regions are associated with high
entropy and therefore selects the block with the highest entropy. Instead of computing the
entropy using image intensities, as is generally the case, image colours from the CIELab
colour space are considered. The entropy is computed by first clustering the 256 dominant
colours of the image using [10], approximating each colour by the closest dominant cluster
and estimating the entropy based on a ratio between the numbers of pixels in the cluster
versus the entire image. Zafar et al. [11] assume that properly exposed regions have the
most detail and therefore more high frequency components. The Discrete Cosine Transform
(DCT) is applied on the blocks and the block with the highest L2 norm of AC coefficients is
selected.

Once the blocks are selected and tiled together to form the composite image, visible edges
between the blocks will remain. The blocks must be blended together using a blending
function such as the one presented in [9]. Despite the fact that Goshtasby describes an
algorithm to iteratively compute the optimal block size, these block-based algorithms do not
lend themselves well to structured light applications. For the algorithms to be useful, the
block size must be large, which introduces constraints on the resolution of object colour and

brightness variability as well as the size of the structured light pattern.

222 Pixel-Based Techniques

Pixel-based techniques offer a finer resolution of local exposure and thus are more easily
able to adapt to complex scenes. The composite image is usually formed by weighting the
pixels of the source images. Burt et al. [12] use the pyramid image decomposition technique
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to fuse multiple images and were first to propose this algorithm for images of multiple
exposure. The source images undergo pyramid decomposition, multiple weight maps at
each pyramid level are computed using a measure of local variance and finally the
composite image is formed by applying the weight maps and performing the inverse
pyramid transform. Debevec et al. [13] use conventional high dynamic range imaging theory
to fuse images of multiple exposures. The camera response curve is modelled during a
calibration stage to obtain the relation between pixel values and exposure. This curve is
then used to fuse the multiple images together, producing a radiance map with no saturated

regions and a maximum amount of detail.

The recent work of Mertens ef al. [14] proposes a technique to perform exposure fusion on a
set of N images based on the work of Burt et al. [12]. The difference is that the weight maps
are computed from quality measures (QM) of the N input images and not the images of
each pyramid level. This separates the weight maps from the pyramid levels and allows for
the computation of multiple QMs such as contrast, saturation and well-exposedness that are

more meaningful measures at the pixel level.

The contrast QM consists of converting the input images to grayscale, applying a Laplacian
filter and taking the absolute value of the response as shown in Equation 2.1. The saturation
QM involves computing the standard deviation between the colour channels at each pixel of
the input images using Equation 2.2. The well-exposedness QM determines how close the
intensities of each pixel are to the centre of the range by weighing the intensities using a
Gaussian curve as in Equation 2.3. All measures are computed for each pixel and are

expressed as 2D weight maps where i and j are the pixel indices and k is the image index.

C =g =L| (2.1)

sk<i,j>=J1— 2, (K(i, f)=m(i, j,1,))*, where m(i, j, ) ;— PIRUEY (22)

3 C={R.GB}

(i, j)-0.5)

202

E.(i, j)=exp(— ) where 0=0.2 (2.3)
The quality measures are combined to produce weight maps for each image in the set via a
multiplication as detailed in Equation 2.4. The we, ws and we exponents provide a
mechanism to weight the QMs accordingly and adjust their influence on the exposure fusion
process. Since the weight maps are used to compute a weighted average over the set of

images, the former are normalized using Equation 2.5 to ensure that each pixel sums to
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one.
Wi (i, N=(Cli, ) X(Sili, D)™ X(Ex(i, /)" (2.4)

Wk(i,j)=[g wk,(i,n] W. (i, ) (2.5)

Next, the N original images are decomposed into a Laplacian pyramid via the L{}' operator
and the weight maps are decomposed into a Gaussian pyramid via the G{}' operator, where
| indicates the level. The images are blended at each level by computing a weighted
average of the Laplacian decomposition of the images using the Gaussian decomposition of

the weight maps as expressed in Equation 2.6.
! A ] !
L{R}, =2, G{W}, , L{l},. (2.6)
k=1

Finally, the resulting pyramid is collapsed, by applying the inverse Laplacian pyramid
transform, to produce the final composite image R that is locally exposed. This exposure
fusion technique is very straightforward to implement and is flexible in the sense that other

quality measures can be computed and easily integrated into the existing algorithm.

2.3 Focus Fusion

Most literature on structured light range sensors assumes that the object or scene being
imaged is at a relatively constant distance from the sensor and has a small depth of field.
This ensures that the cameras and projector are always in focus and that the entire object or
scene along with the projected pattern is clear and sharp. When building a flexible range
sensor that must adapt to any scene, this assumption cannot be made. Moreover, when
imaging general environments in the context of robotic exploration, the focus problem must
be considered in order to detect objects regardless of their distance to the sensor. Following
the same approach of exposure fusion, the concept of focus fusion is to capture multiple
images of the same scene while varying the focus and then fuse those images together to
produce a single image where all elements are properly focused. Several techniques have

been proposed and are summarized here.

231 Block-Based Techniques
To perform focus fusion, the most common approach is to reuse the notion of dividing the
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image space into blocks and generate a composite image using the blocks of the source
images that are properly focused. The algorithm proposed by Zafar et al. [11], as described
to perform exposure fusion, can also be applied to source images of varying focus. Larger
AC coefficients of a block imply that the block has a sharper focus than the equivalent
blocks in the others images and is used to form the composite image.

Another technique relies on multiresolution signal decomposition to analyze the focus of
images. De and Chanda [15] propose a new non-linear wavelet constructed from
morphological operators in order to perform the focus fusion at multiple resolutions. First,
they use their analysis operator to decompose the input images into signal and detail
spaces and recursively repeat this at multiple levels. Second, the signal and detail blocks
with maximum absolute values are selected as representatives for the fused image. Third,
their synthesis operators are used to reconstruct the composite image from the selected
signal and detail blocks. This method of focus fusion is similar to other multiresolution
analysis and relies heavily on the defined analysis and synthesis wavelet operators.
Blocking effects, which are common with multiresolution techniques, can sometimes appear
in regions where all input images are blurry. However, their technique uses integer
computations and simple arithmetic, rendering it efficient and fast. The non-linear nature of
their defined wavelet ensures that edges in the input images are preserved and not blurred

in the final composite image.

2.3.2 Region-Based Techniques

A new and emerging category of techniques consists of detecting regions of images that are
in focus and mapping those regions directly to the composite image. The central idea
proposed by Hariharan et al. [16], [17] is to intelligently detect and segment focally
connected regions in a set of N input images as opposed to segmenting physically
connected regions. This proves more robust when objects span across multiple focus
planes. First, horizontal and vertical Sobel masks are applied to the input images resulting in
image gradients that represent sharpness in the images. Second, the horizontal and vertical
gradients are combined to generate a sharpness mask for each input image as expressed in
Equation 2.7, where I* and I represent the horizontal and vertical gradients respectively and
k represents the image index. These sharpness masks are low passed filtered to reduce

noise and increase neighbourhood relevance.
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Third, a comparison of the sharpness masks at each focus plane is performed to identify
maximum values, which correspond to regions of high focus. These regions are expressed
as partition masks, which are binary masks that represent focally connected regions, using
Equation 2.8.

P.(i, ))=S,(i,]),ifS,(i,j)>S,i,]), where kI (2.8)

The partition masks are then used in the final step to merge the set of N input images into a
locally-focused composite image R. This is achieved by multiplying the partition masks with
their respective original image and forming the union set of partitions, as expressed in

Equation 2.9.
R(i, j)= kL=)1 R, (i,j),where R (i, j)=P,(i, j)xI.(i, j) (2.9)

This method ensures the highest possible focus in the composite image since it directly

maps entire sections of input images as opposed to a multiresolution technique.

24 Registration

The motivation of this work is to improve the range sensor in order to mount it atop a mobile
robotic platform, acquire data from multiple points of view and integrate the resulting
datasets together. A major difficulty in achieving this is the registration of the 3D point clouds
between two or more viewpoints. There are two different approaches to accomplish 3D

registration, both of which are detailed below.

241 Structured Techniques

The first method relies on feature matching to find corresponding feature points between
two datasets and directly compute the translation and rotation parameters using existing
closed-form solutions [18]. A minimum of three feature points are necessary. However, to
reduce error, many points are used with a least squares minimization. The main difficulty
with this technique is reliably detecting features and then matching them between the two
datasets.
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24.2 Unstructured Techniques

The second method is to perform the registration without analyzing the structure of the
datasets. The classic technique in this category is the iterative closest point (ICP) algorithm
of Besl and McKay [19], which operates in the space domain. It has been widely researched
and refined. The algorithm attempts to compute the closest points between two point clouds,
estimate the translation and rotation parameters, transform one of the point clouds and
finally compute the mean squared error between both point clouds. The process is iterated
and the registration estimation is further refined until the error is within an acceptable
threshold. Although the algorithm is simple and precise, it tends to converge to a local
minimum solution and therefore requires a good initial estimation of the transformation

parameters.

Another unstructured method, such as the one presented by Curtis ef al. [20], [21], consists
of transforming the space domain point cloud to the frequency domain in order to decouple
the estimation of the translation T and the rotation R. The first step is to voxelize the point
clouds and express them as P,[fi] and P,[Ai] where 7 is the space domain index vector.
Since the datasets are of the same object or scene but from different points of view, the
relation of Equation 2.10 can be defined. The Fourier transform of Equation 2.10 is
computed, with k as the frequency domain index vector, M as the dimensional scale factor

and results in Equation 2.11.

P [A]=P,|RA+T] (2.10)
Fr|RK]=Fp [k|e 2 RRMT (2.11)

By considering the amplitude and phase of Equation 2.11 independently, the estimation of
rotation and translation can effectively be decoupled as defined in Equations 2.12 and 2.13.

IFo [RE]|=|F A k] (2.12)
<F o |RKk|=«F, [k]-2m(RK)MT (2.13)

Since the points that lie on an arbitrary axis in the space domain do not change under
rotation, the axis of rotation is found by taking the absolute difference between the
magnitude components and searching for a line of minimal energy that passes through the
origin. This is achieved using a neighbourhood path searching algorithm that starts at the
origin and follows the minimal energy path toward the edges. The angle of rotation is found
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by using a subset of 3D frequency points, iterating over the possible rotations and selecting
the angle that produces a minimal sum of absolute difference. Because of the Hermitian
symmetry in the frequency domain, two possible solutions for the rotation angle are found.
The proper solution is selected with the estimation of the translation parameter. The

translation is found by rotating P,[7] by each of the solutions, projecting the points onto the

three cardinal axes and cross correlating the result with the projection of P1{ﬁ]. The
distance between the maximum peaks, in the respective cross correlations, corresponds to
the translation and the proper rotation solution is identified by the highest peak with lowest

noise energy.

Although this technique provides a good global estimate of translation and rotation, the
accuracy of the results is not very high. This is due to the use of a low voxel space
resolution since the latter is limited by memory. In many cases, such a technique is used to
obtain an initial estimate, which is then refined using a more locally accurate technique such
as ICP.

2.5 Mesh Generation

The output of the structured light sensor, detailed in Section 2.1, is simply an unorganized
point cloud expressed as a list of three dimensional coordinates. Although this
representation is more than adequate for high level processing such as obstacle avoidance
or object recognition, it is difficult to interpret by human operators. In order to visualize,
evaluate and possibly determine the quality of the data, the point cloud must be transformed
into a surface. Normally, this surface is represented as a triangular mesh that consists of
vertices and faces. Fabio [22] attempted to classify the many different algorithms that
transform point clouds to surfaces. In the context of this structured light range sensor, it is

important to note two different categories.

251 Surface Interpolation

The first category of algorithms attempts to directly interpolate the point cloud data and
generate a precise surface. The captured 3D points are mapped to vertices in a mesh and

triangular faces are extracted to complete the surface.

Point cloud interpolation algorithms can be further subdivided into volume oriented and

surface oriented techniques. Volumetric approaches typically consist of computing a volume
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tetrahedralization from the point cloud, which is usually done using the 3D Delaunay
triangulation [23]. Next, the convex hull of the tetrahedralization is extracted using
algorithms similar to marching cubes [24] to generate a closed surface.

Surface approaches typically follow an advancing front method that selects a point at
random and iteratively adds neighbouring points to form triangles. If no point can be added,
another randomly selected point is considered and the process is repeated until all points in
the cloud have been added to the mesh. The advantage of these algorithms, over their
volumetric counterparts, is that they generally execute faster and consume less memory.
Moreover, it is not only possible to generate closed surfaces, but also opened surfaces that
are more relevant to the type of unorganized data coming from the structured light sensor

imaging unconstrained scenes as opposed to objects.

The ball pivoting algorithm of Bernardini et al. [25] is a surface oriented method that
interpolates an unorganized point cloud and generates a surface mesh. The input is a list of
3D points representing a sample of a measured surface and a ball of radius R. It is assumed
that the density of the points is known and that the average distance between points is
smaller than the diameter 2R of the ball. The algorithm consists of randomly locating three
points, Py, P, and Ps that form a seed triangle such that all points fit inside the ball. The
triangle formed by P,, P, and P; is appended to the mesh and the edges E1., Ez; and E4; are
added to the list of edges that compose the advancing front [26]. An edge E; is selected
and the ball is placed in contact with the edge's two boundary points P, and P,. While
remaining in contact with the boundary points, the ball is pivoted around the common edge
E+. until it touches another point P,. The new triangle formed by P4, P, and P, is appended
to the mesh and a join operation is performed, which replaces Ei, with E1s and Ez in the
advancing front. At this time, glue operations are performed to ensure that the redundant
inside edge pairs are removed from the advancing front. If the pivoting does not find a point,
another edge from the advancing front is selected and the pivoting continues. Once all
edges of the advancing front are treated, another seed triangle is found and the process

continues until all points have been considered.

This category of surface interpolation is mostly used to visualize the output data of the range
sensor as it uses the generated 3D data points. This surface can also be used to evaluate
the performance and accuracy of the structured light sensor during quantitative analysis.
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2.5.2 Surface Approximation

The second category of algorithms attempts to approximate the surface using mathematical
models. These algorithms usually generate a second surface mesh S' that approximates the
original surface S as defined by the acquired 3D points P.. This is done by defining new
vertices that are as close as possible to the surface S defined by the original point cloud.

One of the first and widely accepted technique for surface approximation was presented by
Hoppe et al. [27]. First, a tangent plane T is estimated for each P, using the latter's K
nearest neighbours. Second, a signed distance function for arbitrary points R in the space is
defined as the distance from R to the tangent plane of the closest 3D point P.. Finally, the
marching cubes [24] algorithm is used to extract a mesh that defines the zero set of the

distance function.

The new trend in surface approximation is the use of point set surfaces (PSS) techniques as
first defined by Alexa et al. [28]. These techniques originated in point-based graphics
research and are considered state-of-the-art in surface approximation. The high-level
algorithm is very similar to what was proposed by Hoppe [27] but makes use of the moving
least squares (MLS) framework [29]. First, a point R in the sample space is selected and a
plane H is fit to the local neighbourhood of P, by minimizing a weighted sum of squared
distances. The weights of P, are computed as a function of the distance between P, and the
projection of R onto H. Second, a polynomial approximation of P, with respect to H is
computed using the heights of P, over H. Finally, R is projected onto this polynomial, which
defines S'. Again, the marching cubes algorithm is used to extract an isosurface mesh
representing S'. The advantage here is that the vertices of the mesh can be projected once

again onto the MLS surface for increased accuracy.

Algebraic point set surfaces (APSS) is a recent improvement proposed by Guennebaud and
Gross [30]. The main difference is that the data is fit to a sphere instead of a simple plane.
In order to achieve this, algebraic spheres are used as opposed to geometric spheres since
the latter must be found using iterative techniques and perform poorly around planar
regions. On the contrary, algebraic spheres are defined using algebraic distance functions,
which make them behave like a plane when no curvature is present in the local
neighbourhood. The advantage over PSS is that the algorithm is stable in areas of high
curvature and performs better in undersampled regions. Also, since the technique makes

use of algebraic fitting, it is more general than geometric fitting and can be easily extended
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to higher order surfaces.

This category of surface approximation is used for modelling applications as it is capable of
parameterizing the 3D point cloud to model the underlying surfaces. This is useful when
multiple range data scans of the same scene are acquired and merged together since it is

able to compensate for the errors in the scanning and the registration.

2.6 Summary

This chapter presented the relevant literature on which this thesis research is based. First, a
review of an existing structured light range sensor was given and its limitations were
discussed. Second, exposure and focus fusion algorithms, which are integrated into the
sensor, were analyzed to explain the basis of how the sensor will adapt to its environment.
Finally, point cloud operations such as registration and mesh generation were reviewed to
provide a base for an application of scene reconstruction demonstrating the pertinence of

the improvements made to the range sensor.
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Chapter 3 Processing Stage Enhancements

The processing stage of the sensor software stack takes left and right images, analyzes
them through a set of image processing steps and generates a 3D point cloud as detailed in
Section 2.1.4. The main operations are the segmentation of coloured squares produced by
the structured light pattern, a statistical analysis to drop small regions and re-segment large
ones, the recovery of unique 3x3 codes, the matching of code correspondences between

left and right images and finally, the 3D reconstruction via optimal triangulation.

This chapter presents four enhancements to the processing stage that focus on key
algorithms. The improvements address the initial extrinsic calibration, the segmentation of
coloured squares, the 3x3 code detection and the final surface mesh generation. Each
algorithm is presented with a discussion of its current limitations due to the chosen
implementation. New and enhanced implementations are presented followed by concrete

results demonstrating the improved performance and robustness.

3.1 Precise Extrinsic Calibration

Before beginning the processing stage, calibration of the cameras must be performed.
Although the intrinsic calibration is acceptable, the previous method used to perform the
extrinsic calibration between the left and right cameras was not optimal. First, the orientation
of the chessboard calibration target was not detected robustly. Second, the estimation of the
extrinsic parameters was not computed accurately. Finally, the scale factor was not

computed at all, making it impossible to extract metric data.

311 Chessboard Orientation

When performing extrinsic calibration, a chessboard calibration target is waved within the
field of view of both cameras while images are acquired. The chessboard corners are
detected in both images and then used as matches between images to compute the
extrinsic parameters. However, the order of the detected corners in both images is not
guaranteed, as shown in Figure 3.1, where the first corner in the left image is located in the
bottom-left and the first corner in the right image is located in the top-right. Such detection
leads to mismatches between the left and right views, which compromise the correctness of

the calibration parameters.
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Figure 3.1. (a) Left and (b) right images of chessboard with corners detected in opposite
direction.

To detect this discrepancy, a blue sticker is affixed to the square of the chessboard that is
located in the second row from the top and the second column from the left, as shown in
Figure 3.2. This eliminates the symmetry of the calibration target and creates a reference for
the orientation of the chessboard. With the detected chessboard corners, represented by

circles in Figure 3.2, the location of the points of interest P;, P, P; and P; are

computed as the mid-point between corresponding corners. The super index refers to the
first or last point groups and the sub index identifies the individual points in each group. The

pixels within a 7x7 window about the points of interest are converted to the HSV colour
space and the value component of each window is averaged giving V/, V5, V; and V5.

Next, the value difference is computed between neighbouring points using Equations 3.1
and 3.2.

DF=Vi-v} (3.1)
D'=Vi-V} (3.2)

The results of Equations 3.1 and 3.2 are validated by ensuring that they differ by at least an
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order of magnitude using Equation 3.3.

min(D", D")

—— <01 .
max (D", D") = (3.3)

This is achievable since one of the differences will be between the same colour, which
should have the same brightness. If the results are invalid, the images are rejected and new

ones are acquired; otherwise, Equation 3.3 holds and the orientation detection becomes
trivial. When D" is larger than D', the blue sticker is at location P’ , which indicates that
the corners were detected in the proper order. On the other hand, when D is smaller than

D", the blue sticker is at location Pﬁ and the order of the corners is flipped to ensure that

the first corner is associated with the block containing the blue sticker.

Figure 3.2. Chessboard with blue sticker reference and points of interest.

3.1.2 Epipolar Geometry

In the initial implementation, the actual calibration of extrinsic parameters was done by
adapting Zhang's algorithm [4], as explained in Section 2.1.1. Although it is mathematically
possible to derive the extrinsic parameters in this way, the results are not accurate since
extrinsic calibration is not linear. Also, the process of computing extrinsic parameters for
each of the different views and then averaging the translation and rotation vectors
introduces error into the computations. To eliminate these problems, epipolar geometry is
used to perform the calibration. The advantages are that the results are more precise and

the entire dataset is processed at once when estimating the extrinsic parameters.

To compute the extrinsic parameters, the method proposed by Hartley and Zisserman [8] is
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used and is briefly described here. The first step is to compute the fundamental matrix F,
which is an algebraic representation of epipolar geometry between two image planes. The
only information needed to compute F is a list of point correspondences between the left
and right images, which are taken from the chessboard corners detected in the previous
section. Secondly, the essential matrix E is computed by combining F and the left and right
intrinsic matrices, |, and Ir respectively. Finally, E is decomposed into a translation vector T
and a rotation matrix R. This is performed using an SVD decomposition of E as well as
some of its properties. Two possible translations and two possible rotations are found, thus
giving four possible solutions. The ambiguity is solved by triangulating one correspondence
point using all combinations of T and R, and selecting the solution that yields a 3D point in
front of both cameras such that the Z coordinate is positive.

3.1.3 Scale Factor

The extrinsic calibration described in the previous section will only estimate the transiation
between the cameras up to a scale factor. In order to compute the physical transiation
between the cameras, the scale factor is computed by integrating several views of the
chessboard calibration target and performing a least squares minimization between the
ideal measurements of the target and the respective measurements using the triangulated

3D points.

The Euclidean distances between the first corner of the chessboard and all other corners,
for all acquired images, are used to compute the least squares minimization. Considering N
corner points detected per image, a subset of which are shown in Figure 3.3, a vector of
ideal distances for one image is defined using Equation 3.4, where the points P; are
measured on the chessboard with the Z component set to zero and the operator d()

computes the Euclidean distance.
ear=[d(P1 P5),d(Py P3),d(P, P, ..., d(Py Py)| (3.4)

Equation 3.4 is computed for each image and considering a total of M images, the global
vector of ideal distances is constructed using Equation 3.5.

T

Xideal=[[X:deal]T:[Xiieal].r: [X?deal]r LA [Xli\:lea/ T] (35)

The vector of measured distances is computed in much the same way and is expressed
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using Equations 3.6 and 3.7. The only difference is that the points Q are taken from the
projection of the chessboard corners into 3D space, which is possible since the extrinsic

calibration is known.

X hoasurma=]d(Q1, Q;), d(Q;. Q3),d (Q;, Qy), .., d(Q, QW[ (3.6)

| XM | (3.7)

1 T 2 T 3
X measured — “X measured ] ’ [X measured] 7 [X measured

Figure 3.3. Distance measures used to determine the scale factor via least squares.

The scale factor S is computed by performing a standard least squares analysis of the ideal
and measured distance vectors, as expressed in Equation 3.8. Since X, and X, c.sumeq

are one dimension vectors, S is a scalar and it can be multiplied to each triangulated 3D

point to obtain the latter's metric representation.

S=(X]

measured

X - X r7r-1easured X ideal (38)

measured )

314 Results

The improvements made to the extrinsic calibration are verified by performing the calibration
using the previous method and the new method. First, the intrinsic camera parameters are
computed once and then used for both methods. Next, 30 pairs of images are captured by
waving the chessboard such that it is in the field of view of both cameras. Finally, the

extrinsic parameters are computed via both methods using the same pairs of images.

The above procedure is repeated five times and the results are shown in Table 3.1. The
backprojection error (BPE) is computed by using the extrinsic parameters to triangulate the
calibration points from the chessboard target into the 3D space and then projecting them
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back to the image planes. The pixel distance between the original calibration points and the

projected points is computed and averaged. The scale factor is computed as explained in
Section 3.1.3 for both methods.

Dataset Average BPE (pixel) Maximum BPE (pixel) Scale Factor (mm)
Previous New Previous New Previous New

1 13.4323 5.4779 24.3745 8.0772 517.3023 [389.0573

2 12.6311 3.9994 23.5815 6.3323 513.3073 |391.2356

3 14.3453 2.9338 23.7126 5.1426 515.6287 |390.1680

4 15.0204 3.1846 27.3125 5.3102 511.4069 |390.5520

5 13.8491 5.7311 26.8343 8.1333 512.3041 |389.6484

Table 3.1. Extrir{sic calibration results comparing previous and new methods.

Although the backprojection errors give a good estimate for the precision of the two

calibration methods, the numbers are biased since the same points that are used to

compute the extrinsic parameters are also used to compute the backprojection errors. For a

more objective comparison, a scene with simple elements, including a miniature foam model

of a chair covered in white paper and a black curtain background, is imaged and metric

reconstruction is performed using the extrinsic parameters of each method for each dataset.

The scene with the entire projected pattern is shown in Figure 3.4 along with the position of

key measurements used for comparison.

Figure 3.4. Scene with entire projected pattern and key measurement positions.

Measurements corresponding to the distances shown in Figure 3.4 are taken from the

physical chair and background in order to provide a ground truth. The same distances are

then computed from the point clouds triangulated using the respective extrinsic calibration.
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The results are shown in Table 3.2 where the ground truth values are in square brackets

and errors are in parenthesis.

| Dataset D, [961mm] D: [712mm] D; [186mm]
Previous New Previous New Previous New
1 863.1 (97.9) |953.3(7.7) |651.8(60.2) |717.9(5.9) 188.9(2.9) 185.6 (0.4)
2 861.7 (99.3) |950.4 (10.6) :650.8 (61.2) 715.3 (3.3) |188.2(2.2) |185.6 (0.4)
3 863.4 (97.6) |951.3(9.7) |652.6 (59.4) 716.1 (4.1) |188.9 (2.9)|185.5 (0.5)
4 856.0 (105.0) |947.3 (13.7) |646.9 (65.1) |712.6 (0.6) [187.3 (1.3) |185.2 (0.8)
5 854.2 (106.8) |951.6 (9.4) |645.3 (66.7) |716.8 (4.8) 186.9 (0.9) (185.5 (0.5)
Dataset D; [145mm] Ds [259mm] D¢ [135mm]
Previous New Previous New Previous New
1 146.9 (1.9) 145.5 (0.5) :268.1 (9.1) |258.3 (0.7) |139.7 (4.7) |135.7 (0.7)
2 146.4 (1.4) 145.5 (0.5) 1266.9 (7.9) 258.4(0.6) [139.1(4.1) 135.7 (0.7)
3 146.9 (1.9) 145.4 (0.4) |268.1(9.1) |258.3 (0.7) |139.7 (4.7) |135.7 (0.7)
4 145.7 (0.7) 145.1 (0.1) |265.7 (6.7) |258.1 (0.9) 138.5(3.5)(135.4 (0.4)
5 145.4 (0.4) 1454 (0.4) |265.2(6.2) |258.2(0.8) 138.2(3.2)|135.6 (0.6)

Table 3.2. Metric reconstruction results along with the ground truth in square brackets and
the error in parenthesis.

The metric reconstruction error, using the previous extrinsic calibration method, varies
significantly over the different measurement positions and is particularly high at D; and D..
On the other hand, the new calibration achieves a much more regular error and even sub-
millimetre precision over D; through Ds. The reason for the greater error over D1 and D, is
that those measurements are taken farther away from the sensor and slightly outside of the
calibration space. Finally, it should be noted that these errors arise from the estimation of

the extrinsic parameters as well as the scale factor.

3.2 Robust Colour Segmentation

When using a coloured pattern, the first step of the image processing stage is to segment
the coloured regions of the image from the background and then identify the colour of each
region. Even though the images to process are the result of a background subtraction
between images of the scene with and without the projected pattern, the procedure is not
trivial. The previously implemented method lacked robustness and relied on user defined
parameters. The goal is to make it fully automatic and capable of dealing with various
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colours, which is required when the sensor images an unknown scene.

The first problem occurs when segmenting the coloured regions from the black background.
Manually defined thresholds for each colour channel were defined and used to determine if
pixels belonged to coloured regions or the background. This was possible since the input to
the colour segmentation algorithm, referred as the input image, is a background subtraction
of a scene; the result of subtracting an image without the projected pattern from one with the
pattern. However, since the method relied on thresholds, the latter were optimized for a red,
green and blue pattern only. This section of the algorithm performed quite poorly when used
with other colours, for example, cyan, magenta and yellow, since the parameters had to be

adjusted on a case by case basis.

Secondly, a hue histogram of the coloured pixels was created and analyzed to find the
dominant peaks. The mode method [7] was used to detect the peaks; however, post
processing was required since in most cases it returned more peaks than desired. The good
peaks had to be differentiated from the bad peaks and a naive method of selecting the

tallest peaks was implemented.

Finally, once the peaks were found, the thresholds for colour segmentation were determined
simply by calculating the midpoint between peaks. Although straightforward, this threshold
selection method contributed to noise along the border of the colour regions and had
difficulty with washed out and low intensity colour regions. There was also a problem with
red information bleeding into the blue mask because of improper handling of circular hue

histograms.

3.21 Improved Colour Segmentation Algorithm

To address the problems stated above, a new algorithm for colour segmentation is
proposed. The first step is to convert the input image to the HSV colour space. Since the
input image is the result of a background subtraction, the background has a very small value
component. The value channel is therefore thresholded, using an adaptive thresholding

technique, resulting in a mask of the coloured areas of the image.

Next, the histogram of the hue channel is computed using only the coloured pixels that have
been selected via the value channel mask. This step alone generates a much better and
cleaner hue histogram since the background information is not present. The histogram

peaks must be found, but since the number of colours used in the pattern is known a priori,
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an algorithm that exploits this knowledge is selected. Tsai's algorithm [31] does not
necessarily find peaks; rather, it provides a clustering method that finds dominant hills in the
histogram representing the pattern colours. The main advantage of this algorithm is that it
takes a parameter specifying the number of clusters to find. This assures that the proper

number of peaks is found and no post processing is necessary to refine the detected peaks.

The last step is to find a pair of low and high thresholds for each histogram cluster in order
to perform the final colour segmentation. Since the histogram is created using only the
coloured pixels, the regions between the peaks are theoretically empty and normally contain
0 to 4 pixels per bin due to noise. This is advantageous since it simplifies the computation of
low and high thresholds. First, the histogram is normalized such that the highest peak is set
to 1. Second, by considering the three detected peaks P; in Figure 3.5, the midpoints M are
computed as the middle point between respective peaks, taking care to respect the circular
nature of the histogram since the hue component is expressed in degrees. Third, to

compute the low and high thresholds of P, the histogram is scanned from M; to P, and T

is defined as the last point where the normalized histogram is smaller than 0.5%, which is

roughly equivalent to 100 pixels with the current image resolution. If no such point is found,
the range is scanned again and T; is defined as the point between M; and P, with the

smallest histogram value. A similar scan is performed from M. to P, to find T3 . Finally, the

scanning process is repeated to find the low and high thresholds of the other two peaks.

K N A
A A A A A A A A A A A
P, M, e T M, Py M,

Figure 3.5. Normalized hue histogram and detected low and high thresholds.

The remaining operation is to perform the thresholding of the hue channel using the three
pairs of low and high thresholds to produce three masks representing the different colour
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regions. As a final precaution, the value mask is applied to the resulting colour masks in
order to ensure that all background regions are eliminated if present.

3.2.2 Results

The new colour segmentation algorithm is tested against the old implementation to
demonstrate its increased robustness and flexibility. A scene is imaged with two different
coloured patterns. Figure 3.6 shows the red, green and blue pattern as well as the cyan,
magenta and yellow pattern. The use of different colour patterns demonstrates the

algorithms' flexibility in handling various colours.

(a) (b)
Figure 3.6. Scene imaged using (a) RGB pattern and (b) CMY pattern.

First, the RGB pattern is processed and the resulting red, green and blue colour masks for
the computer monitor are shown in Figures 3.7.a and 3.7.b for the old and new algorithms
respectively. Overall, the segmented squares are much more consistent in size with the new
algorithm. Also, the square shapes are much smoother and better represent the actual
projected light onto the scene. These are especially noticeable in the red mask of the

monitor object in Figure 3.7.b.1.

The new algorithm is capable of segmenting regions where the pattern is faded or not as
bright as the rest of the image. This normally occurs when the normal of the surface points
away from the sensor as is the case on the rounded top region of the monitor. Because of
adaptive thresholding, more squares are segmented in the upper right region of the green
mask shown in Figure 3.7.b.2. These squares are completely ignored by the previous

implementation as seen in Figure 3.7.a.2.
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(b.2)
(b.3)

Figure 3.7. RGB colour masks of the monitor object using (a) the old algorithm and (b) the

(a.2)

(a.3)
new algorithm for the colours (1) red, (2) green and (3) blue.



As for the blue mask, the old algorithm has difficulty differentiating between blue and red.
Much of the noise in Figure 3.7.a.3 is generated by improperly identifying red information, at
the end of the hue scale, as blue. With proper handling of the circular hue histogram, the red
component is properly left out when using the proposed algorithm as shown in Figure
3.7.b.3.

To verify that the refined algorithm is capable of dealing with other colours, the CMY pattern
is processed and the results are shown in Figure 3.8. Because of explicit colour channel
parameters, the previous implementation cannot handle the CMY pattern reflected from the
chair object. All of the squares are segmented into the magenta mask in Figure 3.8.a.

On the other hand, the proposed algorithm manages to segment the colours as seen in
Figures 3.8.b.1 to 3.8.b.3. However, the masks contain a lot of noise, coming from other
colours, due to non optimal segmentation thresholds. This is due to the fact that the
projected CMY colours interact with the colours of the objects and are thus concentrated on
a smaller region of the hue histogram. The problem is especially difficult with the cyan and
yellow colours, shown in Figures 3.8.b.1 and 3.8.b.3 respectively, as there is no significant

valley between them in the histogram.

32



.. 'y X
2@ .‘
| v+00 v
...!. e I..
. o l.ll. . I/ .
[ EAEN | @ ¢ 8
- ®, "9 -
® asn'® 18 44
2 [ L ] v - »
299 B a ¢
: ®-09 L] * as
» 08 @ o0 @ L
[ X 2 | . » 8 L )
eow . o @
® 9. e N 9
[ 1 ) L I
1 KO @ ®W
* » @9
o o «ANN
o » e
L 1 1 7 1]
sabended
sessspaefl?
»errv9D00® s

(JIIITIT T TRL LY BTy
OGN RBBORLINED .
LLLIA I LY TRL LY T T
000 anedn: '008 o3,
CO00on0nER: 880 45
o000 0aans 080 aae
(TIIITTT T IRI I NI T
00008 tas: '0aEENS
88008 0a0: 008900
CeSONBOOOR: 10008
Sosnenbanb 108ON0S
I T 11T L4
ST T +00000000000
‘00000 boueits

‘o808 B
1Ty LAad

00 o
oo
00. . .
- | N -
-
. BD © oo © s -
ov. Qs o lm
oee n .. e T
[ I ] T « I Qo ]
: 0000 D¢ e._ D
B oD .09 0 gpg
S ee O e8. ' 90 __
~ . 2 v 8.
.. B e o’
o = ) .
® C. ] . .- -
ones [ a0
.l.ln . 'e [,
9 P00
] a0 [
00008 ®
Y 7 L
L 11 ' N
i ..-rn.
9 - ®
[ ] L 1 ) L a
- 2000 e s
® ose .
@ o »
a0 ® e’
— @ as > 8 )
& L X ® »
® o ] ® 9 -
1 '’ @
@ ase e "o ®
[ ] ] 00 » O ®
T o8 .-".Irt-
. d 00 & -
o L] ] -
* L L

(b.3)

(b.2)
Figure 3.8. CMY colour masks of the chair object using (a) the old algorithm and (b) the

new algorithm for the colours (1) cyan, (2) magenta and (3) yellow.

Finally, it is important to note that the improved robustness of the colour segmentation

algorithm comes with only a negligible increase in execution time. The flexibility to deal with

different colours and the improved handling of the RGB pattern far outweigh the slight

execution time increase. Also, it is possible to perform more complex histogram analysis to

further improve the results. However, this is not treated in the current work as the use of

coloured patterns is abandoned to better handle object colours, as will be discussed in

Chapter 4.
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33 Flexible Code Detection

Once the coloured regions, also referred to as blobs, have been segmented, labelled and
statistically analyzed to remove small blobs and re-segment large blobs, codes that consist
of a spatial neighbouring of 3x3 blobs are recovered independently for each image. The
previous method makes a naive assumption that prevents the detection of codes in certain

conditions even though the blobs were properly segmented.

The main problem with the code detection is the assumption that a code is defined by a
central blob and its eight closest neighbouring blobs. These are first sorted vertically and
then horizontally to determine the spatial organization of the blobs that define the code. This
assumption does not hold when the imaged surface generates a skewed alignment of blobs.
For example, this is evident when imaging a cube where three faces are in the field of view,
as shown in Figure 3.9.a. Figure 3.9.b depicts a section of the cube's left face where the
pair of parallel lines indicates the true code of the centre blob B.. The eight closest
neighbours, labelled B, to Bs and circled, do not form a valid code as blobs By and B+, are
not selected but rather B; and Bs. This test case is particularly important from a mobile
robotics perspective since many scenes will have orthogonally aligned planes such as
hallways, doorways and tables for example.

Figure 3.9. (a) Original image of cube with pattern projected in white to better visualize the
skewing, and (b) zoomed in section of acquired pattern showing eight closest neighbours
not forming a valid code.
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3.3.1 Improved Code Detection Algorithm

In order to allow for more flexible code detection, capable of dealing with skewed colour
blobs, a new algorithm is presented. This algorithm is applied independently to every blob
since each blob is a potential candidate for being the centre component of a code. The
following explanation is given with respect to a centre blob, denoted as Bc. Most of the
operations are performed in a 2D vector space with the origin defined as the centroid of B¢
and all other blobs represented as vectors to their respective centroid. The algorithm is
divided into three steps that are now detailed.

The first step consists of finding the closest neighbours of Bc. However, instead of only
finding eight neighbours, the number is doubled, and the sixteen closest blobs are located.
This is performed by computing the Euclidean distance between each blob and Bc, storing
the information in a list, sorting the list and then taking the sixteen first blobs. The number of
blobs to find was determined by trial and error; the distance of subsequent blobs is usually
greater by an order of magnitude. Only the sixteen closest blobs are considered for the
following steps.

The second step, shown in Figure 3.10, consists of determining opposing blob pairs. Due to
the orthogonal nature of the projected pattern, a local section of a row of blobs will most
likely appear in a straight line in the image, no matter what the rotation of the object. The
same holds for columns of blobs, although the latter can be skewed with respect to the
rows. Using this observation, a pair is defined as two adjacent blobs that are on the same
row, column or diagonal as Bc. For example, valid pairs in Figure 3.10.a are B1-B-, B3-B4, Bs-
Bs, B7-Bs, Bs-B1o and B13-B1s.

The pairs are found by using a vector projection computation. First, the closest blob B, is
considered, marked as visited and selected as one of the blobs for the first pair. This defines
the vector V, as shown in Figure 3.10.b. Next, the projection of all other blob vectors onto V;
is computed using Equation 3.9 and the corresponding error vectors are computed using
Equation 3.10.

V.V
Ti= |V, 3.9
’ (||v,||2 (3.9)
E _ P
V,=V,=V,, (3.10)

For example, the projection of Vs onto V, gives a projection vector Vg , and an error vector
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V§1 as defined in Figure 3.10.b. Similar results for the projection of V. onto V; are also
obtained by considering negative projections. The angles between all of the biob vectors
and the line defined by V, are computed and only the blobs that have an absolute angle
smaller than 15° are considered as pair candidates to B.1. This introduces some tolerance on
the linearity of the alignment of the candidate blobs' centroid with the centre blob B.. In the
current example, this yields the blobs B,, B4, and Bi,, which are marked as visited. All of the
candidates are assured to lie approximately along the same line defined by B:. and B;.
Finally, the blob selected to form a pair with B, is the blob with the smallest absolute
projection vector length, in this case B.. The process is repeated until all blobs are marked
as visited. It should be noted that Figure 3.10.b is not to scale in order to clearly display the

projection vectors.

(b)

Figure 3.10. (a) Sixteen cl