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Abstract

This thesis presents an approach for configuring and calibrating a network of RGB-D
sensors used to guide a robotic arm to interact with objects that get rapidly modeled in 3D. The
system is based on Microsoft Kinect sensors for 3D data acquisition. The work presented here
also details an analysis and experimental study of the Kinect’s depth sensor capabilities and
performance. The study comprises examination of the resolution, quantization error, and
random distribution of depth data. In addition, the effects of color and reflectance
characteristics of an object are also analyzed. The study examines two versions of Kinect
sensors, one dedicated to operate with the Xbox 360 video game console and the more recent

Microsoft Kinect for Windows version.

The study of the Kinect sensor is extended to the design of a rapid acquisition system
dedicated to large workspaces by the linkage of multiple Kinect units to collect 3D data over a
large object, such as an automotive vehicle. A customized calibration method for this large
workspace is proposed which takes advantage of the rapid 3D measurement technology
embedded in the Kinect sensor and provides registration accuracy between local sections of
point clouds that is within the range of the depth measurements accuracy permitted by the
Kinect technology. The method is developed to calibrate all Kinect units with respect to a
reference Kinect. The internal calibration of the sensor in between the color and depth
measurements is also performed to optimize the alignment between the modalities. The
calibration of the 3D vision system is also extended to formally estimate its configuration with
respect to the base of a manipulator robot, therefore allowing for seamless integration
between the proposed vision platform and the kinematic control of the robot. The resulting
vision-robotic system defines the comprehensive calibration of reference Kinect with the robot.
The latter can then be used to interact under visual guidance with large objects, such as
vehicles, that are positioned within a significantly enlarged field of view created by the network

of RGB-D sensors.



The proposed design and calibration method is validated in a real world scenario where
five Kinect sensors operate collaboratively to rapidly and accurately reconstruct a 180 degrees
coverage of the surface shape of various types of vehicles from a set of individual acquisitions
performed in a semi-controlled environment, that is an underground parking garage. The
vehicle geometrical properties generated from the acquired 3D data are compared with the

original dimensions of the vehicle.
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Chapter 1. Introduction

1.1 Motivation

A decade ago, most of the industrial companies were not equipped with vision guided
robotic systems. They preferred discrete automation over robotic manufacturing because it was
easy to implement and did not require complex programming and massive computing power.
Work was distributed in series of interconnected modules, controlled by a programmable logic
controller (PLC). Nowadays, the situation is changing rapidly due to the availability of various
imaging technologies, range sensors and higher end computing devices. These devices are
becoming cheaper and attract manufacturers to integrate them into their operation. Lots of
research has been done in the area of image processing, camera calibration, features detection,
tracking, and machine learning algorithms. Moreover, faster computing makes it possible to

implement and get response in real time.

Machine vision is an automated technology where images are captured and processed for
a wide variety of applications such as quality control, inspection, reporting, motion capture,
modeling of human gestures and many more. These systems are easy to implement and
become increasingly more powerful. Recent advances in machine vision technology and
robotics have revolutionized industrial automation by merging both technologies into a single
solution. This enlarges the scope of the machine vision market for a wider range of applications

in the industrial and non-industrial sectors.

Machine vision with 3D guidance is recognized to provide advantages over 2D vision for
numerous robotic applications. However 3D vision is more critical in terms of the quality and
the quantity of data that must be processed. System setup plays an important role in data
collection, which usually involves a lot of performance testing. In the context of service
robotics, the use of 3D sensors not only provides enough information to guide the robot in
particular areas, but also supports the analysis and understanding of the shape of objects to

enhance the execution of complex tasks.



An essential component of the development of a vision-guided robotic system is
calibration. This includes the calibration of every vision sensor, as well as calibration in between
the imaging sensors and the robot. The errors that might remain in the calibration between
sensors inevitably result in mismatches in the resulting 3D point cloud, which is impacted either
by scaling errors (the reconstructed model has different size as compared to the original
dimension in the real world) or displacement errors (the location of 3D points do not refer to
the same real-world coordinates). Scaling error can result from inaccurate estimation of the
value of the focal length during intrinsic calibration. The lack of corresponding points during
extrinsic calibration generates displacement errors and misalignment in between separate
point clouds. In the process, the selection of the calibrating target to be used for calibration is

crucial for achieving accurate correspondence between scenes.

This thesis presents the design and implementation of a vision-guided robotic system for
automated and rapid vehicle inspection. However, the developed framework finds application
in any RGB-D imaging scenarios over enlarged field of view, like navigation of a mobile robot
around objects or public places surveillance. This work focuses on the requirements imposed by
security screening of vehicles at checkpoints, which must be performed fairly rapidly but also
reliably to ensure the relevance of the operation, the safety of operators and of vehicles
passengers. The main objective of this research is to achieve quick acquisition of a 3D model of
an automotive vehicle, or large objects, which will then provide accurate enough data to a
robot for performing interactions with the surface of the vehicle, or objects, in an autonomous
way. In particular, the work must deal with the complexity of the design environment, the
selection of vision sensors, the optimal localization and calibration of the sensors to cover a
large workspace that can contain a typical automotive vehicle, and the calibration of the whole
system with a robotic manipulator, to achieve a fully integrated vision-guided robotic system.
To address the requirements of large workspace coverage and rapid acquisition of a model,
various 3D sensors were considered. The Microsoft Kinect sensor technology that provides
simultaneous color and range imaging (RGB-D) was retained, which involved a study and
analysis of its performance in the context of a practical industrial application. This study is
therefore also an integral part of the research reported in this thesis.

2



1.2

Objectives

To achieve the general objective described in the previous section, the work was

conducted as a sequence of specific objectives. These include:

A complete analysis of the Microsoft Kinect sensor technology, under the first two
generations, which includes an experimental evaluation of its performance in different
scenarios, based on depth quality measurement, actual field of view of the sensor, and
its color response;

The design and implementation of a reconfigurable multi-camera vision system, which is
capable of covering a large imaging volume while remaining easy to calibrate;

The development of a methodology for intrinsic calibration of each sensor, which gives
low reprojection error;

The development of a procedure to accurately and efficiently merge depth and color
data, acquired from several viewpoints;

The design and implementation of an extrinsic calibration method in between pairs of
sensors configured in a network, while ensuring fast and easy execution of calibration
on the field and with best possible accuracy;

The design and implementation of a method for calibration between a robotic arm’s
base reference frame and the multi-camera vision system;

An experimental testing and validation of the multi-camera vision system in the real-

world application considered.

The main contribution of this thesis resides in chapter 5, where an original method

developed to calibrate a network of Kinect RGB-D sensors is presented. Given the relatively

recent introduction of this sensing technology on the market and the fact that its primary field

of application remains computer gaming, there are not yet many techniques available to

calibrate a network of Kinect sensors for industrial applications over an extended workspace.

The techniques currently available in the literature are limited to smaller workspaces than

those of interest in this work, as imposed by the application considered for RGB-D imaging over



automotive size objects, or do not formally estimate all internal and inter-sensor calibration

parameters involved.

1.3 Thesis Organization

The thesis organization is as follows. Chapter 2 presents the review of 3D imaging
technologies and their implementation in a multi-camera system design. The review also covers
calibration techniques of multi-camera systems and the registration methods for 3D data.
Chapter 3 presents a complete analysis of the Microsoft Kinect sensors which examines its data
quality, the range of operation and the effects of color and reflective characteristics of the
object. In chapter 4, the design of a multi-camera system using Kinect sensors is presented. The
system designed offers coverage of a large workspace. In addition the specific issues related
multi-camera systems are also discussed, including the hardware requirements to connect all
sensors to a central computer. In chapter 5, the calibration of the proposed multi-camera
system is developed. The latter includes the internal calibration of all Kinect sensors
individually, the extrinsic calibration of the sensors over the network, and finally the calibration
of the network with the robotic manipulator. The implementation of the multi-camera vision
system in a practical application for automotive vehicle 3D imaging is presented in Chapter 6.

Finally, chapter 7 provides the conclusions and explores future work.



Chapter 2. Literature Review

Industrial robots usually work without any embedded sensors. They depend on the
known position and orientation of an object for performing a task. However, integrating 3D
imaging around a robot can be extremely useful to enhance robot navigation and create more
autonomous systems. A lot of research has been conducted in this direction and several
solutions have been proposed. This chapter presents a review of the latest advances in the field
of 3D imaging technologies and examines methods that can be used to calibrate a network of
RGB-D sensors. The last section describes point clouds registration methods that can be used to

further refine the overall calibration accuracy.

2.1 3D Imaging Technologies

3D imaging technologies measure the distance to some objects rather than the light
intensity reflected or diffused over their surface. The output of the sensor is known as a range
image, where the value of each pixel represents a distance between a frame of reference and a
surface point on the scene. Some sensors provide RGB-D (color + range) data, where the color
associated with each pixel in a range image is also measured, along with the distance. However,
most sensors do not provide the complete 3D model of a scene but rather a single side of the
3D objects, which actually makes them 2.5D sensors. Many different technologies are available
that provide 3D (or 2.5D) information, but each comes with its own limitations, advantages and
related cost. In principle, there are two main types of sensors to acquire 3D data; passive range

sensors and active range sensors.

2.1.1 Passive Range Sensors

Passive range sensors rely on intensity images to reconstruct a representation of the
surface. Structure from motion (SfM) and stereovision systems work on this principle. A
stereovision system consists of two cameras, while a SfM system relies only on a single camera.
These systems find the correspondences between two separate images taken simultaneously
using stereo cameras [1, 2], or taken by a single camera at different times or places [3]. Hartley

and Zisserman [1], define the procedure to calculate the 3D sparse structure of the scene by



using a linear triangulation, provided that the features of correspondence between two images
and a camera matrix are given. It is not always the case that every pixel in the first image has a
corresponding point in the other image. Therefore, passive range sensors often provide only
sparse 3D information. The process of finding all corresponding points into another image is
also challenging and can take a long time. Therefore, epipolar geometry [1] defines the relation
between 3D points and their 2D projections on the image plane, when captured by two
cameras at different viewpoints. This relationship reduces the search for corresponding points
from the 2D image plane to a 1D line in an image plane. Another problem with stereovision
comes from occlusions, that occur when a point in the 3D space in front of the cameras gets
depicted in one of the images but is blocked from being depicted in the other one because not
in direct sight of the second camera. As such, stereovision introduces physical restrictions

because of the camera separation.

One well known commercial example of a stereovision system is developed by PointGrey
Research, the Bumblebee stereo vision camera. It provides the complete hardware and
software to process pairs of images and estimate sparse 3D point clouds with color mapping.

Figure 2.1 shows the Bumblebee stereovision camera system.

Figure 2.1 : Bumblebee®2 Point Grey Research's IEEE-1394 (FireWire) Stereo Vision camera system.

On the other hand, structure from motion techniques requires a single camera to be
moved between two positions to capture the images. However, the SfM technique is better
suited for static scenes where objects are not moving. As images are taken at different times
and positions, the location of moving objects becomes uncertain with the SfM technique. Both

approaches typically produce a sparse and unevenly distributed datasets.



2.1.2 Active Range Sensors

Active range scanners emit some form of energy toward the surface to be imaged and
detect its reflection in order to measure the distance. The types of radiation used include light,
laser, sound, X-Rays and electromagnetic waves. These sensors can be further divided into two
categories, those that project light over the surface to generate a pattern or a dot and then use
triangulation in order to calculate the disparity; and others that project radiation toward the

surface and calculate the time of flight for the wave to go and come back to the sensor.

2.1.2.1 Time-of-Flight (ToF) Sensors

A time-of-flight (ToF) camera measures the distance based on the known speed of light or
sound. When using light (Lidar technology), the camera generates particular frequencies of light
and calculate the amount of time this beam energy takes to reach the surface of an object and
return, in part, to the sensor. Since the speed of light, c, is known for different media (e.g. air,
empty space), the roundtrip time corresponds to twice the distance between the scanner and
the object. If t is the roundtrip time, then the distance is equal to (c * t)/2. Some ToF
technologies are based on phase measurement of the modulated light and are implemented
into a standard CMOS or CCD technology [4, 5]. The other approach is using optical shutter
technology to capture the light, an approach that has been used for studio camera initially [6]
and then developed into miniaturized cameras such as the Zcam [7]. ToF sensors are largely
independent of the scene texture and full frame real-time depth estimates are possible.
Unfortunately, the data is noticeably contaminated with random and systematic measurement
errors. In addition, the X-Y resolution of the sensors is often limited to 320x240 pixels or fewer,

which is far below the resolution of modern cameras [8].

2.1.2.2 Active Triangulation Sensors

This sensor technology measures the distance of a target by illuminating the target with a
light source, typically laser light. The laser shines on the surface of the object and the camera
identifies the location of the corresponding laser dot [9], often through frequency band

filtering. The projection of the laser on the image plane appears at a different location,



depending on how far the laser dot appears. The laser dot, T, the camera center of projection,
0, and the laser emitter, L, form a triangle as shown in Figure 2.2. The distance OL between the
camera and the laser emitter, and the angle < TLO at the laser projector are known. The angle
< LOT is determined by projection of the laser reflection on the image plane. This projection
appears at different locations depending on the distance of the object. This information is then
used to determine the location of the laser dot over an object at a certain distance. If the angle
< TLO remains constant and object I moves toward object 2 in a straight line, then the
projection of the object also move towards the optical center in a straight line. The difference,
dz, in the image plane increases the angle < LOT, forming a new triangle. This triangle allows

determine the new distance of the object which is LT + Dz.

Dz

A
Y

Object 1 Object 2

CDD/CMOS
Sensor

Figure 2.2 : Principle of active triangulation illustrated over two object distances.

In some devices the laser can scan the object by moving the laser dot over the entire field
of view of the sensor. The triangulation is sequentially performed on every point to reconstruct
the object. The Jupiter range sensor developed by National Research Council of Canada (NRC) is
an example of an active triangulation based device. This device scans the line by swapping a
laser point over a line using an oscillating mirror. The scanning process of active triangulation
usually provides far better accuracy and resolution than any other 3D scanning technology.
However, the major disadvantages of active triangulation scanners are the use of mechanical
components, the fact that they do not deliver 3D range data over a full image map in a single

capture, and their high sensitivity to surface texture and reflectance characteristics.



Furthermore, most of them are unable to provide the color information on the object along

with its surface shape.

In some sensors a laser stripe is used instead of a single laser dot to scan the object. Such
line scanners represent an extension to the single laser point range sensor and allow to speed
up the acquisition process. A line scanner is very helpful for profiling an object. The
deformation in the scan line explicitly provides the range information. However, it does not
provide a detailed reconstruction of each point in a line because there is no means to
differentiate in between points that are highlighted within the same linear laser projection. The
Vivid 910 system [10] developed by Konica Minolta and ShapeGrabber systems [11] developed
by ShapeGrabber Inc. are examples of line scanner devices. These devices scan the object by
moving the laser stripe on the object surface. They are generally used in modeling complex
objects, inspection and reverse engineering processes. The major advantage of line scan
profilers is the scanning speed as compared to single laser dot scanners but still they do not

provide real-time depth measurements.

2.1.2.3 Structured Light Sensors

Structured light sensors adopt a different approach that removes the need for scanning a
beam of energy over the entire surface. Structured light sensors rather project a 2D pattern
over the entire surface of the scene. A camera captures an image of the surface over which a
predefined visual pattern is artificially created and the deformation of the imaged pattern,
which varies with the shape and distance of the object, is analyzed. An algorithm is used to
calculate the distance at each point created by the pattern. The patterns are selected to be
easily detectable. These patterns are either projected in multiple shots of different sequences

or as a single shot with a complete pattern.

Valkenburg and Mclvor [12] used the sequence of binary coded black and white stripes as
a pattern. These patterns are projected in sequence on the object surface. Figure 2.3 shows a 5
bit projection pattern. These patterns generate 2° = 32 unique binary coded areas on the

object. The 3D coordinates of 32 binary coded areas along each horizontal line are measured on



the basis of the triangulation principle. The spatial resolution depends on the number of binary
patterns used to ensure that each pixel is coded with a unique binary number. The sequential
projection is only applicable on a static environment and requires time for generating the

sequence of binary patterns.

Figure 2.3 : 5 bit binary coded pattern.

The binary coding only supports two levels of intensity and requires a large number of
patterns to encode the object surface. This problem is overcome by introducing gray level
patterns [13] which add different intensities of gray color in the pattern. These additional levels
increase the number of unique codes and require fewer patterns to be projected. This greatly
increases the system speed but is still not fast enough for real-time depth measurement.
Moreover the system must distinguish between two adjacent levels of gray for reliable

measurement, which is prone to errors.

Boyer and Kak [14] introduced the color encoded stripes to illuminate the object with
only one encoded pattern. The color representation can provide 22* different intensities for
three 8 bit (RGB) channels. This range can be utilized to create a large number of sets in which
each color has a maximum distance from any other similar color. This encoding removes the
cross talk between two adjacent colors during detection. Durdle et al. [15] determined the
correspondence between two images in a stereo camera setup by projecting a pattern that

consists of repeated group of gray level intensities (black, gray and white). The group contains
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the combination of (black, gray and white) intensities as, BWG, WBG, WGB, GWB, GBW, and
BGW. The matching process first locates the group and then identifies the sub gray level

pattern such as BGW.

2D grid pattern techniques further refine the concept of a single indexing strip projection.
Each part of a 2D grid pattern is uniquely identifiable in the 2D space unlike the single
dimension indexing scheme where every horizontal line shares the same pattern. These
techniques overcome the correspondence problem in the stereoscopic images feature
matching by projecting artificial features over the object. Payeur and Desjardins [16] used a bi-
dimensional colored pseudo-random pattern for creating such artificial features. Each
artificially created feature point is uniquely defined to increase reliability of correspondence
between pair of points. The system used the pair of stereo cameras to detect the pattern
projected by a projector to avoid the calibration between camera and a projector. Freedman et
al. [17] present the active light system similar to stereoscopic vision but with one camera
replaced by the projector. Unlike Payeur and Desjardins’ [16] system, the calibration between
the projector and the camera is required. The random pattern is projected on a surface and the
deformation created by the objects surface is observed by a camera. The stereo matching
processes is performed between the known reference pattern projected on a surface and the

observed pattern to estimate the depth.

Some structured light sensors are capable to provide real-time depth measurements,
which reduces the problem of distortion from motion. Some of the existing systems are capable
of scanning moving objects in real time, such as Microsoft Kinect and Asus Xtion Pro. These
sensors project a fixed 2D infrared pattern on the object and an IR camera present in the
system captures the pattern to produce a depth image. The Kinect sensor contains one color
(RGB) camera, one infrared (IR) camera and an infrared pattern optical projection mechanism.
The Asus Xtion Pro is similar to the Kinect sensor, except that it does not include an RGB
camera. The Kinect sensor is capable of collecting or estimating depth information for each
pixel in a color image in real time, which opens the door to a great variety of applications.

Kinect provides depth data with a resolution of 640x480 at 30 fps, which is better than that of
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many ToF cameras. In spite of its recent introduction, a lot of research work has already been
conducted with the Kinect sensor to investigate the technology behind the device, analyze its
properties, performance, and perform comparison with other structured lighting devices. This
has been motivated by the fact that originally the sensor was launched as a peripheral for the
Xbox 360™ video game console and no information about the sensor technology and
performance was provided by the manufacturer. Due to the popularity that the device earned
for 3D imaging research, Microsoft introduced a commercial version of the sensor named
Kinect for Windows, in an attempt to address the needs of the research community. This thesis
also focuses, in part, on the Kinect sensor’s technology and examines its operating range, data
quality and its limitations for industrial and robotic 3D imaging applications. The characteristics

of the device are more extensively discussed in Chapter 3.

2.2 Multi-Sensor System Design

The goal of this research project is the development of a 3D vision system for vehicle
screening. The 3D data collected is used as an input for a robotic path planner to move a
manipulator robotic arm in close proximity of a vehicle to perform some inspection tasks. The
design of an adequate multi-camera system is therefore important because it can impact on the
quality and completeness of the data. During system design a number of components must be
considered. The system must consist of a minimum number of range sensors to ensure
complete data acquisition over a volume large enough to contain a typical vehicle. This brings
important considerations in terms of speed and workload on the system to process the data.
The sensors must also be positioned in a way that eases the calibration process between all
sensors. An accurate calibration is essential to achieve registration between the point clouds
individually collected by every sensor. Furthermore the object must lie between the acceptable

ranges of the sensor to ensure the quality of the data.

The systems presented by Cheung et al. [18] and Doubek et al. [19] are examples of vision
systems that operate over large volumes and in real-time. The processing is distributed over
several computer nodes. Each computer node captures a video frame with its respective

camera and extracts a silhouette. The latter is sent to a master computer to perform 3D data
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reconstruction. Parallel computing is used to increase the overall system speed. Parallel
computing requires good synchronization between frames and is prone to inaccuracy due to

communication latencies between the multiple nodes.

The above system uses color cameras which add to the workload on the computer to
extract and process silhouettes for reconstruction. Tong et al. [20] use the Microsoft Kinect
sensor, which directly provides color and depth data, and reduces the complexity of the
reconstruction process from the computer perspective. The system is designed to perform 3D
scanning of full human body. They use three Kinect sensors. Two of them are positioned to
capture the top and bottom part of the body from one direction and the third sensor is placed
in the opposite direction to capture the middle part. These arrangements avoid overlapping
regions between sensors, which may cause noise in the depth reading due to Kinect sensor’s IR
projector. A turntable is placed in the center of the system, which rotates the human while the
system captures the 3D data in each frame. This provides a compromise between the use of
few sensors for complete coverage of the subject while increasing the acquisition speed. Their

system takes about 6 min to generate a complete model of the human body.

Maimone and Fuchs [21] present a real-time telepresence system. They also use Kinect
sensors for capturing the human body. The major difference between Tong et al.’s system [20]
and this one is the use of a larger number of sensors to cover the complete field of view around
the body, such that there is no need to rotate the subject. This brings the scanning to be
performed in real time but also introduces interference problems between the overlapping
regions of the sensors. The depth generated in the overlapping regions contains holes with no
depth information. They fix this problem by filling the holes [22] while making the assumption
that they are part of a continuous surface. They perform the experiments using five Kinect
sensors. Four of them are surrounding the scanning area and one is placed on top. The system
scans in real time and also performs eye tracking but with reduced speed using a single
computer. A hole filling approach works fine between the surface areas but generates irregular

boundaries on the subject, which cannot be corrected with this technique.

13



2.3 Camera calibration

Camera calibration is an important step in the development of many computer vision
systems. Complete calibration includes the estimation of internal parameters of the cameras
and the determination of their respective position and orientation with respect to a global
reference frame, often associated with one of the camera. The latter stage is extremely
important in multi-camera systems, where knowledge about the exact camera position and
orientation is required to generate a reliable and accurate 3D model of a scene. In this section
an in depth look into the camera calibration process is proposed, followed by a discussion
about some of the modifications that other researchers have proposed to calibrate Microsoft

Kinect sensors. Finally, extrinsic calibration methods are discussed.

2.3.1 Intrinsic Parameters

Intrinsic camera parameters describe the relationship between a 3D world point and its
2D projection on the image plane. This relationship is defined by a pinhole camera model and
based on a focal length, f (the distance between the center of projection and the image plane),
and a principal point, O (the intersection of the image plane and the optical axis), as shown in

Figure 2.4.

Pcam(X,Y,Z)

Cam

Figure 2.4 : Pinhole camera model.
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Cam is the camera reference frame where the location of an object is defined in terms of
real world units. Img is the image reference frame where the location of a pixel is defined in
terms of pixel units. Pcam is the point defined in the world with respect to the camera frame,
Cam. Pimg is the location of the point on the image plane with respect to the image frame. Tsai
[23] defined the pinhole camera model, k, which relates all 3D points, Pcam, with respect to
the camera coordinate in real world units, and their 2D projections, Pimg, on the image plane in

pixel units. This relationship is defined in Equation (2.1) as a 3x3 matrix.

1 o ol
R
k=|0 f Oy| (2.1)
Sy
lo o 1]

Here, f is the lens focal length, (sy, s, ) are the size of a pixel, and (Oy, 0,) is the optical
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X3

s = i) = e

center on the image plane.

xcam
ycam (22)

anm

This simple model usually fails to establish perfect correspondence between the 2D image
plane and the 3D world coordinates due to some distortions contributed by the lens (radial
distortion) and/or misalignment of the optical axis (tangential distortion). These distortions
parameters convert the perspective projection relationship into a nonlinear form. Tsai [23]
further introduced calibration methods to compensate for radial distortion. Zhang [24], and
Heikkila and Silven [25], extended the Tsai model [23] to deal with radial and tangential
distortions. Zhang [24] also introduced the skew coefficient defining the angle between the x
and y pixel axes. Bouguet [26] reported that the skew is almost zero and does not affect the

camera model as most cameras currently manufactured do not have centering imperfections.
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2.3.2 Extrinsic Parameters

The relationship between the world reference frame and the camera coordinate system is
defined by extrinsic parameters. The exact location of the camera is usually defined from the
optical center of the camera which is physically inside the camera and not exactly known. As
such, the location of any point with respect to the camera frame is very difficult to define.
Therefore the point is first defined in the world coordinate system and then transformed to the
camera frame. The transformation between world coordinates and the camera coordinate

system is defined using Equation (2.4)

Peam = R3x3-Pyorta + Tsx1 (2.4)

where R is a rotation matrix of size 3x3 and T is a translation vector of size 3x1. A point in the
world coordinate system, P, .14, is first transformed into the camera coordinate system, P.,m,
using the equation above and then the relationship between this projected point and its pixel

coordinates, Pjp, g, is defined by Equations (2.1) to (2.3).

2.3.3 Calibration Methods

Camera calibration requires a number of points in the real world to be defined with
respect to the world coordinate system and the location of their respective projections on the
image plane. Assuming known correspondence between every pair of points (world coordinate
system to image plane coordinate system) permits to solve for the intrinsic and extrinsic
parameters. A point in the real world is usually extracted from a predefined target. The target
points can be coplanar or non-coplanar. Non-coplanar target points result in more accurate
calibration than with a coplanar points distribution due to the lack of correspondence between
the points over the target itself [23]. However non-coplanar targets, i.e. 3D calibration objects,
are more complex to design. A planar target with coplanar points is easy to create but usually
requires more than one view to generate a sufficiently large number of points to perform
robust calibration. Tsai [23] and Zhang [24] used a planar target with disconnected black
squares over a white background. Corners of the square pattern are easily detectable as

calibration points. However the disconnected square pattern introduced localization error due
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to the lenses as the corners are not always sharp enough to get an accurate pixel location.
Heikkila and Silven [25] used a circular pattern instead and considered the center of a circle as a
target point, which can be detected with sub-pixel accuracy. Lucchese and Mitra [27] used a
regular checkerboard pattern and proposed a method to extract the corners with sub-pixel

accuracy.

The Microsoft Kinect depth sensor embeds a color and an IR camera in the same device.
The device is capable of providing color, IR and depth images. In order to combine color and
depth data accurately, proper calibration is required between the two sensors within a Kinect.
Various approaches have been proposed for simultaneous calibration of Kinect sensors. The
color camera can be calibrated easily while more challenges remain in calibrating the depth
sensor. There are two approaches that can be considered to calibrate the depth sensor, that is,
either to calibrate it using the depth image or to calibrate it using the IR image. The depth
image is generated from the IR image, therefore calibrating with the depth image is the same as
with the IR image. Burrus [28] proposes to use traditional techniques for calibrating the Kinect
color camera, and involves manual selection of the four corners of a checkerboard for
calibrating the depth sensor. The black and white squares on a checkerboard calibration target
cannot be distinguished in the depth image because they lie on the same plane, therefore
manual selection is necessary. However, the error introduced in selecting the points leads to
inaccurate results. Zhang et al. [29] automatically samples the planner target to collect the
point for calibration of depth sensor and used manual selection of corresponding points
between color and depth images for establishing extrinsic relationship. Gaffney [30] describes a
technique to calibrate the depth sensor by using 3D printouts of cuboids to generate different
levels in the depth image. These levels can be easily identified in the depth image from their
different depth measurements. However this solution requires an elaborate process to
construct the target. Berger et al. [31] use a checkerboard where black boxes are replaced with
mirroring aluminum foil. The Kinect sensor does not generate depth data on the reflective
surface patches because they tend to disperse the IR pattern in different directions, resulting in
the sensor not being able to estimate the depth at those points. The mirroring aluminum foil
appears as black regions (no data) in the depth image which makes the checkerboard target
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visible to the IR camera. However for this procedure to work properly, care must be taken for

the Kinect not to be parallel to the target during calibration.

Another way to calibrate the depth sensor consists of using the IR image. But the IR
camera captures the IR projected pattern mapped over the surface to calculate the depth. This
pattern is present in every IR image which makes it difficult to calibrate based on the IR image
when the IR projector is on. A compromise consists of blocking the IR projector during the
calibration by placing a mask in front of the projector [32]. However, the IR camera only detects
IR intensities. Therefore, if there is not enough IR illumination present in the environment, an
external IR source is required to illuminate the checkerboard such that its features can be
detected. The benefits of this approach lies in the fact that there is no need to create an

elaborate calibration target.

2.3.4 Multiple Cameras Calibration

The case where multiple cameras are used and must be calibrated all together can
leverage the existing approaches for single camera calibration, provided that two camera views
share substantial enough overlap. Many approaches rely on a planar calibration target of an
appropriate size, which fits between two camera views, and calibrate the network of cameras in
pairs. Zhang’s calibration method [24] which is based on the correspondence between 2D
image and 3D real-world points can be applied to estimate the pose of the planar target with
respect to one camera. If two cameras are seeing the same target then the spatial relationship
between the two cameras can be established mathematically. Hartley and Zisserman [1]
derived a technique to estimate the extrinsic relationship between two cameras using epipolar
geometry and prior knowledge of the cameras intrinsic parameters. This technique consists of
decomposing a fundamental matrix into a stereo rotation matrix and translation vector. The
main advantage of this technique is that the fundamental matrix between two views is easy to
compute as it only requires image correspondences rather than matches between 3D world
points and 2D image points. The selected features are typically corner points, such as Harris
corners [33] and scale-invariant feature transform (SIFT) points [34]. They are matched by local

descriptors which characterize texture or shape of their neighborhoods to establish
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correspondences. The matching needs to be robust to variations of viewpoints and lighting
between camera views. The automatically obtained pairwise correspondences between feature
points may include a significant amount of false matches. RANSAC [35] is used to find the

homography that brings the largest number of feature points into match.

All these approaches rely on coplanar points. Some authors also proposed methods to
overcome the coplanarity constraint. Rander [36] proposed to use calibration bars mounted on
tripods. These bars are translated vertically and horizontally in order to obtain non-coplanar
points. This approach requires a lot of efforts to gather points. Drouin et al. [37] use a planar
target and collect points in multiple views rather than a single view. Svoboda et al. [38]
suggested to use a single point target. The target is comprised of a single point light source, like
a LED, mounted on a bar. The target is waved within the multi-camera system field of view to
collect non-coplanar points. A large number of points are collected and false matches are
filtered out by RANSAC [35]. They also perform bundle adjustment [39] for final optimization.
Bériault [40] calibrates a network of 8 color cameras by waving a LED stick within the network
of cameras. Each location of the LED is recorded with timestamps and matched between
different pairs of cameras for extrinsic calibration. The approach further solves the global scale
factor estimation within the network of cameras. The recorded points using a single LED do not
provide an absolute scale factor, therefore a pair of LEDs is eventually used where the distance
between two LEDs is known and used to define the absolute scale factor. All the pairs are then

rescaled for the global scale factor with respect to the first pair.

2.4 Registration

Registration is the process of combining several datasets into a global coordinate system.
The registration of point clouds extracted from range images is a complex task. The calibration
of multiple cameras provides estimates of the relative position and orientation between
cameras, but range images registered only on the basis of experimentally estimated extrinsic
calibration parameters tend to still contain inaccuracies. Range image registration methods

provide a way to improve the alignment between 3D point clouds, and therefore to further
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refine calibration parameter estimates. Several methods are available to perform registration

between range images.

The most classical registration technique used in the literature is an iterative approach.
Besl and McKay [41] introduced the iterative closest point (ICP) algorithm, which describes a
method for registering a set of 3D target points with a set of 3D reference points. The method
calculates the closest points in a target and reference set and iteratively estimates the best
transformation for registering those two groups of points. The method operates in cycles,
where every iteration consists of estimating a transformation and calculating the remaining
mean square error between the target and the reference points. The mean square error is
compared against a predefined threshold to stop the process. The ICP algorithm requires an
initial estimate that relates the two datasets. This requirement is necessary for the convergence
of the algorithm towards a global minimum, although the iterative solution tends to converge
to local minima, especially in the presence of point correspondence error. The ICP algorithm is
often adequate to provide an estimate of the registration parameters but heavily depends on a
close enough initial estimation. The algorithm also tends to introduce false matches, as it

depends only on a distance constraint to determine the positions of the correspondences.

A number of techniques have been proposed to improve over the original ICP approach,
by eliminating false matches among other things. Rodrigues and Liu [42] improved the point
correspondence by generating an error histogram which removes false mappings. Masuda and
Yokoya [43] integrated random sampling of a dataset with the ICP algorithm and defined the
threshold as residuals of a least median square. This reduces the outliers in the dataset and
improves the ICP algorithm to converge toward a global minimum solution. Benjemaa and
Schmitt [44] describe a method for global registration of several overlapping 3D surfaces. The
overlapping regions are segmented into the optimized set of z-buffers. This technique arranges
data in multiple z-buffers and allows to apply 2D image processing techniques on 3D data. This

technique rapidly searches the nearest correspondence point between overlapping surfaces.
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2.5 Summary

This chapter presented a review of 3D imaging technologies used in the market with an
introduction to the Microsoft Kinect sensor. The use of imaging technology in multi-camera
system design with color cameras and Kinect sensors was also examined. The review was
extended to the calibration of such multi-camera systems, along with a discussion about
intrinsic and extrinsic calibration methods and, more specifically, about calibration strategies
that have been dedicated to Kinect sensors. Finally, optimization techniques to improve the

extrinsic calibration estimates were presented.
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Chapter 3. Imaging Technology Selection and Experimental

Study of Kinect Sensors

3.1 Introduction

In the previous chapter the state-of-the-art in the field of 3D imaging was presented. The
focus was on active and passive devices which are non-contact based 3D measurement
techniques. Particular attention was given to active devices which are most popular on the
market. The focus of this thesis being to provide 3D measurements over a large workspace for
robotic applications, the reconstruction process should therefore be fast and relatively
accurate, such that a robot can quickly start working over an object modeled with sufficient
details. In order to ensure coherence between sensing units in the vision stage, all 3D imaging
devices should be positioned at fixed locations to reconstruct a large size object, such as an
automotive vehicle. Among passive sensor approaches available, structure-from motion (SfM) is
not suitable because it requires a camera to be moved to reconstruct a given scene. On the
other hand, stereo cameras remove this restriction by imaging an object from two different
perspectives and generating 3D data without moving the device. A stereo camera like the
Bumblebee2 can provide depth data with a spatial resolution of 640x480 at 48 frames per
second (fps), which is fast enough, but the quality of the depth data largely depends on the
structure of the scene. In addition, the resolution of the range data tends to significantly
degrade for larger distances. In that, the Bumblebee2 camera only provides 30 disparity levels

between 0.5 and 1m of range, which is not suitable to cover large workspaces.

ToF sensors are largely independent of the scene texture and can provide real-time depth
estimation but the data is often contaminated with random and systematic measurement
errors. In addition the spatial resolution of the sensors is usually limited to 320x240 pixels

which is not suitable for guidance of a robotic application.

Single point laser scanners provide far better accuracy and resolution than any other 3D
scanning devices, but also take a large amount of time to generate the 3D point cloud. This type

of sensor is suitable in industries to generate precise models of parts but hardly find their place
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for real-time 3D imaging. Line scanners can achieve higher acquisition speed than single point

scanners but still cannot provide real-time depth data over a large surface.

2D structured light range sensors project a pattern on the surface of the object to create
artificial feature points. These sensors can provide a 3D point cloud of an entire surface in a
single capture and therefore generate depth data in real-time. While their depth accuracy is not
comparable with that of single point or line based laser scanners, these devices overcome the
correspondence problem of stereoscopic imaging by projecting a known map of artificial
features on the object which usually lead to better depth resolution than stereovision and avoid

surface texture dependencies.

The final 3D data is used by the robot as general guidance for navigation and interaction
with the vehicle’s surface to perform the task. While the acquisition of the surface shape that
can be achieved with the Kinect technology is not a priori accurate enough to drive fine and
precise interaction of the robot with the vehicle, in the current context of application, the
precision of the robotic system is meant to be further enhanced by embedding proximity and
touch sensing devices on the end effector of the robot. As a result, a compromise between

speed of acquisition and depth accuracy can be made.

The Kinect sensor works on the principle of a structured light range sensor and has the
potential to be used in a robotic inspection station for large volume. The extreme acquisition
speed of the Kinect technology with the medium quality depth data that it can generate has
been the major selection criteria for this sensor to be used for efficiently acquiring 3D data over
large volumes, such as that of automotive vehicles. Moreover, the projected pattern is in the
infrared spectrum and remains invisible to the human eye. The quality of the Kinect depth data
is good enough for the general guidance of robot navigation towards the vehicle surface, given
that the robot is equipped with proximity and touch sensing devices for fine and precise
interaction. The rest of the chapter examines the mathematical model and quality of depth
data provided by the Kinect for Xbox 360 sensor and the more recently introduced Microsoft

Kinect for Windows version. This formal comparison was performed to evaluate the suitability
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to replace the original Kinect for Xbox 360 with the new Microsoft Kinect for Windows in the

experimental implementation.

The analysis of the two Kinect sensor versions is subdivided into four main sections. The
first section discusses the major components present in the Kinect sensor. In the second
section, the operation of the depth sensor is discussed and a mathematical model is provided
to convert the depth data into real world measurement units. The third section examines the
theoretical depth resolution and quantization step of the depth data. The last section provides
the experimental study of the depth sensor and compares it with the theoretical depth
resolution and quantization error. Moreover, the sensitivity to object’s color and reflectance

characteristics is also analyzed.

3.2 Kinect Sensor Components

In 2010, Microsoft introduced the Kinect for Xbox 360 sensor as an affordable and real-
time source for medium quality textured 3D data dedicated to gesture detection and
recognition in its Xbox 360 game controller. The sensor consists of one color camera, one
infrared camera, one infrared projector, a motorized tilt mechanism, a multi-array microphone
to provide interaction on voice commands, and an accelerometer. Figure 3.1 shows the Kinect

sensor and the location of its main components.

Infra Red Camera

Color Camera

Infra Red Projector

== =

‘j J/ XBOX 360

Indicator

Motorized Tilt

Multi Array Microphone

Figure 3.1 : Microsoft Kinect sensor and its components.
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3.2.1 Color Image

The color camera present in the Kinect device has a resolution of 1280x1024 pixels with
the horizontal field of view covering 63 degrees and the vertical field of view 50 degrees. The
Kinect device is capable to stream color images at a framerate of 10 frames/sec (fps) with the
maximum resolution of 1280x1024. The frame rate goes up to 30 fps with a resolution of
640x480. The output color image is composed of three 8-bit channels, red (R), green (G), and
blue (B).

3.2.2 Infrared Image

The IR camera has the same resolution as the color camera that is 1280x1024 pixels.
However, the horizontal field of view is reduced to 57 degrees and the vertical field of view to
43 degrees. The color camera images over a larger surface than the IR camera at any given
depth. The output of the IR camera is a 10-bit single channel image. This camera is dedicated to
detect the IR projected pattern for the estimation of depth (discussed in section 3.3). The
infrared projector illuminates the scene with the help of a 830 nm laser diode. This wavelength
is out of the visible spectrum of the human eye, and as a result the pattern created over the
scene is not readily visible. The IR camera includes an optical filter with minimal sensitivity for
wavelengths that differ from that of the laser diode, resulting in a crisp pattern of the

projection over the IR image plane.

3.2.3 Depth Image

The depth image is a representation of a scene where the intensity values of the pixels
are replaced by the depth of the closest surface mapped to a given pixel with respect to the
camera optical center. The maximum depth image resolution supported by the Kinect device is
640x480 pixels. The field of view in the depth image is the same as that of the IR camera
because the depth map is generated from the IR camera along with the infrared projector. The

Kinect outputs 11-bit disparity values for each pixel, which are mapped in the depth image.
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3.3 Operation of the Kinect Depth Sensor

The Kinect sensor operates on the principle of structured light range sensors. The pattern
is predefined and fixed. It is generated by projecting optical radiation (830 nm laser diode)
through a transparency micro-grid containing the engraved pattern [17]. The infrared camera
contained in the Kinect captures the reflected light pattern on the surface of the objects and
compares it against the predefined reference pattern [17]. Figure 3.2 shows the reference
pattern created on a flat surface, as captured by the Kinect’s IR camera. As can be noticed, the
intensity of the IR radiation is greater in the center of the structured light map created on the
surface of an object when compared to the peripheral areas due to the non-uniform emission

of the laser diode in all directions.

Figure 3.2 : Structured light pattern projected on an object.

The depth calculation is performed through a triangulation process illustrated in Figure
3.3. The depth, Z, of a point, P, on an object is expressed from the optical center of the infrared
camera. The z axis of the IR camera is orthogonal to the image plane and passes through the
optical center in the direction of the object. The IR projector location is aligned with the x axis

of the IR camera. The distance between the optical center of the IR camera and that of the IR
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projector is defined by the baseline, b. The reference plane in the schematic diagram of Figure
3.3 corresponds to the projected IR image shown in Figure 3.2 when no object is present in the
scene. This reference image contains a predefined pattern which consists of tiny dots imaged in
the IR spectrum and its reference distribution is stored in the firmware of the sensor during the
manufacturing process. The introduction of an object in the field of view of the Kinect depth
sensor deforms the reference pattern captured by the IR camera. The resulting shift of the dots
in the pattern from the reference image is measured as a disparity in the image plane of the IR
camera. The shift essentially takes place along the x axis because the IR camera and the IR
projector are parallel and only translated along the x axis, with a separation defined by the
baseline, b. Equation (3.1) defines the relationship between the distance to the object, Z, and
the raw disparity, d.

P’ Reference plane

., Object point
P (XY, Z)

Y|
X X v

z
y
X
IR camera RGB camera IR projector
f24........................................ - — - -~ R
L h 4 ] b

1
—i e | I
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Figure 3.3 : Depth and disparity relationship used for depth estimation.

27



7 =— (3.1)

where Z is the depth of the object from the optical center of the IR camera in the direction of
the z axis (in meters), b is the horizontal baseline between the IR camera and the IR projector
(in meters), f is the focal length of the IR camera (in pixels), and d is the raw disparity (in

pixels).

In order to estimate disparity, the Kinect sensor calculates the correlation between every
point on the reference pattern, P’, and the corresponding point on the deformed pattern, P,
produced over the surface of the object in the scene, under the constraint of a known
predefined pattern. The correlation is performed using a window of size 9x9 or 9x7 pixels [45,
46]. The results of the matches found by correlation are stored as a raw disparity image.
However, Kinect does not return the raw disparity image. Instead, it provides the normalized
disparity, d’, between 0 and 2047 (11-bit integer). Equation (3.2) defines the relationship
between the raw disparity, d, and the normalized disparity, d’, which is finally transposed in
Equation (3.1) to estimate the depth of a given point marked by the IR pattern over the surface

of the object, as shown in Equation(3.3).

d=md +n (3.2)
__Jfb (3.3)
md' +n

where m and n are factors for denormalization. The typical values reported in the literature for

those parametersare:m = 0.125,n = 135.25,b = 0.075m and f = 580 pixels [46].

3.4 Theoretical Depth Resolution and Quantization

For both versions of the Kinect sensor, the depth resolution depends on the resolution of
the disparity image. Kinect returns an 11-bit disparity output. Therefore, it contains 2048 levels
of disparity in principle. Nevertheless, Kinect for Xbox 360 mostly returns disparity values
between 400 and 1050, which restrict the output between 0.5m and 8m. Below the minimum
range the IR pattern looks like a bright spot with no regular pattern that is sharp enough to
establish correlation between the reference pattern and the actual IR pattern. The disparity
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value of 2047 is returned where no disparity can be estimated because the object is out of the
sensor’s depth of field or no correlation between the reference and the actual IR marks can be
established in some areas of the scene. The actual range of disparity values for Kinect for
Windows is different based on the mode of operation. In the default mode, the output range is
between 0.8m and 8m while in the near mode the output range is reduced from 0.4m to 3m.
These hardcoded limitations are applied on the final output by Microsoft’s Software
Development Kit (SDK), which considerably reduces the maximum distance that objects can be

imaged from.

The depth resolution of a Kinect sensor decreases non-linearly as the distance between
the object and the measuring device increases. The relationship between depth resolution and
the distance can be calculated using Equation (3.3), where Z is the actual distance in the real
world and d’ provides the normalized disparity in the range (0-2047). The relationship between
those variables is shown in Figure 3.4, using the parameters reported in the literature, that is
m = 0.125,n = 135.25,b = 0.075m and f = 580 pixels. Kinect returns 350 disparity
levels between 0.5 m and 1 m (closest operational range), while only 23 disparity levels are

available to quantify depth between 2.5 m and 3 m (furthest operational range).
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Figure 3.4 : Kinect normalized disparity for various distances (adapted from [45]).
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The distance between two possible consecutive depth values determines the quantization
error. It is clear from Figure 3.4 that the quantization step size increases with distance because
of the reduction in the depth resolution. The difference between each consecutive value is
plotted in Figure 3.5. These values demonstrate the quadratic relationship between the
distance and the quantization step. A best fit quadratic curve, Poly, is also shown in Figure 3.5.
Under this approximation, the quantization step, g, as a function of distance, Z, can be defined

as in Equation (3.4), which is obtained by fitting a quadratic polynomial on the data.

q(Z) = 0.3021Z% — 0.056Z + 0.0307 (3.4)

where Z is in meters and returns the quantization step, g, in cm. Since the valid operating
region is typically between 0.5m and 3.0m, the corresponding quantization error on depth

measurements ranges between 0.07cm and 2.58cm.
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Figure 3.5 : Quantization step size for various distances and best quadratic curve fit (adapted from
[45]).

The XY resolution (related to the density of depth measurements over the depth map)
depends on the resolution of the depth image. The depth image has a fixed size of 640x480

pixels, therefore the spatial resolution of the points projected on the XY plane also depends on
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the distance between the object and the Kinect sensor. The distance between two consecutive
pixels in the real world is plotted in Figure 3.6 for a depth range between 0.5m and 8m. These
values demonstrate the linear relationship between the quantization step size in (X, Y) and the

depth, which can be defined as follows:

Z
q.(Z) = q,(2) = 7 (3.5)

where Z is the depth of a pixel and f is the focal length of the IR camera. The distance between
two pixels, when projected into the real world increases with respect to the distance from the
image plane. This phenomenon can be observed in Figure 3.7, where the projection of few
pixels from the image plane to the real world is shown. The distance between pixels at depth 722

is greater than the distance between pixels at depth Z1.
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Figure 3.6 : Quantization step size in X and Y for various distances.

For Kinect sensor, the distance between two consecutive pixels in the real world is around
1.03mm for an object at 0.6m while the distance increases to 5.17mm for an object at 3m.

Therefore, if an object of size 400x400mm is placed at 0.6m in front of the Kinect sensor, it will
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be mapped by (400/1.03)*(400/1.03) = 150815 points, while the same object supports only
(400/5.17)*(400/5.17) = 5986 points if located at 3m.
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Figure 3.7 : Projection of the pixels in a real world.

3.5 Experimental Evaluation of Kinect Depth Sensor

Experiments were performed respectively with a Kinect for Windows and a Kinect for
Xbox360 in order to evaluate the performance of both generations of the RGB-D sensor and to
compare with the theoretical expectations detailed in the previous section. The Microsoft SDK
is used to capture the data from the Kinect for Windows, while OpenNI [47] is used with Kinect
for Xbox360. There are two operating modes for Kinect for Windows, i.e. the default mode and
the near mode. Kinect for Windows works exactly as Kinect for Xbox360 in the default mode,
but in the near mode it provides access to depth data as close as 0.4m. However, the first
version of Microsoft SDK also limits the range of available data. With this software package, the
Kinect sensor range in the default mode is between 0.8m and 8m, while in the near mode the
range is between 0.4m and 3m. Therefore the data is only available over a bounded range for

the experiments. Recently, OpenNI added preliminary support for the Kinect for Windows, but
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only in the default mode without imposing any limit on depth and therefore provides data

between 0.5m and 8m. As such as, OpenNI provides the same range of data from both devices.

3.5.1 Evaluation of Depth Estimation

To perform an evaluation of the depth estimation for the two generations of Kinect
sensors, each Kinect sensor is placed on a planar surface in front of a flat wall with close to
lambertian reflectance characteristics. The Kinect IR camera is positioned with its optical axis
perpendicular to the wall. Then 3D points are captured over the wall. The Kinect is moved
repeatedly between 0.4m to 3.5m away from the wall, with an interval of 10cm. At each
interval 100 depth images are captured and the whole process is repeated 5 times. The setup of

the experiment is shown in Figure 3.8.

Figure 3.8 : Setup for experimental evaluation of depth estimation.

The recorded depth measurements at each distance not only contain the exact depth of
the planar surface but also some depth values with slight errors. Figure 3.9 shows the depth
measurements distribution for a wall located respectively at 3m and 1m in front of the Kinect
for Xbox360. Although the Kinect’s IR camera image plane is kept parallel to the planar target to
minimize the error, the depth exhibits significant variations. The distribution of points over
specific slices clearly demonstrates the impact of quantization errors, which is estimated at

about 2.5cm at 3m.
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Figure 3.9 : Distribution of depth values from Kinect for Xbox 360 over a plane at (a) 3m, (b) 1m.

The quantization step size observed on every recorded value is plotted in Figure 3.10 for
both generations of Kinect sensors. The quantization error on both Kinect sensors
approximately follows the same quadratic curve defined in Equation (3.4) and depicted in
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Figure 3.5, with a slight overestimation of the theoretical quantization error being perceptible

for the Kinect for Xbox360 version.
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Figure 3.10 : Experimental quantization step size as a function of distance.

In the above experiment, 500 depth images were captured for each interval over 5
successive experimental runs with both Kinect devices. The standard deviation of the
distribution is calculated for each interval and for each device. The results are plotted in Figure
3.11. The standard deviation of both Kinect sensors increases fairly linearly within 1.0m and
becomes more erratic beyond that distance. Furthermore, Kinect for Windows does not
compromise the quality of data below 50cm in the near mode, which allows for slightly closer
acquisition starting from 40 cm, but systematically cuts any depth estimate beyond 3m. These
experiments demonstrate that it is preferable to operate both types of Kinect sensors within a
2m distance from the object to ensure coherence of measurements with a maximum standard

deviation of around 1cm.
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Figure 3.11 : Standard deviation of depth measurement with respect to distance.

3.5.2 Sensitivity to Object’s Color and Reflectance Characteristics

The way the Kinect sensor responds to various colors and reflectance characteristics
when creating depth maps is also a recognized issue with this technology. The second set of
experiments conducted aims at determining the range of capabilities of the sensor when
operating on objects with various colors and reflectance characteristics. Since Kinect uses a
structured pattern of IR light that needs to reflect back into the IR camera, the amount of IR
energy reflected toward the IR camera, and the sharpness of the imaged IR pattern, directly

influence the density and the accuracy of the 3D reconstruction.

45° 2m

m
Figure 3.12 : Setup for experimental evaluation of color and reflectance characteristics.
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The setup of the experiment is shown in Figure 3.12 where Kinect for Xbox360 is first
placed 2m away from a door and the sensor’s principal axis is positioned perpendicular to the
door. Figure 3.13 illustrates the response of the IR projection on a scene containing a white
wall, a black door and various other objects with different colors and textures. The whole scene
is illuminated by the IR projector pattern under standard fluorescent indoor lighting. We notice
that the top and bottom parts of the door are not properly imaged in the depth map, as shown
by black pixels (missing points) in the lower part of the rightmost image Figure 3.13(a). These
regions correspond to areas over which most of the IR energy is absorbed by the surface of the

object, as shown in the IR image in the middle part of Figure 3.13(a).

(b)

Figure 3.13 : Response of Kinect depth camera on a black door and other objects of various colors and
textures. (a) Color, IR and depth images respectively, when Kinect is perpendicular to the door,
(b) color, IR and depth images respectively, when Kinect’s pose is modified.

In order to test with a different configuration, shown in Figure 3.13(b), the Kinect sensor
is shifted 1m to the side and rotated 45 degrees, such that the door is off centered in the image
plane as shown in Figure 3.12. The black door is therefore imaged over a section of the IR
pattern where the IR radiation is not as intense as in the center of the projected pattern, as

shown in Figure 3.2. In this case the entire door is missing in the range image, as shown in the

37



rightmost image of Figure 3.13(b), except for the white stickers attached on the door which are

more reflective and make the IR projected pattern visible to the IR camera.

The evaluation was further refined by studying the impact of objects’ color and
reflectance characteristics over the operating field of view of the Kinect sensor. To further
evaluate the operational field of view of the sensor with respect to the distance of the object
from the Kinect sensor, black and white objects were used. The black color is known to absorb
more radiation, while white objects tend to reflect a larger fraction of the energy that they

receive, since many of them are closer to lambertian surface characteristics.

An experiment was performed using both generations of Kinect sensors. As before, in
each case the Kinect sensor was placed on a planar surface and aligned with its principal axis
perpendicular to a white wall and a black door. Range data was collected at different distances
by moving the Kinect sensors between 0.4m and 5m as shown in Figure 3.14. The Kinect for
Xbox360 was moved between 0.5m and 5m and data was collected by both Microsoft SDK and
OpenNI. Both software packages gave identical depth estimation. Since the Kinect for Windows
can be operated in two modes, data was collected between 0.4m and 3m in near mode, and
between 0.8m and 5m in default mode, using Microsoft SDK. OpenNI was also used to collect
data in default mode between 0.5m and 5. The measurements from both modes were
essentially identical. Therefore they were combined to form a comprehensive set of images for

Kinect for Windows between 0.4m and 5m.

Figure 3.14 : Setup for experimental evaluation of sensitivity to color with respect to distance.
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In this experiment, it was found that the top and bottom portions of the door in the
depth image were not completely visible. The middle portion of the door is visible but further
reduced when the distance between the sensor and the door increases. The distance limits the
perception of the black door, which results in a reduction of the effective field of view for depth
perception over dark IR absorbing surfaces, as a function of distance. The Kinect depth sensor’s
field of view typically covers 57 degrees horizontally and 43 degrees vertically. The horizontal
angular field of view within which a portion of the black door appears in the depth image is
calculated for each interval and is plotted in Figure 3.15. Conversely, white objects keep being
imaged over the complete field of view of 57 degrees for both Kinect sensors independently
from the distance. As black objects absorb the IR energy and its intensity is further reduced as
objects move farther away from the sensor, it results in some clipping over such dark and
absorbing objects. This clipping of the view can be seen in the depth image of Figure 3.13(a),
where the depth of top and bottom of the black door is not estimated. Therefore the horizontal
viewing angle is progressively reduced, as shown in Figure 3.15. A similar characteristic is

observed in the vertical direction.
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Figure 3.15 : Impact on horizontal field of view of the Kinect sensor over surfaces with different colors
and reflectance characteristics. Angles represent the effective portion of initial field of view
perceived by the depth sensor as distance varies.
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Finally, to investigate the response of the Kinect sensor over different types of materials
with complex reflectance characteristics, depth maps were captured over automotive vehicles
in two different scenarios. In the first scenario, the experiment was conducted in a semi-
outdoor parking garage over day time. Natural light was present in the scene via peripheral
openings in the garage (open outside walls) while the sensors were protected from direct
sunlight by means of the concrete ceiling. Figure 3.16 shows the view of a vehicle with the
corresponding 3D reconstruction achieved from the fusion of three separate point clouds
collected side by side. The acquisition was performed over the winter season in Ottawa,
Canada, resulting in the vehicle’s side panels being covered with dirt and salt deposits from the
road conditions, which created various shades of green paint, gray dirty areas, as well as
specular reflection spots from the overhead lighting present in the installation. This
experimentation demonstrates that without direct sunlight radiation, indirect daylight does not
negatively affect the performance of Kinect sensor. The sensor still fully captured the lateral
view of the vehicle including the black rubber tires, and the completeness of the 3D
reconstruction was not impacted by the shades of green and salt deposits that greatly reduce
the shininess of the surface. However, lateral windows of the vehicle are entirely missing in the
depth map because the IR energy passes through the transparent surfaces. As a result, parts of

the inside seats in the back of the vehicle appear in the 3D reconstruction.

(a) (b)

Figure 3.16 : Vehicle in a semi-outdoor parking garage: a) color image, b) 3D reconstruction.

In the second scenario, the experiment was conducted in an underground garage with
artificial ambient lighting from fluorescent tubes. Figure 3.17 presents different views of two
vehicles with the corresponding 3D reconstructions. Similar to the previous experience, the

windshield and lateral windows of the vehicles are entirely missing in the depth map because
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the IR energy passes through the transparent surfaces or is deflected in other directions. But
some sections in the interior of the vehicles, that are visible through the glass, are accurately
reconstructed. However, the rear window of the red vehicle, which is made of tinted glass, is
partially captured. The transparent sections of headlamps are not captured while the rear lamp
reflectors, which partially return the IR pattern back to the sensor, are partially reconstructed in
the model. The front wind deflector on the first vehicle, made of black shiny plastic also gets
partially reconstructed in the 3D model, depending on the relative orientation of the sensor to
the sections of the curved deflector. Finally, all of the main areas of the vehicle body and
wheels, including dark rubber tires, are very accurately reconstructed, even over narrow roof
supporting beams and highly curved bumpers areas. It is also noticeable that the sensor
handles well the shiny painted surface of the vehicle in spite of some glare from the overhead

lighting. The summary of conclusions from the experiments is shown in Table 3.1.

Figure 3.17 : Different views of a two vehicles and corresponding 3D reconstructions with missing
depth areas depicted in white.

41



Table 3.1 : Summary of analysis on the sensitivity to object’s color and reflectance characteristics.

3D reconstruction

Vehicle parts Material
performance
Painted curved metal and plastic
Lateral panels ) ] ) Complete
with dirt and salt deposits
Lateral panels Painted curved metal and plastic | Complete
Tires Dark rubber Complete
Wheel caps Grey plastic Complete
Windshield and lateral windows | Transparent glass Failed, but see through
Rear window Tinted glass Partial
Headlamps Clear plastic Failed
Rear lamp reflectors Reflective, colored Partial
Wind deflector Dark shiny plastic Partial

3.6 Summary

This chapter presented an experimental study of the Kinect’s depth sensor. A major
contribution of these experiments is the formal comparison between the Kinect for Xbox 360
and the Kinect for Windows generations of the sensor. Moreover, the characterization of Kinect
for Xbox 360, which includes depth resolution and quantization error, experimentally validates
the values that are reported in the literature [45]. The investigation in this work was however
extended to a wider range of experiments performed in real world scenarios, with objects of
different colors and materials’ reflectance in order to further evaluate the sensor’s operational

characteristics and response, beyond what has been reported in the literature until now.

The depth quantization error is found to be similar for both devices and increases
guadratically with the distance of the object from the sensor. The standard deviation of depth
measurements shows that the accuracy of data collected with the Kinect for Windows version
operated in the near mode does not deteriorate between 40cm and 50cm, a range that is not
accessible with the Kinect for Xbox 360 version. These experiments also confirm that the best
functional operating range for both devices can be up to 2m with standard deviation and
guantization error bounded within about 1cm. Finally, both Kinect generations tend to severely

degrade their performance by not providing substantial depth information over black or dark
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color objects with low reflectance characteristics. Proper perception of depth over low
reflectance objects is confined to the center of the field of view and rapidly degrades with an
increase in the distance from the object. Furthermore Kinect sensors should be positioned with
close to perpendicular orientation to such absorbing object surfaces to provide reliable depth
measurements. Finally, an experimental demonstration was made that the Kinect technology
can perform fairly well to acquire relatively accurate 3D reconstructions over objects with a
large volume, non-transparent but shiny surfaces, and highly curved shapes. Overall, this
experimental investigation demonstrated the important influence of the location of objects
within the IR pattern projection area, and that of the texture, roughness and color of the
surface of the object that influence its reflectance characteristics, as well as of the incident
angle of the projection and imaging viewpoint with respect to the normal to the object’s
surface. In that, Kinect RGB-D sensors exhibit a behavior that is very similar to many other

active range sensing technologies.

Discussions in the next chapters only focus on Kinect for Xbox 360, which is supported by
a growing collection of open source software and development toolkits like OpenNl,
Libfreenect, Microsoft, etc. On the other hand, at the present time, the recently introduced
Microsoft Kinect for Windows is only supported by Microsoft’'s SDK. However, OpenNI is
beginning to provide primarily support for Kinect for Windows version, a direction that is

expected to continue to grow.
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Chapter 4. Multi-Camera System Design

This chapter discusses the design of the multi-camera system which is used in the
inspection of vehicles. Designing such a system is not a trivial task because many requirements
need to be satisfied. Improper design can potentially lead to a sub-optimal multi-camera
acquisition system. This system is based on a number of Kinect devices, which were examined
in Chapter 3, and are now grouped into a network of RGB-D sensors to enlarge the field of view
to cover a large workspace, as required to accommodate a typical automotive vehicle. The
proper design of the vision system is important especially to cover the whole working
environment while preserving the minimum setup dimension to constrain the overall system
volume and related computational load. The aim of the project is to rapidly collect data over
the surface of a vehicle in order to efficiently navigate a robotic manipulator toward regions of
interest that are separately identified. Moreover, the system design must ensure sufficient
overlapping regions which are essential for the calibration between the RGB-D imaging devices,
which will be extensively discussed in Chapter 5. The present chapter specifically addresses the
multi-camera system design and proposes an appropriate acquisition framework, with

hardware and software considerations.

4.1 Proposed Acquisition Framework

The acquisition system presented here permits efficient and accurate integration of
information from multiple RGB-D sensors to achieve fully automated and rapid 3D profiling of
automotive vehicles. A set of Kinect sensors are placed conveniently to interact as a
collaborative network of imagers in order to collect colored texture and 3D shape information
over a vehicle within a short response time. The final goal of the system being developed is to
support the navigation of a robotic arm in proximity of the vehicle in order to perform a series
of tasks (e.g. cleaning, maintenance, inspection) while it is interacting with the vehicle surface.
The specifications initially set for the task were that the entire procedure of acquisition,

modeling, and robotic interaction is completed within 2 to 3 minutes.
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The proposed layout of the vehicle scanning station is shown in Figure 4.1. The layout is
designed to allow a vehicle to pass easily in front of the imaging system, without creating any
occlusion. At the beginning, the robotic arm which can be moved on a motorized linear track is
positioned at the extremity of its workspace outside the field of view of the sensors. Then, the
vehicle enters the scanning area between some guiding lines and stops in the designated space.
The yellow lines delimit the area where the vehicle stops while the depth and color information
is collected. Five Kinect sensors collect the color and depth information over a 180 degrees view
of the vehicle (one side). The same setup can be deployed on the other side to cover the
complete 360 degrees view of the vehicle. The information is then processed in order to

construct a 3D model of the vehicle.
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Figure 4.1 : System layout for the proposed scanning system.

The whole scanning and modeling process is meant to be fast, in order to support high
inspection cadence. This criterion was the main factor to support the adoption of the Kinect
technology in this application in spite of its limited depth resolution and sensitivity to ambient
lighting conditions. The final 3D data is used by the robot as general guidance for navigation
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and interaction with the vehicle’s surface to perform the task. While the acquisition of the
surface shape that can be achieved with the Kinect technology is not a priori accurate enough
to drive fine and precise interaction of the robot with the vehicle, the precision of the robotic
system is meant to be further enhanced by embedding proximity and touch sensing devices on
the end effector of the robot. While this aspect of the project is beyond the scope of this thesis,
which focuses on the rapid overall prototyping of the vehicle shape, the proximity and touch
sensors that will assist the robotic task and increase its accuracy will intervene only over limited
regions of the vehicle (where screening is required). The adoption of a rapid visual 3D
acquisition technology, as selected in this work, alleviates the time constraints imposed by the
large areas that need to be modeled initially before a higher resolution representation is

developed only over selected regions of interest, as will be briefly described in section 4.4.1.

4.2 Complete System Overview

The complete range of components for the proposed vision-guided robotic platform for
vehicle inspection is detailed in Figure 4.2. The registration module performs registration
between color and depth data within each Kinect sensor as well as registration of every 3D
point cloud collected with respect to the base of the robot. The methods for experimentally
estimating internal and external calibration parameters and for calibration of the robot with the
network of Kinect sensors are discussed in chapter 5. All these calibration parameters are used
to register the data collected by all Kinect sensors with respect to the robot base. The
alignment in between the registered point clouds is further refined in the next step, using an
ICP algorithm. Given that the ICP algorithm is fairly slow due to its iterative nature, it is applied
only once during the calibration process to provide slight corrections over the marker-based
and experimentally determined intra- and inter-calibration parameters between the sensors
and the robot. Later, during operation, only the resulting sets of refined calibration parameters
are used to perform actual registration between the piecewise datasets. The following stages in
the system shown in Figure 4.2 are beyond the specific scope of this thesis but are exposed
here for completeness of the framework definition. A surface mesh is created from the

registered point clouds using accelerated meshing technique that takes advantage of structured
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organization of depth readings generated by Kinect sensors. The meshing technique was
developed by collaborators on the project and is beyond the scope of this thesis. It generates
the mesh for the point cloud from one Kinect in about 0.1 second. The mesh is then sent to a
path planning algorithm for the robot end effector to follow the contour of the object surface
with which it needs to interact. At this point and in the specific case where automotive vehicles
are considered, the system is assisted by another input to the path planner that helps
automatically define, over the generated surface mesh, the location of different vehicle parts
that are of interest (e.g. door handles, mirrors, etc.) to drive the inspection. The location of
vehicle parts is performed by a custom visual detector of vehicle parts (VDVP) algorithm [48],
briefly described in section 4.4.1, which was developed by collaborators on this project. This
algorithm requires a 2D color image of a lateral view of a vehicle. Given that the registered
point cloud acquired via the calibrated network of Kinect sensors does not provide accurate 2D
mapping of the images due to missing depth values over certain areas of the vehicle, original
color images, also acquired from the network of Kinect sensors, are merged while taking
advantage of the previously estimated calibration parameters to generate a complete lateral
color view of the vehicle to support the VDVP algorithm. Finally, because Kinect sensors remain
only medium quality depth measurement estimators, the robotic path planning and navigation
is further assisted by proximity and touch sensors mounted on the robot end effector. These
devices are meant to compensate for any error due to the relatively low accuracy of the 3D
model achieved with the Kinect sensors only, and to ensure more precise interaction between
the robot and the object under inspection without compromising the rapid rate of acquisition.
The development of this proximity/touch sensing layer is also beyond the scope of this thesis.
In the following sections and chapters, the blocks shown in green in Figure 4.2, which represent

the contributions of this research, will be examined in details.
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Calibration

Figure 4.2 : Block diagram of the complete vision-guided robotic system for vehicle inspection.

4.3 Hardware

The acquisition system shown in Figure 4.1 is composed of an Intel corei5 PC with 8GB of
RAM, five Kinect for Xbox 360 sensors and a Thermo CRS F3 robot manipulator. All Kinect
sensors are mounted to a reconfigurable structure which is portable and easy to install. This
structure consists of three separate pieces. Three Kinect sensors are mounted on one stand
that covers the lateral part of a vehicle and the two other sections of the structure cover
respectively the partial front and back sides. The structure is designed and installed within the
minimum working area possible which allows the vehicle to pass in front of the scanning system
while remaining within the active field of view and depth of field of the Kinect sensors. The
structure permits the scanning area to accommodate vehicles up to a SUV or a minivan, but no

truck or bus.

All Kinect sensors are connected via a USB interface to the same computer. One Kinect is
connected to the built-in USB port and the other four are attached to a PCl express USB 2.0
adapter card which adds four extra USB 2.0 ports in the existing mainboard. USB extension

cables are used to connect furthest devices. In principle, the average allowable length for USB
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2.0 extension is 5m. Within this distance the Kinect devices should operate without any signal
degradation issue. The USB cable attached to a Kinect sensor is 3.3m long by default. We
increased the length of the cable with a USB extension to determine how far the Kinect sensor
can be positioned from the PC. Our experimentation revealed that the device is working fine
with a 4m extension cable, which increases the distance between the Kinect sensor and the
host computer to about 7.3 m. Beyond that length Kinect sensors were unable to provide the
data. This imposed that the computer is located somewhere in the middle of the acquisition
system, where all cables are running from proper routing. As an alternative, active extension
cables, which boost the signal and increase the possible reach of USB connections, can also be
used. Such cables are needed to extend to acquisition system for complete 360 degrees
coverage of a vehicle with a single host computer. Another solution consists of duplicating the
structure with two separate host computers (left and right sides of the vehicle) and performs
data transfer to a central server before merging data and computing a full 3D reconstruction of
the vehicle model from a network of 10 RGB-D sensors. However, our experimental

investigation did not address this component.

The acquisition system also requires proper lighting for clear color and bright IR images to
be generated. The illumination is provided by incandescent lamps. These lamps generate light
over the visible to deep infra-red spectrum, which provides good lighting conditions for both

the color and IR cameras.

4.4 Architecture Design

The previous section described the general overview of the system and its main
components. The current section describes how all those components are connected to the
main computer and interact with each other. The diagram of Figure 4.3 shows the complete
system architecture. Usually a computer has two built-in host controllers on the motherboard.
Each controller is capable to handle multiple USB ports. However, Kinect for Xbox 360 devices
cannot be connected to USB ports that share the same USB host controller. Kinect for Xbox360
sensors must rather connect to USB ports which are operated by separate USB host controllers

into the computer. Therefore, a maximum of two Kinect for Xbox 360 devices can typically be
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connected to each computer. On the other hand, two Kinect for Windows devices can operate
on a single USB host controller. Therefore, up to four of these devices can be connected to a
single computer, if four USB ports are available, while capitalizing on its two inherent host
controllers. Fortunately, USB 2.0 adaptor cards are available on the market to increase the
number of host controllers. Our implementation uses one PCl express to USB 2.0 adapter card,
which is capable to handle four more Kinect for Xbox 360 devices through four separate host
controllers that it creates in the computer. Kinect KO, is attached to the default system USB
port, while the other four Kinect devices, i.e. K1, K2, K3, and K4, are connected to the USB 2.0

ports of the adapter card.

Main Computer

K3

K4

Robotic Arm

KO li I/O Port Software Framework
OpenNI
UsB port Acquisition
System
K1 4 Port USB | |
PClx card Features .
\ Reconstruction
Detection
K2
Serial Path
Port Planning

Figure 4.3 : Robot-vision architecture design.

All Kinect sensors are operated using the OpenNI framework [47] which consists of

drivers and software commands to communicate with a Kinect device. The data provided by the
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devices and collected using OpenNI is then registered and used to reconstruct a model of the
object. The data provided by the devices is also used to detect regions of particular interest in
the model (discussed in section 4.3.1). The complete reconstructed model and the areas of
interest in the model are then utilized by path planning algorithms and software tools to guide
the robot towards the particular features over the object where the task is performed. The
robot is connected via a serial cable, which connects the robot controller box to the same

computer where the RGB-D data is acquired and the model is generated.

4.4.1 Feature Detection and Path Planning

The purpose of the features detection process in the proposed framework is to specify
areas of interest over a large object such as a vehicle in order to speed up the modeling process
that is needed for the guidance of the robot arm that will eventually interact with the vehicle to
perform either inspection or maintenance tasks. Acquiring knowledge about the location of
dominant features over a vehicle reduces the amount of time spent on scanning at higher
resolution to accurately drive the manipulator by focusing the scanning operation only over
selected areas of a limited size. It also allows for the robot to rapidly determine where to

operate, as it is very unlikely that the robotic operation will be required over the entire vehicle.

For the efficient and reliable detection and localization of characteristic areas over a
limited accuracy 3D reconstruction of a vehicle, as provided by Kinect sensors, a visual detector
of vehicle parts (VDVP) was introduced by Chdvez-Aragdn et al. [48], as a complementary work
to this research. The VDVP receives as an input a color image of a lateral view of the vehicle to
determine the location of up to 14 vehicle parts. The method works with images of different
types of vehicles such as: 4-door sedan, 2-door sedan, 3-door hatchback, 5-door hatchback,
SUV and pickup trucks. Figure 4.4 illustrates the detection that can be achieved by applying the
method over a test image. Round areas indicate features detected by the classifier; square

regions mean that the locations of the features were inferred based on other known features.
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Figure 4.4 : Automatic detection of parts of interest over a side view of a car (reproduced from [48]).

4.5 System Integration

The integration of the numerous components of the proposed acquisition framework is
performed in four steps described in Figure 4.5. This first step consists of the intrinsic
calibration of every camera used in the system. The proposed system is based on Kinect
sensors, therefore, each camera, color and infrared, within every Kinect unit is first calibrated
individually. The second step consists of the extrinsic calibration between the color and the IR
cameras contained within each Kinect unit. This calibration is used to accurately merge color
and depth data generated by a given Kinect sensor. The first two steps are independent from
the placement of the Kinect sensors in the overall system. Therefore, these steps are only
applied once and called internal intrinsic and internal extrinsic calibration, respectively. Before
the next two steps are performed, all the Kinect sensors and the robot are properly installed
into the acquisition structure. The third integration step consists of estimating the position and
orientation of each Kinect sensor with respect to one reference Kinect sensor. This procedure
represents the external extrinsic calibration stage. The selected reference sensor is used in the
fourth and final step to calibrate the vision system with the robot reference frame attached to

its base. These procedures will be further detailed in Chapter 5.
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Internal Intrinsic Calibration of color and IR
sensors within each Kinect unit
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Internal Extrinsic Calibration between color and IR
sensors within each Kinect unit
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External Extrinsic Calibration between multiple
Kinect sensors

v

Calibration between network of Kinect sensors
and robot arm.

Figure 4.5 : System integration steps.

4.6 Cameras Configuration

The previous sections described the general model of the acquisition system and the
hardware requirements. The purpose of this section is to analyze where to locate Kinect
cameras in order to obtain complete scanning capabilities over the volume occupied by a
vehicle with a good quality of data. Chapter 3 detailed the operational characteristics of Kinect
devices. It was found that the valid operating region is typically between 0.5m and 3.0m, but
the best functional operating range for both versions of the device is between 0.5m and 2m
since the standard deviation and quantization error are bounded to about 1cm within that
range. Moreover the behavior of the sensor over dark surfaces further reduces the horizontal
viewing angle by about 40% at 2m. These limitations provide important guidelines to determine
that the maximum distance to the vehicle should be around 2m to ensure sufficiently accurate
measurements to safely navigate the manipulator around the vehicle. The vertical field of view
of Kinect sensor is 43 degrees, therefore, at 2m it almost covers a height of 1.6m, which is
slightly under the nominal height of a standard vehicle. In case of a complete dark surface, the
field of view may be further reduced and the sensor focus only on the middle portion of the

vehicle.
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The proposed acquisition system that was developed for rapidly collecting color and
depth information over vehicles is depicted in Figure 4.6. The five Kinect sensors are positioned
to cover the complete side and partial front and back sections of the vehicle. The setup covers a
180 degrees view of a vehicle and can be replicated to the other side for a 360 degrees view, if
necessary. The sensors are positioned 1.0m above the ground and kept parallel to the floor. The
Kinect sensors K1, K2 and K3 are positioned to provide the whole lateral view of the vehicle,
while the Kinect sensors K3 and K4 are rotated towards the vehicle by about 65 degrees with
respect to sensors K1, K2 and K3 and provide partial front and back views, respectively. The
distance between Kinects KO, K1, and K2 is 1.3m, which provides a significant overlap of about
0.85m between views at 2m distance. Furthermore, the position of K4 and K3 also provides
significant overlap with KO and K2 respectively. Such overlap between contiguous sensors is
implemented to ensure accurate point clouds alighment and to support the calibration process
that will be detailed in Chapter 5. Moreover, it also helps filling missing depth data in the

model.

< >« >i< >« >

2.2m 1.3m 1.3m 2.2m

Figure 4.6 : Experimental configuration of acquisition stage for scanning a vehicle.
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This configuration permits to meet the following requirements to cover the entire side of
a vehicle: 1) a minimum coverage area of 4.8 m x 1.6 m, which is the typical size of a vehicle; 2)
collection of depth readings within the range of 0.8 m to 3 m, which corresponds to the range
within which Kinect sensors perform well; 3) an overlapping area in the range of 0.5 mto 1 m,
between contiguous sensors to ensure accurate point clouds alighnment and external extrinsic
calibration process. Table 4.1 summarizes the parameters of the proposed scanning system. It is
worth mentioning that the acquisition stage can be easily adapted for larger vehicles by

including extra sensors along the line of Kinects K0, K1 and K2.

Table 4.1 : Parameters of the proposed scanning system.

IR camera RGB camera

Horizontal field of View 57° 61°
Vertical field of view 43° 47°
Distance between sensors (K0,K1),(K1,K2) 1.3 m 1.3 m
Distance between sensors (K0,K4),(K2,K3) 2.66m 2.66m
Height of the sensors over the ground 1m 1m
Distance between (K0,K1,K2) sensors and vehicle 2m 2m
Horizontal overlapping area between two sensors 0.85m 1.15m
Coverage area for each sensor 22mx1.6m|235mx1.75m
Total coverage area for the (K1, K2 and K3) depth sensors | 4.8 mx1.6m | 495mx1.75m

4.7 Interference Issues

As discussed in Chapter 3, Kinect sensors operate on the principle of structured lighting
for depth measurements. Each Kinect sensor projects an IR pattern over the scene and
compares the IR image of this projected pattern with an image of the predefined pattern stored
in internal memory to calculate the depth. Multiple Kinect devices working simultaneously in
the same environment create interference one to each other within the overlapping regions
between contiguous Kinect sensors since all Kinect devices project the same pattern of infrared
points at the same wavelength to create their respective depth map. As a result of interference,
a given Kinect sensor is unable to determine the proper correspondences for parts of the
pattern. This produces holes on the depth maps of overlapping sensors. The effect is shown in

Figure 4.7(b) where a depth map of a mockup car door is generated by one Kinect sensor
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operating alongside a second unit that simultaneously projects its own IR pattern over the same
surface. The corresponding depth map when only one Kinect device operates on the object is
shown in Figure 4.7(a). The interference created by multiple and simultaneous IR pattern
projections over a same scene is demonstrated by the appearance of multiple holes over all

sections of the objects.

(a) (b)
Figure 4.7 : Comparison of depth maps: a) without interference from another IR projector, b) with
interference from another IR sensor.

To prevent this problem, the solution is to collect data sequentially over different time
slots. Unfortunately, Kinect sensors do not have any software switch to only shutdown the IR
projector. Therefore, Kinect devices should be completely shut down in alternance and then re-
initialized sequentially to image the entire automotive body panels. This process introduces
minor delays between the shots, where the amount of time needed to shut down the device
and re-initialize the next device impacts the speed of acquisition. The delay slightly varies
depending on the number of devices attached to the system. In our setup, the delay is between
1 and 2 seconds to perform data collection over the entire vehicle, when 5 Kinect devices are
connected to the acquisition system. The OpenNI framework is used to control the Kinect
sensors. In a first time slot, sensors K1, K3 and K4 simultaneously collect their respective
information. No interference happens since their respective fields of view do not overlap. Next,

sensors KO and K1 complete the scan of the vehicle.
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4.8 Summary

This chapter examined the design considerations of a multi-camera system based on a
network of Kinect sensors. The layout of the proposed system was presented with a discussion
about the hardware requirements. The hardware and software communication details were
discussed next. Then the four steps required for system integration were detailed in terms of
calibration components. Some limitations related to Kinect sensors were taken into the
consideration to determine the proper positioning of the sensors around a standard size
vehicle. Attention was paid in the design to properly support the calibration procedure that will
be detailed in the next chapter, while also ensuring the quality of the color and depth data
collected by the acquisition system. Finally, interference issues appearing when using multiple

Kinect devices simultaneously were investigated and a solution was proposed.
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Chapter 5. Multi-Camera System Calibration

A premise to almost all multi-camera computer vision applications is the accurate
calibration of all camera sensors. Chapter 2 introduced some methods to achieve such
calibration that are either based on a classical 2D planar calibration target [23] [24] [25] [27] or
a non-planar target [30] [36] [38] [40]. The use of points extracted over a non-coplanar target
result in more accurate calibration than with a coplanar target due to the lack of
correspondence between the points over the target itself [23]. However non-coplanar targets,
i.e. 3D calibration objects, are more complex to design. A planar target with coplanar points is
easy to create but requires more than one view to generate a sufficiently large number of

points to perform robust calibration.

This chapter proposes a method to calibrate multi-camera systems. The approach is
implemented and validated, more particularly, using the vision system designed in the previous
chapter. The proposed method combines the strengths of approaches based on classical 2D
calibration targets to model the internal behavior of each camera sensor, and also uses the
target to generate a cloud of 3D points, to achieve precise and complete inter camera
registration. Of particular interest in the current imaging framework, advantage is taken of
depth sensors to generate the 3D point clouds and that information is used to estimate the
registration parameters between sensors. The method is suitable for RGB-D cameras, like the
Microsoft Kinect. It is also further extended to support the calibration between a robotic

manipulator and the multi-camera network using a 2D calibration target mounted on the robot.

5.1 Camera Calibration Overview

The calibration procedure of the network of RGB-D sensors is divided into two stages, i.e.
internal and external calibration. The internal calibration procedure estimates the intrinsic
parameters of each camera within every device as well as the extrinsic parameters between the
RGB and the IR cameras inside a given Kinect unit. The external calibration estimates the
extrinsic parameters in between any respective pair of Kinect devices. In the first stage, the

intrinsic parameters of every camera are estimated. This also includes the estimation of lens
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distortion parameters for each. Since these parameters are fixed and completely independent
from the positioning of the cameras, it is convenient to estimate these parameters separately
for each camera. Each Kinect sensor consists of a color and an IR camera. Therefore, the
internal intrinsic parameters are estimated for both cameras, separately. The relative position
and orientation of the color and IR cameras into a given Kinect unit is fixed, but only roughly
defined by parameters reported in the literature and not very precisely reproduced in every
Kinect device, as our experimentation with several Kinect units demonstrated. Therefore, the
extrinsic parameters between these two cameras are also estimated individually for every
Kinect used in the network, as part of the calibration procedure. These internal extrinsic
parameters help in more accurately merging the color and depth data collected by one Kinect

unit, as will be discussed in section 5.2.4.

All of the fixed parameters of the RGB-D sensors are estimated in a first calibration stage.
In a second stage, the relative position and orientation between pairs of Kinect units are
estimated. Prior to performing the second phase of the calibration procedure, all Kinect units
involved in the network are positioned according to the system configuration developed in
Chapter 4. The relative position and orientation between Kinect units is estimated with respect
to their respective IR camera. This choice is made because the depth data, which is used for
calibration, is readily generated with respect to the IR sensor. The second calibration stage
provides the external extrinsic parameters. It needs to be repeated every time there is a change
in the configuration of one or more Kinect units in the network of sensors, while the internal
intrinsic and extrinsic parameters can be preserved. The latter remain independent of the
multi-camera network configuration, as long as the same Kinect units remain in operation. The
overall proposed calibration procedure is illustrated in Figure 5.1. The following two sections

detail the proposed calibration procedure for the network of Kinect sensors.
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Figure 5.1 : Overview of the proposed calibration procedure for a network of Kinect RGB-D sensors.
5.2 Internal Calibration

5.2.1 Intrinsic Parameters Estimation for Built-in Kinect Cameras

The internal calibration procedure includes the estimation of the respective intrinsic
parameters for the color and the IR sensors, which are: the focal length(fy, f,), the principal
point(0y, 0,), and the lens distortion coefficients (kq, k3, p1, D2, k3) [24]. Because the RGB and
IR cameras exhibit different color responses, the proposed calibration technique uses a regular
checkerboard target of size 9x7, as shown in Figure 5.3 that is visible in both sensors' spectra.
During internal calibration the Kinect’s IR projector is blocked by overlapping a mask on the

projector window as shown in Figure 5.2, since it cannot be turned off by the driver software.
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The IR projector otherwise introduces noise over the IR image as shown in Figure 5.3(a).
Without projection, the IR image becomes too dark to accurately retrieve features points from
it, as shown in Figure 5.3(b). Therefore, standard external incandescent lamps are added to the
setup to illuminate the checkerboard target, which improves the quality of the IR image, as
shown in Figure 5.3(c). The color image is not affected by the IR projection and creates a clear

pattern under these lighting conditions, as seen in Figure 5.3(d).

(a) | (b)

Figure 5.2 : Covering projector’s window during internal calibration: a) without mask b) with mask.

(c) (d)
Figure 5.3 : Views of the checkerboard in different configurations: a) IR image with IR projector, b) IR
image without IR projector, c) IR image with incandescent lighting and without IR projector, and d)
color image with incandescent lighting and without IR projector.

The checkerboard is printed on a regular A3 size paper of 420 x 297 mm. Regular mat

paper is preferable to glossy photo paper because it does not reflect back the bright blobs that
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can be created by the external incandescent lamps in the IR image plane. To ensure the best
calibration results, the calibration target is moved within the entire field of view of the Kinect
sensor and 100 images of the calibration board are collected from both the color and the IR
cameras. Both images are synchronized in each frame, such that they can be used for extrinsic
calibration between the cameras (next section). These images contain the projection of the 3D
object points, which are the corners of the checkerboard target in the pattern coordinate
system. The 2D corresponding points of each view of the checkerboard are extracted by
OpenCV findChessboardCorners function [49]. This function gives the location of the corners on
the image plane. All the 2D projection points along with the 3D object points are then used to
calculate the intrinsic parameters of camera using OpenCV calibrateCamera method. This
method estimates the intrinsic and extrinsic parameters for each view of checkerboard using
Zhang’s camera calibration method [24]. The method also calculates and minimizes the
reprojection error that is the sum of the square distance between 2D image points (obtained
from corners extraction) and projected 2D points using the current estimation of intrinsic and

extrinsic parameters.

Reprojection error = Z[(xi — %)%+ (yi — 9% (5.1)

l

Where (x;, y;) and (X;, ¥;) denote the image points and the projected points respectively.

The method is applied on 10 groups of 30 images randomly selected among the 100
captured images. Each group contains random samples of the images which helps achieve
accurate calibration over the entire workspace of the cameras since during image capture the
checkerboard is moved in a series of steps from left to right and top to bottom over the
complete field of view of the cameras. The calibration method returns the reprojection error
and the estimated intrinsic parameters for each group of images. Among the results, the
intrinsic parameters with the least reprojection error are selected. The results of the intrinsic
calibration with the least reprojection error are shown in Table 5.1 for five Kinect sensors

involved in the network.
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Table 5.1 : Internal intrinsic calibration of embedded sensors.

Intrinsic Parameters of IR camera in pixels

sensor | fur | fyr | Oxir | Oy r | Reprojection Error
KO 584.2 | 582.6 | 326.7 | 233.5 0.136
K1 585.9 | 583.8 | 325.2 | 242.3 0.148
K2 597.7 | 595.7 | 322.2 | 232.1 0.131
K3 599.0 | 597.1 | 331.5 | 240.3 0.157
K4 581.7 | 579.5 | 319.6 | 246.3 0.145
Intrinsic Parameters of RGB camera in pixels

sensor | fx res | fy ree | Ox res | Oy res | ReprojectionError
Ko 517.9 | 516.7 | 321.0 | 245.6 0.127
K1 518.8 | 517.0 | 331.1 | 261.4 0.124
K2 535.7 | 537.3 | 336.2 | 252.8 0.129
K3 525.1|523.0 | 322.1 | 255.1 0.153
K4 517.2 | 515.2 | 319.7 | 254.8 0.146

Distortion Parameters of IR camera

sensor k1 k> P1 P2 ks Reprojection Error
KO -0.1193 | 0.5768 | 0.0011 | 0.0037 | -0.8692 0.136
K1 -0.1323 | 0.6297 | -0.0004 | 0.0028 | -0.9595 0.148
K2 -0.1279 | 0.7134 | 0.0003 | 0.0014 | -1.2258 0.131
K3 -0.1505 | 0.6235 | 0.0004 | 0.0033 | -0.9402 0.157
K4 -0.1394 | 0.7395 | 0.0019 | 0.0018 | -1.2704 0.145

Distortion Parameters of color camera

sensor k1 k> P1 P2 ks Reprojection Error
KO 0.2663 | -0.8656 | 0.0015 | -0.0053 | 1.0156 0.127
K1 0.2918 | -1.0374 | -0.0012 | -0.0056 | 1.4310 0.124
K2 0.2914 | -1.1027 | -0.0002 | -0.0009 | 1.5614 0.129
K3 0.2516 | -0.9045 | -0.0015 | 0.0017 | 1.1420 0.153
K4 0.2380 | -0.8270 | -0.0010 | 0.0020 | 1.0251 0.146

The focal length of the IR camera is larger than that of the color camera, i.e. the color
camera has a larger field of view. It is also apparent that every Kinect sensor has slightly

different intrinsic parameters. This confirms the need for a formal intrinsic calibration to be
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performed on every device to support accurate data registration. The typical focal length value
of the IR camera is 580. According to the calibration results, the maximum deviation from this

nominal value is 3.25 percent in all five sensors.

The radial distortion in the Kinect sensor is not very significant and hardly noticed in
practice. Figure 5.4(a) shows one original image provided by the Kinect color camera. The long
green wire holder appears relatively straight, as well as the lines on the checkerboard targets
which are more centred in the image. An undistorted image produced with the estimated
distortion parameters for the color camera reported in Table 5.1 is shown in Figure 5.4(b). Little
transformation can be seen at the edges of the image, but no major effect is perceived over the
straight components of the scene. It can therefore be concluded that the lens used in the Kinect
color camera performs well within the field of view that it supports, and that distortion
estimation and correction might not be required for most applications being supported by this

imaging technology.

(@) | (b)

Figure 5.4 : Effect of lens distortion in Kinect color camera: a) original image b) undistorted image.

5.2.2 Evaluation of Intrinsic Parameters

After calibration, both the RGB and IR cameras achieve reprojection error between 0.12
and 0.16 pixel, which is better than the original performance given by the Kinect sensor. The
reprojection error without calibration of the IR camera is greater than 0.3 pixel and that of the

color camera is greater than 0.5 pixel [46]. Through calibration of the devices, the reprojection
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error improves by a factor of two in the case of the IR camera, while for the color camera it

improves by a factor of three. The summary of comparison is presented in Table 5.2.

Table 5.2 : Comparison of Kinect camera performance with calibration and without calibration.

Average Reprojection Error | Average Reprojection Error
. . . ] . Improvement
Camera Without Calibration After Calibration (%)
(Pixel) (Pixel) °
IR 0.312 0.143 54.2
Color 0.523 0.135 74.2

The quality of the intrinsic calibration method, as discussed above, is evaluated by the
reprojection error. Some experiments are also performed to further observe the effect of
inaccurate intrinsic parameter estimates during reconstruction. The Kinect sensor provides the
depth of each pixel captured via the IR image, but the exact location of the pixel in the X and Y
directions depends on the intrinsic parameters. For these experiments, the Kinect sensor is
placed in front of a rectangular and planar object of size 60x25cm. The object is kept parallel to
the Kinect IR camera image plane. As discussed in chapter 3, the Kinect depth data is more
accurate in close range, therefore the object is placed at a distance of 60cm where the
guantization step size is about 1mm. First the planar object is imaged using the experimentally
obtained intrinsic calibration parameters. The reconstructed model of the object is then
projected into the world coordinates. The reconstructed object is shown in Figure 5.5(b), where
the red silhouette defines the actual size of the object. We can observe that under these
acquisition conditions with fine internal calibration of the IR camera, the reconstructed object is
completely surrounded by the silhouette, which reveals reconstruction with an accurate scale.
The same experiment is also performed using the default intrinsic parameters encoded in
OpenNI [47] and the result is shown in Figure 5.5(c). In this case the reconstructed object is
significantly enlarged as compared to the red silhouette defining the size of the original object.
The blue silhouette highlights the scaled dimensions, which are increased by 8.6mm in width
and 6.2mm in height with the default intrinsic parameters used by OpenNI [47], as detailed in
Figure 5.5(d). Therefore, a formal estimation of the intrinsic parameters within any Kinect

sensor helps improve the accuracy on the scale of the reconstruction.

65



6.2 mm

(d)
Figure 5.5 : Reconstruction of a planar target. Red silhouette shows the actual size of the object. a)
experimental setup, b) reconstruction using experimental calibration parameters, c)
reconstruction using OpenNI default parameters, blue silhouette highlights the extended
dimensions, d) difference in the size.

The two evaluations of the estimated intrinsic parameters discussed above, one based on

the reprojection error and one based on the dimensions of the reconstruction of an object,
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demonstrate the improvements achieved with a formal calibration performed to estimate the

intrinsic parameters for every Kinect unit.

5.2.3 Extrinsic Parameters Estimation Between Built-in Kinect Cameras

The respective position and orientation of the color and IR cameras in each Kinect unit
can be determined by stereo calibration. The camera calibration method proposed by Zhang's
[24] also provides the location of the checkerboard target with respect to a camera coordinate
system as shown in Figure 5.6. If the target remains fixed for both cameras, then the

geometrical transformation between the cameras is defined by Equation (5.2).

Checkerboard

z

Hir

IR camera RGB camera

y y

Figure 5.6 : Stereo calibration
H = HIRH};(%B (5.2)

where H is the homogenous transformation matrix (consists of a 3x3 rotation matrix, R, and a
3x1 translation vector, T) from the IR camera to the RGB camera, H;z is the homogenous
transformation matrix from the IR camera to the checkerboard target, and Hys;p is the
homogenous transformation from the RGB camera to the checkerboard target. Applying the
classical calibration procedure on feature points extracted over the checkerboard calibration
target respectively in the color and IR images, the experimentally estimated translation and
rotation parameters for the internal extrinsic calibration between the IR and RGB sensors are
shown in Table 5.3 for the five Kinect sensors, all Kinect for Xbox360 type, used in our

experiments.
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Table 5.3 : Extrinsic calibration of embedded sensors
Translation (cm) and Rotation (degree) between IR and RGB

sensor T, T, T, Ry R, R,
KO 2.50 | 0.0231 | 0.3423 | 0.097 | 0.103 | -0.469
K1 2.46 | -0.0168 | 0.1426 | 0.280 | 0.183 | 0.441
K2 2.41 | -0.0426 | 0.3729 | 0.154 | 0.372 | -0.429
K3 2.49 | 0.0153 | 0.2572 | -0.263 | 0.423 | 0.200
K4 2.47 | 0.0374 | 0.3120 | 0.297 | 0.200 | 0.257

The physical separation between the IR and the RGB sensor in every Kinect is about 2.5
cm, which can be validated by measuring the distance between the two cameras on the Kinect
sensor. The displacement in y and z directions is difficult to physically measure because it is
fairly small, but the experimental results demonstrate only tiny variation in the y (vertical)
direction. A slightly larger translation is however noticed along the principal axis of the cameras
(z direction). This is because each camera has slightly different focal lengths and the location of
the optical center is different inside the Kinect unit for each camera. The typical focal length of
the IR camera is 580 pixels and the size of each pixel on the image sensor in real-world units
found in the datasheet is 5.2umx5.2um. This gives the location of the optical center to be
580*5.2um = 3.01mm behind the lens of the IR camera. The typical focal length of the color
camera is 525 pixels with a pixel size of 2.8umx2.8um. This gives the location of the optical
center to be 525*2.8um = 1.47mm behind the lens. The theoretical difference between optical
centers in the z direction is therefore 1.54mm, assuming that both lenses are exactly aligned.
The results of the calibration are between 1.4 mm and 3.7 mm in the z direction. With respect
to orientation, the experiments demonstrate that both sensors are almost perfectly parallel
one to each other, as all rotation parameters are inferior to 0.5 degree with respect to each
axes. The external calibration parameters allow to accurately relating the color and depth data

collected by a single Kinect unit.

5.2.4 Registration of Color and Depth Within a Given Kinect Device

The Kinect sensor does not readily provide registered color and depth images. Once the
internal intrinsic and extrinsic parameters are determined for a given Kinect unit, the procedure

to merge the color and depth based on the estimated registration parameters is performed as
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follows. The first step is to properly relate the IR image and the depth image. The depth image
is generated from the IR image but there is a small offset between the two, which is introduced
as a result of the correlation performed internally during depth calculation. Figure 5.7(b) shows
the null band in the horizontal direction on the right side of the depth image. The width of the
null band is about 8 pixels. In the vertical direction the null band is not visible. This is explained
by the fact that the IR camera has a resolution of 1280x1024, which comes down to 640x512
when the resolution is reduced by half. The Kinect actually returns a 640x480 raw disparity

image, therefore, the band in the vertical direction is clipped off [45] [46] but still exists.

(a) (b)
Figure 5.7 : Shift between the IR and the depth images: a) IR image, b) depth image with black border

in the rightmost columns showing the magnitude of the shift.

The offsets in the depth image can be removed by using Equation (5.3), which
implements the experimentally obtained offset parameters. The actual offsets are calculated by
fitting the IR and depth images on top of each other and by displacing the depth image until it
exactly fits with the IR image. The test is performed on a few sets of images and it provides
some constant offsets of 5 pixels in the horizontal direction and 4 pixels in the vertical direction.
As a result, each pixel of the depth image can exactly map the corresponding pixel in the IR
image. Therefore, all the intrinsic calibration parameters estimated for the IR camera can be

applied on the depth image.

depth(x,y) = depth_o(x — 5,y — 4) (5.3)

where x and y are the pixel location, depth_o(x, y) is the offseted depth map generated by the

Kinect depth sensor, and depth(x, y) is the corrected depth map.
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The second step to register color and depth information is to transform both the color
and the depth images to compensate for radial and tangential lens distortion using OpenCV
[49]. This function estimates the geometric transformation on the images using the distortion
parameters and provides the undistorted color image and the undistorted depth image
depth_ud(x,y). Even though it was demonstrated in section 5.2.1 that distortion does not play
a major role in the acquisition of images with Kinect sensors, the distortion compensation
procedure is preserved in our implementation, in order to achieve the best possible accuracy

on the textured 3D reconstruction.

The following step consists in determining the 3D coordinates corresponding to each
point mapped in the undistorted depth image. Back projection in the real Cartesian world is
achieved using Equations (5.4) to (5.6) and the experimentally estimated intrinsic parameters of

the IR camera.

B (x — 0y 1g) depth_ud(x,y)

X (5.4)
IR fx_IR

v, = (y — 0, 1r) depth_ud(x,y) (5.5)
fy Ir

Zig = depth_ud(x,y) (5.6)

where (X;g,Yir, Z;g) are the 3D point coordinates of a depth image with respect to the IR
camera reference frame, (x,y) are the pixel location in the undistorted depth image,
(fx_ir» fy_1r) represent the focal length of the IR camera, (O iz, 0y r) is the optical center of
the IR camera, and depth_ud(x, y) is the depth of a given pixel (x, y) in the undistorted depth

image.

Next, the corresponding color is assigned from the RGB image to each reconstructed 3D
point P;r(Xir,Yir, Z1g)- The color is mapped by transforming the 3D point P;; into the color
camera reference frame using the internal extrinsic camera parameters, and then reprojecting
that point on the image plane of the RGB camera using its intrinsic parameters to find the pixel

location in the undistorted color image. This is achieved using Equations (5.7) to (5.9).
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Pres(Xre) Yrer ZrRGB) = R.PIp + T (5.7)

X
v = (FRSE) 4 (5.8)
RGB
Veos
y = ( - "“-RGB> + 0y res (5.9)
RGB

where P is the 3D point with respect to the color camera reference frame, R and T are the
rotation and translation parameters from the color camera to the IR camera estimated from
internal extrinsic calibration, H™! in Equation (5.2), and (x,y) is the location of color

information in the undistorted color image.

5.2.5 Evaluation of Registration between Color and Depth

The accuracy of color and depth registration achieved after calibration with the proposed
procedure is calculated by the following experiment and it is compared against the color and
depth registration that is achieved using the parameters by default encoded in the OpenNI
framework. A mockup door is positioned in front of the Kinect sensor at 1.5m. The color of the
door and the background wall appeared to be fairly similar in the color image as shown in
Figure 5.8(a). Therefore, a scattered scene is created by placing some dark brown color boxes
behind the door to better observe the mismatch in the color on the door after registration.
First, the door is reconstructed with the registration method defined in OpenNI and the result is
shown in Figure 5.8(b). The brown color from some background objects is clearly seen around
the 3D textured door model. The maximum size of the mismatch between color and depth
along the border of the door is 6.6mm. Second, the door is reconstructed using the method
described in section 5.2.4, which makes use of the refined internal intrinsic and extrinsic
calibration parameters obtained experimentally. The 3D textured reconstruction generated
with the proposed calibration and registration methods is shown in Figure 5.8(c). The
improvement on the sharpness of the alignment between color and depth is qualitatively
visible. The size of the maximum mismatch is also reduced to 2.3mm, and only appears
sporadically over some sections of the contour of the door. The proposed technique therefore
demonstrates superior performance to that achieved with hardcoded, device independent,

calibration parameters in the OpenNI framework for the Kinect sensor. The random noise
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appearing as white dots over the reconstructed door model is an artifact resulting from the
capture of 2D images from the 3D point cloud to produce these figures. This noise is not related

with the color and depth merging process.

| "" ’L’i e

n i

(@ (b) (c)
Figure 5.8 : Evaluation of color and depth registration and fusion: a) color image, b) registration with
OpenNI method and default parameters, c) registration with proposed method and
experimentally estimated calibration parameters.

Another experiment is conducted to validate the performance of the color and depth
registration method, with formal calibration, on a real car which covers a wider scene, as
required in the context of this research. Figure 5.9 shows the colored depth information in the
range 0-2.5m from the slightly different points of view of the color and IR cameras contained in
a same Kinect device. The difference in position and orientation between the two cameras
contained in the Kinect unit is accurately compensated for by the estimated extrinsic
parameters obtained from internal calibration. The accuracy of the color and depth merging
can be seen around the wheel where the color of the wheel and that of the car are clearly

separated.

(a) (b)

Figure 5.9 : Registration of color and depth images: a) color image, b) colored depth image.
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5.3 External Calibration

The parameters estimated in this phase of the calibration process are the extrinsic
parameters, position and orientation, of the IR cameras belonging to every Kinect sensor. The
external calibration is performed between pairs of IR cameras for efficiency and accuracy
considerations because depth information is generated by default with respect to the IR
cameras when working with Kinect RGB-D sensors. However, since internal extrinsic calibration
between the color and IR cameras within any Kinect unit has been previously defined,
equivalent calibration parameters between the color cameras of different Kinect units can be
computed. The concept behind the proposed external extrinsic calibration method consists in
determining, for every pair of sensors, the position and orientation of a fixed planar
checkerboard in real-world coordinates. Knowing the orientation and center point of the
planar target from two different points of view (i.e. two sensors), it is possible to estimate the

relative orientation and position change between the sensors.

5.3.1 External Calibration Procedure

The procedure developed for external calibration consists in positioning a standard planar
checkerboard target within the overlapping fields of view of any two Kinect sensors. Because of
limited overlapping space due to large baseline between the sensors that are combined in a
network to ensure coverage over a wide workspace, the target should be placed as close as
possible to Kinect sensors within that overlapping space, but not less than 100cm, where the IR
projector noise is strong enough to distort the target image. The Kinect provides more accurate
data in closer range, therefore setting a target in close range also gives more accurate target
points. The result of the method is a rigid body transformation that best aligns the data
collected by a pair of RGB-D sensors. The calibration method is suitable for Kinect sensors as it
takes advantage of the rapid 3D measurement technology embedded in the sensor and
provides registration accuracy within the range of the depth measurements accuracy provided
by this technology. Another important advantage of this method is the fact that it is
unnecessary to cover the Kinect infrared projector to perform this phase of the calibration,

which facilitates manipulations when dealing with the network of Kinect devices.
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The choice of target is important to collect a sufficiently large number of points. The
overlapping region between two sensors is limited and the size of the target cannot be bigger
than the overlapping region. A special target was created that resembles the traditional
checkerboard calibration target. The only difference was that the black boxes of the
checkerboard target were replaced with augmented reality (AR) tags, as shown in Figure 5.10.
This target was experimented with in an attempt to collect a larger number of feature points
within the limited overlapping region. Indeed, each AR tag contains four outer corners points
and up to eight inner points which allowed to multiply the number of feature points by two or
three. However, our experiments revealed that the tags cannot always be detected with the
imaging resolution supported by Kinect sensors and under the external noise created by the IR
projector. Therefore, this calibration target provided unreliable results. In conclusion, the
classical checkerboard target was selected as it ensures reliable and easily detectable features
points, even though they appear in smaller number. The format of a grid of 9x7 black-and-white
square boxes printed over a regular A3 size paper of 420 x 297 mm, as shown in Figure 5.3, was
adopted as it represented the best compromise between the overall size of the calibration
target and the number of features points that can be reliably extracted.

‘= B = B =

-

-
=

Figure 5.10 : Alternative checkerboard with augmented reality (AR) tags.

The method consists in finding a coordinate frame of the checkerboard target that is
located in the center of a target with respect to RGD-B sensors. If the coordinate frame of the
checkerboard is known with respect to two Kinect sensors for a fixed target, then these
information can be utilized to find the homogenous transformation between both Kinect
sensors. The center of the checkerboard gives the translation of the checkerboard frame with
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respect to the RGD-B sensors and unit vectors of the coordinate axes provide information about
the rotation matrix in between the sensors. The first step is to find the 3D coordinates of the
corners of the checkerboard pattern with respect to the IR camera reference frame, using
Equations (5.4) to (5.6). When the checkerboard target is positioned in front of a Kinect sensor,
the IR projector pattern appears on the checkerboard target as shown in Figure 5.11(a). This
pattern creates noise and makes it difficult to extract the exact corners using OpenCV [49]. This
noise is similar to salt and pepper noise. A median filter of size 3x3 provides a substantial

reduction in the level of noise without blurring the image, as shown in Figure 5.11(b).

@ (b)
Figure 5.11 : Checkerboard target for external calibration: a) affected by the IR projected pattern, b)
filtered IR image using a Median filter of size 3x3.

Moreover, the extracted points are not entirely mapped over a single plane because of
the quantization effects in the Kinect depth sensor. Therefore, the corner points of the visible
checkerboard are used to estimate a three dimensional plane, Equation (5.10), that minimizes
the orthogonal distance between that plane and the set of 3D points. The equation of the plane
then permits to estimate the orientation in 3D space of the target with respect to the IR

camera.

z=Ax+By+C (5.10)

Let the 3D coordinates of the corners extracted from the checkerboard target be

S1(%1,V1,21), S2(x2,¥2,22), oy Sp(Xn, Yno Zn), then the system of equations for solving the
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plane equation are Ax; + By; + C =z, Ax, + By, + C = z,, ..., Ax, + By, + C = z,,. These

equations can be formulated into a matrix problem.

x1 y1 1 4 Z

X2 Y2 1 22

. S LBl = (5.11)
Xn Yn 1 ¢ Zn

This over-determined system is solved for the values of A, B, and C by well-studied
geometrical problem known as the orthogonal distance regression plane problem [50], which
provides the best fit plane on those points. All the 3D points, S;,, are projected on the best fit
plane as P,. These points now serve to define the center and the three unit vectors of the
coordinate frame of the checkerboard. However, the projected points, P, do not represent the
exact corners of the checkerboard. Therefore the center cannot be defined by the intersection
of only two straight lines, generated from pairs of opposite feature points over the
checkerboard pattern, and passing close to the center of the target. Figure 5.12(a) shows the
entire set of possible straight lines passing close to the center. The closest point to all the

possible intersections between these lines is selected as a center point 0.

L /
\f_.f'
(a) (b
Figure 5.12 : a) Possible combinations of feature pairs straight lines passing through the center of the
checkerboard, b) the resulting normal vector and the center of a checkerboard target.

Two points P; and P; are selected on the plane to define vectors ﬁi and 7131 The normal

to the plane is then defined by the cross product:
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OP; x OP,

- — (5-12)
|0P;, x 0P|

This normal is the unit vector of the z-axis of the checkerboard frame with respect to the

RGB-D sensor. The unit vector of the y-axis of the checkerboard can be found by any two

vertical points in the checkerboard. Let’s P; and P; be the two vertical points where P; is the top

end and P; is the bottom end of a vertical line. N is the total number of possible combinations

of vertical lines. The average unit directional vector then can be defined as:

Nz P P| (5.13)

This unit vector is the unit vector of the y-axis of the checkerboard frame with respect to
the RGB-D sensor. The last unit vector for the x-axis can be found by a cross product, defined

as:

X=y X z (5.14)
All the unit vectors of the coordinate frame of the checkerboard target can be combined
to define the rotation matrix between the RGB-D sensor and the checkerboard frame as:
xx yx ZX
R = Xy Yy Zy (5.15)
xZ yZ ZZ

The translation is the same as the location of the center of the checkerboard frame.

T=[0x 0y 0] (5.16)

R and T are the rotation and the translation of the checkerboard frame with respect to
the Kinect IR sensor. The position and orientation between two Kinect sensors can be
determined by the following procedure. Let H; and H, be the homogenous transformations
between Kinect 1 and the checkerboard and between Kinect 2 and checkerboard respectively,
as shown in Figure 5.13. If the target remains fixed for both Kinect sensors, then the

geometrical transformation between the sensors is defined as follows:
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H= H,H{! (5.17)

where H is the homogenous transformation matrix from the Kinect 2 to the Kinect 1 sensor.

Checkerboard

z

Kinect 1

H

Figure 5.13 : Extrinsic calibration

5.3.2 External Calibration Method Implementation

The external calibration method described in the previous section requires depth
information from the sensor and is only applicable if the depth of each point over the target is
known. This method is suitable for RGB-D sensors like the Kinect. The only important limitation
to the method is that the target must be located sufficiently far from the camera. When this
condition is not satisfied, two problems can be observed. When the calibration target is closer
than the minimum depth of field of the sensor, that is within 50 cm for the Kinect sensor, then
no depth data can be collected. The second problematic situation observed is when the
calibration target is placed in close proximity to the minimum depth of field of the sensor that is
between 50cm and 100cm from the Kinect. Then the IR projector noise tends to be strong
enough for the median filter to fail at generating a sharp enough IR image for the corners

detector to reliably extract the feature points required to perform extrinsic calibration.
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Fortunately, these cases do not appear with the multi-camera system designed here to operate

over a large volume.

This method is tested in the laboratory on a network comprised of four Kinect sensors.
Three sensors, KO, K1 and K3, are separated with large baselines and placed at similar height of
1.65m above the ground, as shown in Figure 5.14. The baseline between Kinects K1 and KO is
1.3m, and between KO and K3 is 2.1m. The viewing angle is almost parallel to the ground for
Kinects KO, K1 and K3. To monitor the performance of the calibration method, the fourth
Kinect, K2, is placed close to Kinect K1 but at a different height of 1.2m above the ground. The
baseline between K1 and K2 is 0.46m and the viewing angle is not parallel to the floor. The
setup for the experiment is shown in Figure 5.14 from a lateral and a back view, respectively,

with the checkerboard target also visible in the view from the back of the setup.

(a) (b)
Figure 5.14 : Setup for validating the proposed extrinsic calibration method: a) side view showing four
Kinect sensors, b) back view showing three Kinect sensors and the calibration target.

The number of blocks in the checkerboard is 6x7 and the size of each block is 9x9cm. The
Kinect K1 is set as the base reference frame and the position and orientation of the other Kinect
units is estimated with respect to K1. The external calibration procedure is divided in three
steps. In first step the calibration is performed between Kinects K1 and KO by placing the target
in front of both cameras at a distance of 1.8m. External incandescent lamps are used to
illuminate the target for better visibility in the IR camera. The calibration method described in
section 5.3.1 is applied. The results give the transformation from Kinect K1 to KO. Next, the
calibration between Kinects K1 and K2 is estimated in the same manner. The target is not
moved because it is also visible from Kinect K2 in its initial location. Finally, the target is moved
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to be visible simultaneously by Kinects KO and K3 and the calibration procedure is repeated

over that pair of sensors to provide the transformation from KO to K3.

Since Kinect K1 serves as a reference base for the multi-camera vision system, the
calibration is further computed with respect to that base. Kinects KO and K2 have a direct
relationship with K1, immediately defined by the extrinsic calibration parameters obtained in
each case, but K3 needs to be related to K1 through an intermediate node, KO. The relation (K1,

K3) is given by the following equation:

Hyg1cks = HxickoHkocks (5.18)

The physical separation between the devices is already known, as it is measured during
setup using a measuring tape. Although these are not absolutely exact measurements, they can
be used as a reference to compare the results from extrinsic calibration. The comparison is
shown in Table 5.4. The experimentally estimated distance is close to the reference distance
with an error lower than 2% in all cases. The Kinects KO and K3 are almost at the same height
with their optical axis direction parallel to the floor, while K3 is rotated around 60 degrees with
respect to Kinect K1’s y-axis. This reference value for the rotation can be compared to the
experimental result where the rotation around y is estimated at 63.55 degrees, with minor

rotations around other two axes.

Table 5.4 : Extrinsic calibration of the network of RGB-D sensors.

Translation (cm) and Rotation (degree) between two Kinect IR sensors
Distance Distance | Difference
sensor T, T, T, Ry R, R, estimated | measured in %
(cm) (cm)
KO->K1|-131.23 | 6.73 | 0.76 |-0.51| 3.40 |-1.74 131.41 130.0 1.08
K3->K0 |-189.39 | 0.61 | 95.99 | 2.39 | 63.55 |2.46 212.33 210.0 1.11
K2->K1| -2.62 |43.41(-17.28 (19.45|-22.77 |4.24 46.80 46.0 1.73

During calibration the same checkerboard target is also used to determine the extrinsic
calibration parameters between the IR cameras of the different Kinect sensors, but using

Zhang’s camera calibration method. The Zhang’s method only relies on the IR image without
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considering any depth data. The results from Zhang’s method are used to compare against the
results obtained with the proposed method which also uses the depth data. The whole scene is
reconstructed as a textured 3D model using the extrinsic parameters of proposed method on
one side, and using the Zhang’s method on the other hand. The four different views of the
Kinect color cameras are shown in Figure 5.15. The reconstruction of the scene in Figure 5.16(a)
is achieved with the proposed method, while that in Figure 5.16(b) is obtained using Zhang’s
calibration scheme. In Figure 5.16, three different views of the model of the same scene are
presented. The first two views show the reconstruction with the color mapping and the last one
shows the output in four different colors. Each color represents one Kinect. The reconstruction
obtained with Zhang’s method does not provide as good an alignment as the proposed
procedure between the four outputs of the sensors. The limited alignment is clearly seen from
the long green wire holder shown in the second picture of Figure 5.16(b). The reconstructed
wire holder is better aligned and straighter with the proposed method as shown in Figure
5.16(a). A similar impact is visible on the checkerboard object that appears duplicated when
textured 3D models are merged following an external calibration based on Zhang’s approach, as
shown in Figure 5.16(b). This effect is compensated for with the proposed procedure, as seen in

Figure 5.16(a).

Figure 5.15 : Color images captured by Kinect sensors KO0, K1, K2 and K3 respectively.
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(a) (b)
Figure 5.16 : Comparison of the extrinsic calibration results from 3D textured reconstructions of the
scene. Three different views of the scene are presented: a) with proposed method, b) with
Zhang'’s calibration method.
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5.3.3 Evaluation of Possible Refinement on the External Calibration

A common method to evaluate extrinsic calibration is to compare some ground truth
depth data with the reconstructed data obtained with a calibrated network of cameras.
Because of the unavailability of such ground truth data, this is often difficult to perform. The
evaluation presented here rather capitalizes on the bases of the ICP algorithm [9]. The ICP
algorithm iteratively registers point clouds, but also requires user control to properly align
those point clouds. To handle this requirement, the point clouds shown in Figure 5.16, which
are already registered with either the proposed method or Zhang’s technique, are further
treated with an implementation of the ICP algorithm in MeshLab [51]. The improvement
provided by the ICP algorithm to refine the alignment between the point clouds can be seen as
a representation of the remaining error after the formal calibration is used to register the point
clouds. The output of the ICP algorithm represents the transformation matrix between two
point clouds. These improvements on the translation and rotation angles over the alighnment
already provided by extrinsic calibration parameters are reported in Table 5.5. The translation
correction performed by ICP on point clouds previously registered with Zhang's camera
calibration method is between 6cm and 12cm, while when the parameters obtained with the
proposed method are used as seed values to the ICP algorithm, the correction on translations
reduces to values between 1cm and 3cm for all pairs of Kinect sensors. The rotational error
correction is lower than 0.56 degree for the proposed method as compared to values up to 4.05
degrees with Zhang’s camera calibration method.

Table 5.5 : Comparison of corrections on calibration parameters estimated with ICP algorithm for two
calibration methods.

ICP-based corrections to Zhang’s ICP-based corrections to proposed

calibration parameters calibration parameters
Corrections on . Corrections on Corrections on
. . Corrections on . . .
translation |Distance . translation |Distance rotation
rotation (degree)
(cm) (cm) (cm) (cm) (degree)
[Rx Ry Rz]
[xyz] [xyz] [Rx Ry Rz]

KO->K1|[-5.41.0-3.3]| 6.41 |[0.941.39-1.87] | [-1.10.3-0.5]| 1.25 |[[0.190.33-0.54]

K3->KO| [-9.34.11.7] | 10.31 | [1.50.86-0.38] [1.52.40.2] 2.84 {[0.36-0.300.56]

K2->K1|[-9.7 -4.2-4.8]] 11.61 |[-1.874.05-1.02] | [-1.61.3-0.9] 2.25 |[0.390.4-0.04]
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5.4 Calibration of a Network of RGB-D Sensors with a Robotic

Manipulator

The final stage in the design and implementation of the multi-camera system consists of
registering the robotic manipulator with the network of RGB-D cameras in order to achieve
accurate robotic operation under visual guidance. In the previous sections, the calibration of
the multi-camera system was presented, where every RGD-B camera is calibrated with respect
to a global frame of reference. This global frame of reference is set within one of the RGB-D
cameras and the respective position and orientation of all other cameras are defined with
respect to that reference camera. The introduction of the robot into the system brings the
global reference frame into the base of the robotic manipulator, since all operations must be
defined with respect to that base for the robot to understand and perform the desired
movement. The only calibration required between the robot and the peripheral vision system is
therefore between the robot base reference frame and the global reference frame of the RGB-
D cameras network. The estimation of these extra calibration parameters will support the
transformation of all the visual data into the robot frame of reference, which will then be used
by path planning and obstacle avoidance algorithms to guide the robot while performing tasks

under visual guidance.

5.4.1 Setup for Calibration

The system framework for robot calibration with the RGD-B sensors is shown in Figure
5.17. The global reference frame for the entire system is set at the base of the robot. The robot
takes an input defined with respect to its base which specifies the position and orientation of
the tool plate through forward kinematics. In order to determine the needed location of the
robot, the position and orientation of the tool plate needs to be estimated with respect to the
global camera reference frame. As described in section 5.3.1, the position of a calibration
checkerboard can be found with respect to a camera frame. Therefore, a checkerboard
calibration target is precisely attached on the tool plate of the robot, such that the tool plate
and the checkerboard target share a common frame of reference. This completes the

transformation graph in between the robot base and the tool plate reference frames (defined
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by robot’s kinematic model), and in between the tool plate and the camera reference frames
(defined by a vision system calibration procedure), as shown in Figure 5.17. The position and
orientation of the reference Kinect sensor can be then calculated with respect to the base of

robot, which provides calibration between the vision stage and the robotic platform.

Figure 5.17 : Frame transformations between robot, calibration target, and reference Kinect sensor.

The calibration process is divided into three steps. The first step is to align the
checkerboard calibration pattern on the tool plate, which reduces the transformation between
the tool reference frame and the checkerboard target. Practically, it is not possible to exactly
align the target. Therefore the transformation between the tool and the checkerboard can be

defined as:

R T
Hrootcheckerboard = [ (5.19)

0 1
Where HrppiecheckerboaraiS the transformation from the end effector of the robot to the
checkerboard, R is the rotation sub-matrix, and T is the translation vector which compensates

for the thickness of the target.

In the second step, the transformation from the base of the robot to the tool plate is

calculated using the forward kinematic model of the robot. The last step consists of computing
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the position of the checkerboard calibration target with respect to the Kinect sensor, which is
achieved with the calibration procedure presented in section 5.3. The complete transformation

between the robot base and the reference Kinect sensor can therefore be defined as:
HBase<—Kinect = HBase<—ToolHTool«—CheckerboardHCheckerboadeKinect (5-20)

where Hpgseckinect iS the frame transformation from the robot base to the Kinect’s IR camera
reference frame, Hpgseroor 1S the transformation from the robot base to its end effector,
Hroot—checkerboara 1S the transformation from the robot end effector to the checkerboard
reference frame, and Hepeckerboardkinect 1S the transformation from the checkerboard target

to the Kinect’s IR sensor reference frame.

5.4.2 Checkerboard Target Design and Alignment on Tool Plate

A meticulous alignment of the checkerboard on the tool plate of the robot contributes to
reduce the error introduced in the robot-vision calibration procedure. Figure 5.18(a) shows the
CAD diagram of the robot’s end effector tool plate. Four threated holes are available on the end
effector to attach the target. The CAD diagram is first printed on letter size paper, while keeping
the center of the diagram exactly in the center of the paper. This way, the XY coordinates of the
end effector get aligned with the center of the paper. The latter is then attached on a hard
wooden sheet, where holes are drilled according to the diagram. These holes help to attach the
checkerboard target on the tool plate of the robot. The size of the wooden sheet preferably
matches the size of the paper, such that the center of the sheet is centered with the end
effector. The calibration target with a 8x7 checkerboard pattern is printed on another piece of
letter size paper. The size of each block in the checkerboard is set to 3cm. The center of the
checkerboard, as shown in Figure 5.18(b), is printed to align with the center of the paper, as
this is done for the CAD diagram of the end effector. This paper is then directly attached on top
of the wooden sheet, where the CAD paper is already attached. This ensures alignment
between the center of the checkerboard calibration target and the center of the end effector

tool plate.
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Figure 5.18 : Alignment of the checkerboard on the robot end effector.

The four threated holes in the wooden sheet help keep the calibration target rigidly in
place and eliminate any rotation between the two reference frames, as well as any translation
in the XY plane. The only translation present is due to the thickness of the calibration target, w.
This transformation can be defined as:

(5.21)

Hiootcheckerboard =

oS R OO

0
0
w
1

S O O R
S O RO

where Hipoiccheckerboara 1S the transformation from the end effector to the checkerboard
target, and w is the thickness of the board that is 0.5cm. Figure 5.19 shows the checkerboard

attached to the end effector.

Figure 5.19 : Robot carrying a checkerboard target during vision-robot calibration.
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5.4.3 Calibration of Robot with Kinect

In order to perform the vision-robot calibration procedure, the robot end effector is
brought in front of the Kinect sensor and the distance between the sensor and the end effector
is set to at least 50cm, which represents the minimum depth of field of the Kinect depth sensor.
After positioning the robot, the transformation from the robot base to the end effector is
determined using the robot forward kinematics. Figure 5.20 shows the robot with all its joints.
The robot is mounted on a 2-meter linear track to translate in the workspace. In the home
position, the base, which is located at one end of the track, and jointl (J1) are on the same
location. The complete forward kinematic from the base to the tool is defined in Equations

(5.22) to (5.29).

J3 (elbow)
J4 (wrist rotate)

| "<—Too| (tool roll)
J5 (waist pitch)
2 (shoulder)

\ A

Figure 5.20 : CRS-F3 robotic system.
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where D is the translation between the base reference and joint JO, which is the length of

translation of the robot along the linear track. 8, to 8, are the joint angles of the joints, J1 to J6,

respectively.

This transformation is then multiplied by the transformation between the tool and the

checkerboard which compensates for the thickness of the checkerboard, as defined in Equation
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(5.21). Finally the result is multiplied by the transformation between the checkerboard and the
camera, which is estimated by the proposed extrinsic calibration method detailed in section
5.3. The transformation provides the position of the reference Kinect IR camera with respect to
the robot base reference frame. The transformation between the base of the robot and the
camera frame is independent from the location of the checkerboard, therefore, the
checkerboard target can be moved over the entire field of view of the reference Kinect sensor.
The target is moved sequentially to 15 different locations between 50cm and 80cm from the
sensor. The size of the target is small, therefore the corners of the checkerboard are not
reliably detectable for larger distances. For each view the location of the base of the robot is
estimated with respect to the reference Kinect sensor. Averaging is performed over the 15
different transformations to estimate the final transformation. As a result, this extra calibration
procedure formally links the reference Kinect sensor to the robot base. Given the entire
intrinsic and extrinsic calibration conducted previously on the network of Kinect sensors, it is
then possible to navigate the robot from the visual and depth information collected from any

Kinect sensor in the network.

5.5 Evaluation of the Calibration between RGB-D Sensors and Robot

To evaluate the calibration between the vision stage and the robot achieved with the
proposed method, the robot is operated to move and point with a stick to certain locations
initially measured by the Kinect sensors in the network. The robot movement being more
precise than the depth and spatial resolution of the Kinect sensors, the error originating from

the robot itself in the pointed position is considered negligible for this evaluation.

In this experiment a few points are selected in the vicinity of the robot workspace.
Selected points are shown in Figure 5.21. Points 1 and 2, in Figure 5.21(c), are selected from the
depth map generated by the reference Kinect K1, which is calibrated with the base of the robot.
Points 3 and 4, in Figure 5.21(b), are selected from the depth map of Kinect KO, which relates to
the base frame through an intermediate node, K1. Lastly, points 5 and 6, in Figure 5.21(a), are
selected from Kinect k3, which relates to the base frame through Kinects KO and K1. All the

points are around 2m away from their respective Kinect sensor.
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(c)
Figure 5.21 : Feature points locations for the robot to reach: a) points defined from Kinect K3, b)
points defined from Kinect KO, and c) points defined from Kinect K1.

For this experiment, the checkerboard mounted on the robot tool plate during the vision-
robot calibration procedure is replaced by a pointer stick of length 26cm. This length is taken
into account in the robot control model in a similar way to the adjustment performed for the
thickness of the calibration checkerboard. Once the scene feature points are transformed in the
base reference frame of the robot, series of commands are sent to the robot to move the
pointer stick toward the selected features, one at a time. For simplicity, during the process, the
orientation of the pointer is set parallel to the ground. Figure 5.22(a) shows the robot pointing
towards point 3. The final location of the end effector does not exactly points on the features in
the real world. This is due in part to the quantization error, which is around 1cm at 2m distance
from the Kinect sensor, and to residuals in the calibration process. The magnitude of the error
in the pointing location is estimated by sending some incremental commands to move the
robot on the exact location in the real world as shown in Figure 5.22(b). These incremental
commands provide an estimate of the residual distance between the end effector and the real-

world feature location. The errors for all six features are presented in Table 5.6.

(a) ' (b)
Figure 5.22 : Moving robot towards selected points with respect to robot base: a) reconstructed point
b) exact point.
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Points 1 and 2 are directly related to the base of the robot and are therefore more precise
than the other points that also depend on intermediate transformations among the network of
RGB-D sensors. As expected, residual errors on the transformations contribute to the error on
the estimation of the location of the actual points. However, the maximum error is overall less
than 2.6cm which is coherent with the relative quality of the data provided by the Kinect
sensor. The maximum error is observed in the x direction for Points 1 to 4 with respect to base
of the robot, which is approximately the z direction for Kinects KO and KI1. Here the

guantization of the Kinect depth sensor is contributing towards the z direction.

The goal of the RGB-D imaging system is to provide a rapid 3D vision acquisition platform
to guide the general movement of a robotic inspection system toward selected regions of
interest over large objects, and given that the robotic platform will be further assisted by the
extra proximity and touch sensing stages for fine interaction of the robot with those objects, as
described in section 4.2, the magnitude of the errors reported here is considered tolerable. The
robot end effector is equipped with a proximity/touch sensing layer that uses SHARP GP2D120X
proximity sensors with a maximum depth of field of up to 40cm. Therefore a tolerance of 2.6cm

in the vision stage can easily be accommodated.

Table 5.6 : Evaluation of the vision-robot calibration.

Point Residual distance (cm) Magnitude (cm)
[xyz]
1 [0.8 0.3 0.6] 1.04
2 [1.00.30.5] 1.15
3 [2.10.5 1.4] 2.57
4 [1.90.6 1.1] 2.27
5 [0.70.7 1.8] 2.05
6 [0.90.71.9] 2.21
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5.6 Summary

This chapter presented the procedure developed and implemented to calibrate a network
composed of multiple RGB-D sensors along with a robotic arm. The intrinsic parameters were
first computed using a checkerboard calibration target for every color and IR camera of the
Kinect sensors in the network. The intrinsic calibration improved the reprojection error of the
color cameras by a factor of two and that of the IR cameras by a factor of three when compared
with data processing performed using default parameters encoded in the OpenNI framework. It
also demonstrated the variability of those parameters among different Kinect units of the same
model. A procedure for internal extrinsic calibration and merge of color and depth data was
also introduced, which demonstrated improved alignment of the measurements collected
within a single Kinect unit, when compared to OpenNI methods. A method for extrinsic
calibration in between separate Kinect units distributed over a network in which some partial
overlap exists in between the respective fields of view of the sensors was also presented. It
takes advantage of the 3D measurement technology embedded in the sensors and provides
registration accuracy within the range of the depth measurements accuracy provided by the
Kinect technology. Finally, a complete integration of the multi-sensor vision stage with an
industrial robotic manipulator was performed and experimentally evaluated for its relative

accuracy when operating the robot under visual guidance provided by the RGB-D sensors.
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Chapter 6. Experimental Validation in Field Operation

This chapter presents the implementation of the multi-camera vision system in a practical
application for automotive vehicle imaging where it covers a large working volume within which
it serves to capture textured 3D data, taking advantage of the integration and registration
between multiple RGB-D sensors distributed in a network and operating collaboratively. It

supports an experimental evaluation of performance in the targeted field operation.

6.1 Setup

The acquisition stage was installed in an underground parking garage, where direct or
indirect sunlight cannot impact on the sensors. The motivation for this testing environment is
that the Kinect sensor cannot acquire depth data under bright ambient light, because the IR
pattern that it projects to create the depth image gets mixed up with the daylight and the

pattern becomes unrecognizable. The setup of the system is shown in Figure 6.1.

Figure 6.1 : Multi-camera acquisition platform setup in real operating environment.

All Kinect cameras are positioned as proposed in chapter 4. Upon initial installation, there
may be some error in the positioning of the sensors, which result in clipping of some parts of
the vehicle. Therefore, after the initial setup and before actual calibration is performed, the
vehicle is parked inside the working volume and the sensors position and orientation are
slightly adjusted to provide a complete view the parts of interest, and ensuring that the entire

height of the vehicle is covered. In this configuration, Kinects KO, K1 and K2 are capturing the
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lateral part of the vehicle and Kinects K3 and K4 are covering the partial front and back regions
of the vehicle, respectively. Kinect K1 is set as the base reference frame for the vision system,
because it is located in the center of the acquisition platform and no more than two
intermediate transformations are required to reach any other Kinect’s frame of reference,

which makes data registration efficient.

6.2 Network Calibration

All the Kinect sensors used in the system can be pre-calibrated for their internal
parameters, which include the intrinsic parameters for the IR and the color cameras
respectively, and the internal extrinsic calibration between the IR and the color cameras. After
the vision stage is properly configured to cover the entire vehicle, ideally the largest model to
be inspected, all the RGB-D cameras are calibrated in pairs for their external extrinsic
parameters between respective IR sensors. The checkerboard target is successively placed in
the overlapping regions of the pairs of cameras. The size of the checkerboard target used in this
process is 56x65cm with a pattern of 6x8 blocks measuring 9x9cm each. The approximate
distance between the calibration target and the RGB-D sensor during calibration is 1.8m. The
external calibration is estimated between the IR sensors of every pair of Kinect sensors using
the proposed method discussed in section 5.3. Figure 6.2 shows the calibration target placed
inside the overlapping region between Kinects KO and K4 during calibration. The calibration
time between a pair of sensors is around 5 sec, which includes the collection time of data

sequentially by both sensors due to interference issues discussed in section 4.6.

Figure 6.2 : Placement of calibration target during calibration of Kinects KO and K4.
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The external calibration process is divided into four steps. In each step the calibration
between a pair of Kinect sensors is estimated. The calibration pairs are (K0, K4), (K1, K0), (K1,
K2) and (K2, K3). The calibration flow is shown in Figure 6.3. Since Kinect K1 serves as the base
reference frame for the multi-camera vision system, the calibration is further computed with
respect to that base. Kinects KO and K2 have a direct relationship with K1, immediately defined
by the extrinsic calibration parameters obtained in each case, but K4 and K3 need to be related
to K1 through an intermediate node, respectively KO and K2. The relations between (K1, K4) and

(K1, k3) are given by the following equations.

Hyg1cka = Hx1ckoHkoka (6.1)

Hy1ck3 = Hxrek2Hgoeks (6.2)

H K1<--K2

H Ko<--K4 H K1 < KO H K2<--K3

Figure 6.3 : Registration between Kinect K1 and all others Kinects in the network.

6.3 Data Collection and Results

After calibration, the data collection with the system is performed in a sequence. The
overlapping regions between two contiguous Kinect sensors might contain interference, since
all Kinect devices project a pattern of infrared points at the same wavelength to create their
respective depth map. This produces small holes over the depth maps of overlapping sensors,
as demonstrated in section 4.6. To prevent this problem, the data is collected sequentially over
different time slots. During the first time slot, sensors KO and K2 simultaneously collect their
respective information. Then, sensors K1, K3 and K4 scan the corresponding regions over the

vehicle. The delay between the shots is the time needed to shut down the devices and initialize
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the next devices. This process is performed by the Kinect driver from the OpenNI framework
[47]. It takes between 1 and 2 seconds to initialize each device and less than a second to collect
data and reconstruct the 3D model. Figure 6.4 shows two different types of vehicle standing in
front of the network of sensors for rapid 3D modeling that will eventually drive a robotic
inspection via the manipulator arm that is integrated and calibrated with the peripheral vision

stage, as detailed in section 5.4.

(a) o (b)
Figure 6.4 : 3D textured data collection over different categories of vehicles for performance
validation of the calibrated network of RGB-D sensors.

Reconstruction of the vehicle in Figure 6.4(a) is shown in Figure 6.5. The complete data
collection and reconstruction takes around 15 sec for the entire network of sensors. The top
and the lateral views of the vehicle are shown to analyze error in the calibration and
registration processes. Figure 6.5(a) shows the reconstruction using the proposed method with
only minor mismatches in the point clouds. The error in the profile of the vehicle can be
noticed, especially on the back side of the vehicle where the calibration of Kinect K4 propagates
from KO to K1, which leads to cumulative error components on the calibration parameter
estimates. Moreover the mismatch on the front narrow beam of the roof can be noticed. These
minor errors are then refined with the ICP algorithm in MeshLab [51], starting with the
calibration parameters as initial estimates, and the results are shown in Figure 6.5(b). Some

improvement in the profile of the vehicle and on the roof of the vehicle can be noticed.

97



Figure 6.5 : Reconstruction of the vehicle using the proposed method a) without using ICP b) with ICP
refinement.

Figure 6.6 shows six different views of the reconstructed minivan refined with the ICP
algorithm. All of the main areas of the vehicle body which are made of dark shiny red surfaces
and wheels, including dark rubber tires, are accurately reconstructed and sections of the model
acquired from the five viewpoints are correctly aligned. In these reconstructions, the
windshield, lateral windows, and part of headlamps and rear lamps are missing in the depth
map because the IR energy generated by the Kinect devices passes through these transparent
surfaces or is deflected in other directions. However, the rear window of the minivan, which is
made of tinted glass, is partially captured. The wind deflector, which is the dark shiny plate in

front of the vehicle, is partially captured.

Figure 6.6 : Six different views of the reconstructed minivan.
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Figure 6.7 shows six different views of the reconstructed car. Unlike the minivan, this
vehicle does not contain tinted glass and therefore windows completely disappeared from the
reconstruction. This vehicle is 0.8m smaller in length than the minivan but has similar shiny
surfaces with a different color. All the surface areas of the vehicle and the tires are properly
reconstructed. Moreover the circular logo on the side of the vehicle is also reconstructed fairly
with minor errors. Similar to the case of the minivan, the windshield, lateral windows, and part

of headlamps and rear lamps are missing in the depth map.

Figure 6.7 : Six different views of the reconstructed car.

Table 6.1 presents a comparison between the characteristics of the reconstructed
vehicles and their actual dimensions (obtained from manufacturer’s websites). The Kinect
depth quantization introduces scaling errors of about 1cm in the height and the width, and a
depth error of about 2.5 cm at 3m distance. Each sensor is installed to cover the full height of
the vehicle and the average error on height achieved with these tests is under 1% of the total
vehicle height. The estimation of the length of the vehicles and the length of the wheels
separation (i.e. the distance between the centers of the front and back wheels) involves all the
calibration parameters. These metrics are then representative of the overall accuracy that can
be achieved in the reconstruction with the network of RGB-D sensors. The error on the wheels
separation which involves Kinects KO, K1 and K2, and the error on the total length of the
vehicles, which involves all five sensors, is under 2.35% of the measured length, which is

relatively minor given the medium quality of data provided by Kinect sensors at a depth of 2m,
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as proposed for the vehicle location in section 4.5, and in proportion to the large working

volume that is achieved.

Table 6.1 : Dimensions estimated from reconstructions compared with ground truth values.

Height | Length | Wheels separation
Actual (mm) | 1460 | 4300 2550
Car | Model (mm) | 1471 | 4391 2603
Error (%) 0.75 2.11 2.07
Actual (mm) | 1748 | 5093 3030
Van | Model (mm) | 1764 | 5206 3101
Error (%) 0.91 2.21 2.34

These results can be compared to the implementation of the telepresence system by
Maimone and Fuchs [21]. They used five Kinect sensors within an office cubicle of size 1.9x2.4m
to capture the human body. The Kinect sensors were setup to view the rear side of the cubicle
which is 1.9m wide. Within that small area they achieved a maximum error of 3.63cm, which is
around 1.91%. The error in the proposed system is around 2.35% while covering the larger

length of 5.2m.

Tong et al. [20] used three Kinect sensors to scan the full human body, while the body is
rotating on the turntable between the system. The two Kinect sensors are positioned to
capture the top and bottom part of the body from one direction and the third sensor is placed
at 2m in the opposite direction to capture the middle part. After merging the data, the acquired
model dimensions were compared with the original dimension. The maximum error they
achieved is 3cm while covering the height of the human body which is approximately 1.8m. The
maximum error in their system is around 1.67% while covering the small work area and the

distance between object and the sensors is less than 1m.

The error observed on the visual guidance system that is developed is tolerable given that
the multi-camera acquisition platform is to be incorporated into the robotic system that will
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embed proximity and touch sensing devices on the end effector of the robot. The 3D models
achieved very rapidly therefore provide enough information to move the robot in proximity of
the vehicle and then have to robot rely on the other sensors mounted on the end effector to

finely control the task performed on the vehicle.

Figure 6.8 shows the reconstruction of other models of vehicles along with that of some
garbage bins, acquired with the exact same setup, to evaluate the generalization capabilities of
the proposed calibrated RGB-D acquisition framework. A wide range of vehicles was covered
during experiments, in terms of colors and size. The white color vehicle appears more integrally
than the vehicles with dark gray color, where missing depth data are noticed over the front part
on the right of the vehicles where the density of points in the acquisition varies to a greater
extent given the significant change of alignment between Kinects K2 and K3. The dark green
garbage bins are also correctly reconstructed with proper alignment between the piecewise
RGB-D models. Unlike the vehicles, the garbage bins do not present any transparent surfaces,
and as a result they become entirely visible in the reconstruction, except for the cover parts
where the relative normal orientation of the top panels is too far away from the Kinect sensors

principal axes.

Figure 6.8 : Reconstruction of various vehicles and garbage bins.
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6.4 System Improvement

This system is implemented in the underground parking garage to analyze the maximum
efficiency of the sensor without the presence of any direct or indirect day light. In section 3.5.2
the effect of indirect day light is also presented where the 3D data around the vehicle is gather
in a semi outdoor parking during day time, which brings indirect natural lighting on the scene.
The vehicle is also covered with dirt which makes apparent shades of paint on the vehicle. In
such conditions, the Kinect depth sensor still provides good depth data over the complete
vehicle. Therefore, it is allowed to expect that the proposed system can be extended to operate

in semi-outdoor environments.

The current system only provides coverage over one half of the vehicle and can therefore
easily be extended to a complete 360 degrees view by replicating the same structure on the
other size of the vehicle, if working space permits. Acquiring a complete peripheral view can
bring some improvements in the overall registration of the system. As five Kinect sensors
provide half of the views, if the other half was available then a complete loop would be
available for registration and reconstruction. Using such a closed loop, the error on calibration

parameters at each stage can be further minimized when applying the ICP algorithm.

The inherent limitations of the Kinect sensor are clear in the reconstructions achieved,
especially on complex surfaces with different reflectance characteristics as found on
automotive vehicles, which lead to the incapability to capture transparent surfaces. However,
these areas can be artificially filled, for safety reasons among others, during mesh generation
by locating the contour of the windows with the assistance of the visual detector of vehicle
parts (VDVP) algorithm introduced by Chavez-Aragdn et al. [48], and described in section 4.4.1.
Similarly, some of the missing depth values around the front and head lamps can be
approximated by interpolation [52]. Finally, some parts of the vehicle, like the dark shiny wind
deflector in Figure 6.6, could also be reconstructed more extensively if the second half of the

setup was included and provide significant overlap between sensors to cover those regions.
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Several techniques are being developed nowadays to improve the performance of the
Kinect sensors and for expanding its use to different scenarios. In chapter 3, it has been
discussed that the Kinect sensor offers an advantageous choice of technology for application
scenarios that require fast acquisition of data with relatively good quality. This work contributes

towards the development of such applications for the Kinect sensor in robotic systems.

6.5 Summary

The chapter presented an experimental validation of the proposed configuration of the
multi-camera vision system in a practical application for automotive vehicle. To measure the
full efficiency of the system the acquisition stage was installed in an underground parking
garage to avoid any interference from any direct or indirect sunlight. The setup covered a large
working volume using five Kinect sensors. A method for extrinsic calibration in between
separate Kinect units is applied using the proposed method which takes advantage of the 3D
measurement technology embedded in the sensors and provides registration accuracy within

the range of the depth measurements accuracy provided by the Kinect technology.

3D data is collected over two different kinds of vehicles, such as a minivan and a car. In
both cases the reconstructed model covered the entire 180 degrees of a vehicle, which includes
the main areas of the vehicle body and wheels. Some areas are partially reconstructed such as
headlamps and rear lamps. Most transparent surfaces are completely missing because the IR
energy passes through these surfaces expect for tinted glass on the minivan that is partially

captured.

The performance of the system is measured by comparing the reconstructed vehicle with
its original dimensions. For such a large system the deviation of the measurement is less than
2.35% with respect to the original dimensions of a vehicle. This error is due to the medium
quality of depth data and the residual error of the calibration process. However, this level of
error is tolerable because the robotic system that will be incorporated into the system embeds

proximity and the touch sensing devices on the end effector.
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Finally, some further improvements on the system are proposed to overcome the limitations of
the Kinect sensor to fill the missing areas in the reconstructed model of a vehicle. These
improvements include the incorporation of more sensors to cover the complete vehicle and fill
the missing parts using interpolation on problematic areas detected the Visual detector of

vehicle parts (VDVP) algorithm introduced by Chdvez-Aragon et al. [48].
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Chapter 7. Conclusion and Future Work

This thesis focused on the design and calibration of a network of RGB-D sensors
distributed to provide fast color and 3D imaging over a large workspace. The work included the
design of a custom multi-camera system and its calibration. In addition, the calibration of a
robotic manipulator with the proposed multi-camera system was also addressed. This final
chapter summarizes the research work and highlights the major contributions. The last section

discusses possible future extensions.

7.1 Summary

This thesis began with a review of 3D imaging technologies and their working principles.
The pros and cons of each technology were also presented. The review was then extended
toward the use of 3D imaging technologies in the design of systems that include more than one
sensor. A few examples of multi-camera systems were presented. Finally the review ended with
a discussion on the calibration of the sensors and the multi-sensor system integration with

registration methods.

Chapter 3 proceeded with the selection of a 3D imaging technology suitable for the scope
of this reach work among the reviewed technologies. The Microsoft Kinect sensor was selected
as a 3D imaging device for this work because of its speed and as a decent compromise between
rapidity and quality. The remaining of the chapter analyzed the characteristics of the Kinect

sensor, its performance, usable operating range and response under some lighting conditions.

All characteristics of the Kinect sensor were taken into consideration for the multi-camera
system design in chapter 4. The proposed acquisition system was designed to collect textured
3D data from the surface of an automotive vehicle of size up to that of a minivan. The design
also properly supports a comprehensive calibration procedure between several Kinect sensors.

The interference issue between multiple Kinect sensors was also investigated.

A customized calibration procedure for the system defined in chapter 4 was detailed in

chapter 5. The first phase of the calibration addresses the internal calibration of all Kinect
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sensors individually. This calibration relates the color and depth data together. The next phase
of the calibration supports the external extrinsic calibration between all Kinect sensors in the
network. This calibration was achieved by taking advantage of the 3D measurement technology
of the Kinect sensor to provide registration accuracy within the range of the depth sensor
accuracy. Finally a robot manipulator base reference frame is calibrated with the network of

Kinect sensors using a checkerboard target mounted on the end effector of the robot.

In order to validate the proposed acquisition framework, the implementation of the
proposed multi-camera system in a real-world application scenario was presented in Chapter 6.
In this experiment, the acquisition system was installed in an underground parking garage and
data was collected over vehicles of different sizes. An examination of the accuracy of the
reconstruction achieved, in the context of the task considered for this research work, was
conducted and demonstrated adequate performance both in time and resolution of the size

and shape of the models.

7.2 Contributions

This thesis proposes a multi-camera system design and calibration, integrated with a
robotic system, for the latter to perform inspection tasks on a vehicle in an autonomous

manner under visual guidance. The main contributions of this work are:

e An experimental study of the Microsoft Kinect sensor technology, under its first two
generations. The analysis confirms and extends knowledge about expected performance
metrics in different scenarios, based on the quality of depth measurements, actual field
of view of the sensor, and its color response.

e The design and implementation of a reconfigurable multi-camera RGB-D vision system,
which is capable to cover a large imaging volume while remaining easy to calibrate.

e The development of a methodology for internal intrinsic and extrinsic calibration of
Kinect sensors, which furtherreduces reprojection errors over default manufacturer's

calibration.
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e The development of a procedure to accurately and efficiently merge depth and color
data, acquired from Kinect sensors, based on their internal calibration.

e The design and implementation of an extrinsic calibration method in between pairs of
RGB-D sensors configured in a network, while ensuring fast and easy execution of the
procedure on the field with best possible accuracy.

e The design and implementation of a method for calibration between a robotic arm base
reference frame and Kinect based multi-camera vision system.

e An experimental testing and validation of the multi-camera vision system in a real-world

application.

The main contribution of this thesis is the method developed to calibrate a network of
Kinect RGB-D sensors. There are not yet many techniques available to calibrate a network of
Kinect sensors for industrial applications over an extended workspace. The techniques currently
available in the literature are limited to smaller workspaces, like the telepresence system by
Maimone and Fuchs [21] or full body scanner by Tong et al. [20]. The method developed here
can be used for imaging large objects and it is validated in this thesis for imaging automotive

vehicles. Parts of the work presented in this thesis have been published in [53] [54].

7.3 Future Work

This thesis presented the development of a vision system to acquire textured 3D data
over a vehicle to guide robotic work. The current system is limited to cover one half of the
vehicle and could advantageously be extended to complete 360 degrees coverage by replicating
the same structure to the other side of the vehicle. This acquisition platform can also be fully
integrated with the work of Chavez-Aragdn et al. [48] to efficiently and automatically detect
and localize a number of characteristic areas over a vehicle. Such integration between the
frameworks would provide direct means to mark regions of interest over the 3D reconstruction

surface where the robot needs to perform its operations.

Further improvement in the data provided by the Kinect sensors could be achieved by

post-processing the data to recover the missing depth area using filters or interpolation. The
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color values may vary between all color cameras of Kinect units due to different exposure to
the light. The color matching process can give a uniform color all over the point cloud. Fast
mesh generation methods applied on the final reconstructed vehicle can also be included as
part of future work to improve the visual appearance of the models, that would be needed as

an interface with human operators.
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