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Abstract
The main purpose of this work is to investigate the behavior of the recently released
by Microsoft company the Kinect sensor, which contains the properties that go
beyond ordinary cameras. Normally, in order to create a 3D reconstruction of
the scene two cameras are required. Whereas, the Kinect device, due to the
properties of the Infrared projector and sensor allows to create the same type
of the reconstruction using only one device. However, the depth images, which
are generated by the Infrared laser projector and monochrome sensor in Kinect
can contain undefined values. Therefore, in addition to other investigations this
project contains an idea how to improve the quality of the depth images. However,
the base aim of this work is to perform a reconstruction of the scene based on the
color images using pair of Kinects which will be compared with the reconstruction
results generated by using depth information from one Kinect. In addition, the
report contains the information how to check that all the performed calculations
were done correctly. All the algorithms which were used in the project as well as
the achieved results will be described and discussed in the separate chapters in the
current report.
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Chapter 1

Introduction

Although the Kinect device has been released recently (November 2010) the areas
in which it involves are increasing almost every day. This device is not only ex-
plored by individual people in their spare time but also Kinect devices are involved
in many research applications. One example is medical applications in which the
Kinect device can be used during the surgical operations. According to the article1
written by Nicole Baute the scientists from Toronto’s Sunnybrook Health Science
Centre use the Kinect sensor during the cancer surgery operations to find the nec-
essary Magnetic resonanse imaging2(MRI) or Computer tomography3(CT) image
of the patient during the operation without leaving the operating table. They cre-
ated a system which consists of Kinect, two computers and a hardware designed
by Greg Brigley. Kinect identifies the user’s gestures and poses and then they are
converted into commands. For example, by moving hands forward or backward
with different speed a doctor can search through 4000 CT or MRI images in order
to find the necessary one. As doctors admit Kinect allows doctors be near the
operational table for the whole time of the operation and do not spend additional
time to go out and search for the necessary image and therefore faster perform
surgical manipulations which is especially counts in the critical for the patient life
cases.
Another interesting investigations were done by students from Massachusetts In-
stitute of Technology in collaboration with University of Washington and Intel
Labs in Seattle. They constructed an odometry system4 which can measure a
trajectory that a quadrotor5 have flown and define the position of the vehicle in
the space. The system consists of ordinary lifting vehicle, Kinect cameras and
Inertial measurement unit6. While moving through the space it is creating a 3D

1http://www.healthzone.ca/health/newsfeatures/article/960393–surgeons-use-xbox-to-keep-
hands-sterile-before-surgery

2http://en.wikipedia.org/wiki/Magnetic_resonance_imaging
3http://en.wikipedia.org/wiki/X-ray_computed_tomography
4http://groups.csail.mit.edu/rrg/index.php?n=Main.VisualOdometryForGPS-DeniedFlight
5http://en.wikipedia.org/wiki/Quadrotor
6http://en.wikipedia.org/wiki/Inertial_measurement_unit
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2 Introduction

scene which the quadrotor have passed using RGBD-SLAM7 algorithms in order
to perform an accurate 3D picture of the scene.
However, in the considered example above only one Kinect was used in the 3D
reconstruction of the scene, but what can be done if we consider using a pair of
Kinects. To find an answer to this question is the purpose of this work. Thus,
the investigations of the stereo setup of the two Kinect devices (3D reconstruction
from RGB images and explorations of the depth images which are generated in
the Kinect device) will be explored.

1.1 Problem definition of the project
The main questions which were determined at the beginning of the project for
investigations were the following:

• To explore the advantages and disadvantages of using two Kinects in a stereo
pair

• Compare the disparity map generated by OpenCV functions with the raw
depth image from Kinect

• Investigate if it is possible to improve the quality of the original Kinect depth
images

1.2 The layout of the thesis
In order to properly investigate all the defined questions (see the section Problem
definition of the project 1.1 above) the following steps were proposed as necessary.
Firstly, the cameras should be calibrated. The Kinect cameras should be calibrated
separately in order to get the internal and external information of each of the given
Kinect sensors. Secondly, a stereo calibration of two cameras should be performed
which gives the correlation information between two cameras in space. After that
in order to perform stereo correspondence algorithm where we should find the
projection of the point in the real world onto the left and right image planes we
must rectify two images. Rectification will project two images from the left and
right cameras into common space. This allows to search for the point on the
matched image in the same row where the considered point on the base image is.
The result of the stereo correspondence will be a map where each pixel contains
the offset value in accordance with the same pixel in the pair image. Based on
this information a 3D model of the scene or so-called 3D reconstruction can be
generated. Since the goal of the work is to create a visual representation of the
given scene it should look realistic and therefore each step should be inspected
not only in terms of generated values but also whether the generated picture
on the given step meets the supposed assumptions. In all the steps above only
color images of the Kinect device were considered. However, the Kinect sensor

7http://www.cs.washington.edu/ai/Mobile_Robotics/projects/rgbd-3d-mapping/
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already contains information with help of which the 3D reconstruction can be
performed. Thus, the next step is to generate a 3D model of the scene using the
depth information from two Kinects separately and compare the results with the
generated model from both devices. Since the Kinect sensor has limited viewing
area it can capture only objects that are within this range. Also, due to the
properties of the infrared projector in Kinect it generates noisy images. Therefore,
one of the goals is to find whether it is possible to reduce the amount of undefined
values and increase the amount of detected objects.

1.3 The report structure
The report is organised in the following way: in the Backround part will be dis-
cussed the Kinect hardware as well as a general description of the main topics of
the current project; the Theory part contains detailed descriptions of the theo-
retical aspects of the current work; the Implementation chapter explains all steps
which were done practically based on the Theory part; the Results chapter con-
sists of pictures and explanaitions of the results achieved in the current project.
Finally, the Bibliography part contains the literature which was used.





Chapter 2

Background

In this section general information about techniques and algorithms used in this
work will be provided.

2.1 Image generation
For better understanding of the image formation principles in a camera, consid-
er first briefly how the image is generated in human eyes. Light rays, which are
bounced from objects in the real world go through the cornea, lens and approach
the retina, which consists of approximately 120 millions sensitive rods and 6 mil-
lions cones according to David E. Stoltzmann [13]. When the light approaches the
rods and the cones they send an electrical signal to the brain via the optic nerve
and the image is formed on the retina.
This retinal plane in the camera is represented by an image plane which also con-
sists of sensitive elements corresponding to image pixels. The light rays going
through the camera lens hit the pixel array and then are converted to electrical
charges. Each pixel element measures the amount of arrived photons (the more
photons - the brighter the pixel). Most often a Bayer filter is attached to the image
sensor in order to record the color. Above each pixel red, green or blue color filters
are situated, which will allow light only with certain wavelengths (red, green or
blue respectively) to pass. The full color of each pixel is calculated by considering
the amount of the neighbor pixels color (see [6] for complete details).

2.2 Calibration
Generally speaking, calibration can be considered as a process of acquiring param-
eters describing a camera model based on a set of the images (or video stream)
taken using the camera. Camera calibration is often used as the first step in the
computer vision area in order to achieve better results. Camera calibration al-
lows to produce an accurate correlation of the object points in the real world with
image pixels. In addition, a camera can generate distorted images due to the man-

5



6 Background

ufacture errors (wrong placing of an image surface) which can be corrected using
calibration parameters.
Values, which are generated during calibration can be divided into so-called in-
trinsic and extrinsic. The first one characterizes internal settings of a camera,
while the second describes the amount of the rotation and translation between the
camera and the world coordinate system. There are several numbers of algorithms
which perform calibration.
The OpenCV library uses a combined method for calculating calibration param-
eters using principles from photogrammetric and self-calibration calibration ap-
proaches. Zhengyou Zhang’s [15] method is used to find all parameters except
the distortion coefficients, which belong to the intrinsic parameters. Whereas, the
distortion coefficients are calculated based on the Duane C. Brown’s [5] method.
In the photogrammetric approach images are taken of an object which shape is
known in the scene. Objects which are used can usually be two or three planes
which geometry is known in the 3D space and that are orthogonal to each other.
Whereas, self-calibration technique does not require any objects for calibration;
the information is gathered by moving a camera in the scene and taking pictures
of it.
In the current project one chessboard pattern attached to the hard flat plane is
used and the calibration procedure is performed with the help of the OpenCV
library functions.

2.3 Stereo calibration
Stereo calibration allows to estimate a correlation between two camera coordinate
systems. In other words, stereo calibration algorithm will produce translation and
rotation components, which allows to transform points from one coordinate system
(for instance, in the left camera) to the coordinate system of the right camera.

2.4 Stereoscopy and stereo matching problem
Human beings perceive the depth of the objects due to the observation of the
same object from slightly different positions. Each eye perceives its own part of
the scene which overlaps with the other eye, but also contains information which
the other eye does not have. Therefore, two different images arrive to the brain
which unites them into one. The brain combines these two images by finding
similarities in both images1. Thus, to allow computers to generate images where
the depth of the objects can be distinguishable we need to provide two images of
the same scene taken at the same time from slightly different angles. In addition,
we need to apply an algorithm which will find similar pixels in the two images
and calculates the disparity between them, which later can be used to reconstruct
depth values of each pixel.
The problem of finding for the considered pixel in one image a matching pixel in

1http://www.vision3d.com/stereo.html
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another image, which both represent the same point in the real scene is called a
stereo correspondence problem. The algorithms solving this problem will find cor-
responding points only in the common viewing area of the both cameras. Whereas,
the points outside this region will be ignored. Stereo correspondence is an impor-
tant step in a 3D reconstruction of the scene or stitching several images into one
in order to produce a panoramic view of the scene.
There are two types of stereo correspondence techniques: feature-based and intensity-
based. The first one is based on the determining some features on the both images,
such as edges, corners or geometric objects, which are invariant to different views
and easily distinguishable in the images. After deriving these features from one
image an algorithm checks for similar features in another image. On the one hand,
these algorithms do not produce detailed disparity maps since only some parts of
the images, which contain extracted features, are compared. But, on the other
hand, the disparity maps can be more precise and with less amount of wrong
matched pixels, because of the uniqueness of the compared features. While, the
second type of algorithms compare the intensity values pixel-by-pixel in both im-
ages. Usually a block of pixels in a base image slides over the second image and the
best match is searched. Finding the correct size of a block can also be a complicat-
ed task, because a too big block can blur small details on the disparity map image
and a too small can generate noisy pictures and requires a lot of computation
time. However, these types of algorithms typically can find more matching pixels,
because the areas of matching are not limited by the particular detected features.
Except the algorithms descibed above, there are other types of algorithms, which
use differnt techniques such as transforming an image using the Fourier transform
and then finding matching points. In this project an intensity-based stereo cor-
respondence algorithm, called Semi-global block matching algorithm proposed by
H. Hirschmuller [8] was used.
General difficulties can arise in finding corresponding matches, for example, if
some objects are clearly visible by one camera while occluded for another; if there
are similar objects in the scene or some figures have continuously repeated pat-
tern on them. There are several assumptions that can improve results of finding
correspondences. For instance, the same point in the physical space has the same
intensity values in both images; the considered pixel in the row can have only one
match in the same row of another image; the matching pixels should be situated
in the same order on both scanlines (this can be achieved after rectification).
When all corresponding points are found in both images of stereo pair the depth
map can be created which shows how the objects in the scene are situated accord-
ing to each other. If add the respective colour to each pixel in the generated depth
map we can see the the real appearance of the objects in 3D environment.

2.5 The Kinect sensor
Kinect2 was released by Microsoft relatively recently, videlicet, in November 2010.
This sensor combines several new concepts, which were not existed in one de-

2http://en.wikipedia.org/wiki/Kinect
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vice before. Therefore, the number of applications in which it involves and, as a
consequence; the amount of researches exploring this area grows almost every day.

Once released, Kinect was immediately explored by computer scientists. It
took only three hours for the system to be decoded by one computer enthusiast,
named Hector Martin. His efforts ended up in the library called libfreenect3, which
allows to connect Kinect to a personal computer as originally it was intended to
work with Xbox360 only. This library allows to receive the data from Kinect and
display it on the screen in the form of three different images: RGB (red, green,
blue), depth and IR (infrared) images . This library also allows to access other
features of Kinect such as, controlling the LED (light-emitting diod) color, which
can be found on the front panel of the device or move the device itself on some
angle up and down by using keyboard. It works on Windows, Linux and Mac OS
platforms. The installation process of libfreenect is described in details on the
OpenKinect4 website, where, in addition; the latest news about Kinect can be
found. Along with the libfreenect driver the OpenCV library can be used to show
the images on the screen and perform algorithms for calibration, rectification, etc.,
which will be described in the Theory chapter 3 below.
As can be seen on the Figure 2.15 below Kinect consists of two types of cameras
and a projector situated on the front bar: an ordinary RGB camera (in the middle)
and an IR camera(the most left) which catches the rays sent by an infrared laser
projector (the most right on the Figure 2.1) and, thereby; defines the object-to-
Kinect distance in the space and distinguishes the person from a background.
The term RGB camera means that the images in such types of cameras are formed
using three colors (red,green, blue respectively) which are mixed together in cer-
tain amounts in order to represent different colors. The choice of these particular
colours is based on the so called trichromacy6 - the phenomena which states that
the human eye consists of three types of cones which are sensitive to perceive red,
green and purple (which is close to blue) colors, that gives a person normal color
vision.
In addition, Kinect has four microphones for recognizing human voices and al-
lowing to give commands to the device. They are situated on the bottom side
facing downward; three on the right and one on the left side. Such positioning was
approved through many tests made by scientists from Microsoft lab7 and allows
capturing the voice of a player and not taking into account noise of the background
or other people which are not involved in the game.
The range for which the Kinect sensor can detect objects is 1.2-3.5 meters accord-
ing to2. The field of view is 57 degrees horizontally and 43 degrees vertically in
the initial position. However, due to the motor placed in the base of Kinect it is
possible to move the device up and down on approximately 30 degrees each time
by pressing the button on the keyboard.

3https://github.com/OpenKinect/libfreenect/blob/master/README.asciidoc
4http://openkinect.org/wiki/Main_Page
5http://www.ifixit.com/Teardown/Microsoft-Kinect-Teardown/4066/2
6http://en.wikipedia.org/wiki/Trichromatic_color_vision
7http://www.t3.com/feature/xbox-kinect-how-the-voice-recognition-works
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Figure 2.1. Kinect partly demounted

2.6 Image representation in the Kinect device
The color camera in the Kinect sensor has a resolution of 640*480 pixels size and
produces 30 frames per second. Each color pixel in the image is represented by an
8-bit value. It means that the range of color values for each pixel can be between
zero and 255. Since each pixel in most cases is formed by three color components,
this color range is applied to all three color channels, so the number in each color
channel set the amount of particular color in the final color mixture of a pixel.
This means that, for example, if the pixel has the values for red, green and blue
values equal to 255 its color appears on the screen as white.
As the depth data is represented by 11-bit values in the Kinect sensor and a stan-
dard monitor can display only 8-bit images it is necessary to do the compression
from 11 bits to 8 bits for displaying the depth data in the form of grayscale images.
For this purpose a mapping array was created. It stores the conversion of different
values belonging to the [0, 2047] interval which corresponds to the 11 bit image to
[0, 255] values that corresponds to 8 bit image. The number 2047 is taken from the
Kinect device. It represents the furthest or the closest depth value in the distance
range of Kinect. This means that the Kinect depth camera could not detect the
distance of the particular pixel and assigned it as undefined. Experimentally it
was found that the Kinect device starts detecting objects which are placed ap-
proximately 0.6 meters from the Kinect sensor. Using the values in the allowed
range different colour scheme depending on the object-to-Kinect distance can be
created for the depth image. By default it is grayscale image.





Chapter 3

Theory

3.1 The Pinhole camera model.
The calibration procedure is based on the consideration of a pinhole camera model.
This is the simplest type of a camera model. In the unsophisticated case it can be
described as a closed opaque box with a small hole on one side and a piece of film
on the opposite side, where the final image will be generated upside down. The
image is formed due to the light rays which bouncing from the object points in the
real space go through the hole and form the image on the projection plane (film).
The size of the hole can affect the image sharpness. The formula for calculating
the best diameter of an aperture was proposed by Lord Rayleigh, who improved
early achievements of Josef Petzval. To allow the camera to generate an image
with a natural orientation we can model the camera in a way that we place the
imaginary image plane in front of the pinhole aperture on the same distance as
between the real imager and the aperture (see the Figure 3.1 1 below).

Figure 3.1. The Pinhole camera model

Let’s introduce several definitions which can be useful in understanding the

1http://homepages.inf.ed.ac.uk/rbf/CVonline/LOCAL_COPIES/OWENS/LECT1/node2.html

11



12 Theory

calibration theory given in the later paragraphs.
Center of projection is the point where rays, which bounce from the object in the
real space, gather in. In the earlier introduced version of the pinhole camera the
center of projection corresponds to the pinhole aperture.
Focal length of the camera is the distance between the aperture of the pinhole
camera and the image plane. According to Figure 3.1 it can be redetermined as
the distance between the center of projection and the imaginary image surface.
This value affects the angle of view of the camera, i.e. how many objects at most
from the scene it can capture. The bigger the focal length the smaller the angle
of view.
The ray which starts at the center of projection and goes in the direction to the
object through the center of the imager (in an ideal case) is called optical axis.
The point of intersection of the image plane with the optical axis is called a
principal point. In most cases the principal point does not coincide with the
center of the image plane due to the manufacture errors. Therefore, parameters
which represent such an offset should be introduced. These parameters are part
of the intrinsic parameters which are generated during the calibration procedure.

3.2 Why do we need cameras with lenses?
Although, the images can be relatively good from pinhole cameras they have sev-
eral disadvantages which led to the invention of cameras with lenses. One reason is
the size of the pinhole aperture, which affects the amount of light passing through
it. In addition, the rays which go through this aperture will be projected on the
film in a form of a disc with the size of a pinhole aperture, which can produce
slightly blurred images (see2). However, if one decreases an aperture to an exces-
sively small dot, diffraction effects can appear, which will also result in a blurred
image. In addition, if the size of a pinhole aperture is close to the thickness of
the material from which it is made a vignetting phenomenon3 can occur. The vi-
gnetting is the reduction of the brightness on the image borders. In addition, the
resulting image can be dark, since intensity of each pixel is formed due to only one
light ray. Whereas, the lenses allow to increase the hole through which the rays
will come and thus the amount of light by accumulating several single rays due to
the physical properties of the lenses. So the lenses can keep the image, which was
created by gathering light rays from big area in focus with sharp details.

3.3 Kinect camera models
As was written in the Kinect sensor section 2.5 Kinect consists of two types of
cameras (an Infrared camera and an ordinary RGB camera) and an IR projector
which sends a structured light pattern to the space in order to identify objects
in the scene. The technology allowing Kinect to capture and show how close the
objects are in the scene to the camera in form of the depth images was developed

2http://www.pinhole.cz/en/pinholecameras/whatis.html
3http://en.wikipedia.org/wiki/Vignetting
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by the company called PrimeSense4. Their solution is called ”The PrimeSensor
Reference Design” and consists of the IR projector which sends the IR light into the
scene and codes the scene volume with near-IR light as stated in5 with technology
called Light CodingTM. As a result, each pixel of the generated depth image will
contain information about how far it is situated from the camera. In addition,
they apply the technology called ”Registration” which allows to align the color
pixel with the depth.
According to the stereo vision theory there should be two images to generate depth
information. Although as can be conclude from the text above only one IR image
is generated. According to the article written by Sergey Ten [14] there are two IR
images generated in Kinect. One - is the image, which is the result of capturing by
IR camera the IR pattern produced by IR projector and where instead of colors of
the objects their shape represented by the structured light pattern (see the Figure
3.2 below) and another image is invisible for user (it is saved inside the chip) and
is formed by light pattern which is sent by the IR projector. And, the fact that
the IR camera and IR projector is placed on some distance between each other
allows to see the same dot pattern from two different angles and, hence, form the
depth image. There are some algorithms inside PrimeSense technology allowing
to recognise people from other environment or animals. It is made by looking for
changes in light pattern sent by IR projector.

Figure 3.2. The Infrared mode of Kinect

4http://www.primesense.com/
5http://en.wikipedia.org/wiki/Structured_light
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3.4 Camera calibration
The aim of calibration, as was described in the Background chapter 2 above, is
to acquire intrinsic and extrinsic parameters of the camera. In the following three
sections definitions of the parameters and the process of their acquisition will be
described.

3.4.1 Intrinsic parameters
These type of parameters are called internal parameters since they describe how
the camera generates an image; videlicet, inner specifications of the camera, such
as focal length or lens distortion coefficients. They are usually represented in the
form of a camera intrinsics matrix and a vector of distortion coefficients. The
intrinsics matrix can be described as follows:

A =

 fx 0 cx
0 fy cy
0 0 1

 (3.1)

where fx,fy are focal lengths, (cx,cy) is the center of projection of the image sur-
face with possible manufacture offset (see The Pinhole camera model section 3.1
above). The reason for choosing two focal lengths is due to the fact that the pixels
on the image sensor in the camera can be rectangular instead of square and this
force to introduce a size of each pixel in x and y directions, therefore fx = Fsx
where F is the phycical focal length of the camera and sx is the size of each pixel
in x direction on the imager (the same rules are applicable for fy and sy). The
units of fxand fy are pixels, since sx has units of pixels per millimeter and units
of F are millimeters (see p.373 of ”Learning OpenCV” book by G. Bradski [4]).
Distortion coefficients are introduced because ordinary cameras are not perfect
optical devices and can have some errors during projecting points of real objects
onto the image plane. The reasons of distortions can be wrong shape of lenses or
dispalcement of the image sensor center from the optical axis. Here the traditional
Radial and tangential distortion model6 will be described. Thus, distortion can be
divided into two types: the one based on the shape of lenses is called radial and
the other - tangential.
Mathematically speaking an ideal shape of lenses is considered to be parabolic; it
can produce minimum distortion. However, it is manufacturally easier to make
spherical lenses which can cause a radial distortion.
It can be said that the image is affected by the radial distortion if straight edges
of the objects or straight lines in the real world appears as curved on the image.
Mostly this artifact appears near the borders of the image. They can be so-called
barrel and pincushion distortions. These types of distortions can be distinguished
between each other in a way that straight lines in the image with the barel dis-
tortion appear as bowed outwards towards to the borders of the image, while in
the pincusion distortion the opposite pattern appears; videlicet, the lines bowed

6http://en.wikipedia.org/wiki/Distortion_%28optics%29
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towards the optical axis(see the Figure 3.37 as an example).

Figure 3.3. Two types of a distortion on the example of the grid. (left) The grid without
distortion;(middle) Barel distortion; (right) Pincusion distortion.

According to C. Ricolfe-Viala [11] in the ”Radial and tangential distortion model”
the correlation between an ideal undistorted point qp = (up,vp) and the one which
is generated by a camera on the image surface qd = (ud,vd) can be written in the
following way:

up = ud − δu
vp = vd − δv

where δv and δu represent the distortion functions in the form of a polynomial
function(see Formulas 3.2 and 3.3 below).
As can be assumed, the distortion on the center of the imager is equal to zero and
increases as we move closer to the borders, which results in a way that straight lines
will appear more curved. The position of the undistored point can be approximated
from the distorted one by adding additional components, which can be derived
using a Taylor expansion of the distortion function.
According to D. C. Brown [5] the corrected point position can be represented in
the following form:

xcorrected = x(1 + k1r
2 + k2r

4 + k3r
6) (3.2)

ycorrected = y(1 + k1r
2 + k2r

4 + k3r
6)

where (xcorrected,ycorrected) is the coordinates for undistorted point;(x,y)-coordinates
of the old(distorted) point; k1,k2,k3 - radial distortion coefficients;
r =

√
(x− xp)2 + (y − yp)2 is the distance from distorted point to the principal

point (xp,yp)
Tangential distortion or image decentering appears when the lens and image sen-
sor are not aligned in a proper way. In an ideal case they must be parallel to each
other and their center points should be placed on the optical axis. This distortion

7http://toothwalker.org/optics/distortion.html
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can be fixed also by adding two additional parameters to the distorted point:

xcorrected = x+ (2p1y + p2(r2 + 2x2)) (3.3)
ycorrected = y + (p1(r2 + 2y2) + 2p2x)

where p1, p2 are tangential distortion coefficients.
Finally, it can be concluded that in order to remove distortion of the particular
point it is necessary to add components derived from the equations above to the
point’s coordinates.

3.4.2 Extrinsic parameters
If we consider a point in the world coordinate frame we need to know what coordi-
nates this point will have in the camera coordinate system for further procedures.
We can achieve this information by knowing the distance between an origin from
one coordinate frame to another and whether their axes are parallel to each other
or there is some angular offset between them. This information can be acquired
through extrinsic parameters of the camera. Thus, the extrinsic parameters de-
scribe how the camera coordinate system correlates to the world one, in the form
of translation and rotation.
Mathematically speaking, to rotate the point, which coordinates represent in the
form of a vector, around another point or axis in two-dimensional space means
to multiply a point’s coordinates with a rotation matrix. While the rotation in
three-dimensional space will consist of two-dimensional rotations around each axis
and the resulting rotation matrix will be presented as multiplication of those three
matrices. The order of multiplication should be the same as the order of rotation
around the axes. The dimension of the rotation matrix will be 3×3.
The translation term represents the amount of displacement of the point. If we
have coordinates of the point in the camera and world space then the translation
vector from the world space to the camera one can be calculated as follows:
T = pworld - pcamera. The translation term represents in a form of a vector with
the dimension 3×1.
Thus, a general formula describing transformation of the point from the world
space to the camera frame can be written as follows:

pcamera = R(pworld − T )

Where R and T are rotation and translation components; pworld and pcamera are
coordinates of the point in the world (object) and camera spaces respectively.

3.4.3 Homogeneous coordinates
Homogeneous coordinates are widely used in computer graphics. For example, a
point at infinity can be easily described in the homogeneous coordinates by finite
number. Also a matrix form can be used for the perspective projection transfor-
mations which is not applicable in the cartesian coordinates. Representation of a
point on the plane in terms of homogeneous coordinates requires three components.
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Homogeneous coordinates can be described as coordinates with the property that
determined by them an object does not change after multiplication of its coordi-
nates on the same number. Homogeneous coordinates of the vector (x,y,z) are the
following set (x´,y´,z´,w) where x=x´/w; y=y´/w; z=z´/w and w is a certain real
number.

3.4.4 Homography
The general type of a procedure which maps the points in the real space to the
image plane is called a projective transformation or a homography. A perspective
projection can be considered as a specific case of the homography. The perspective
projection looks more realistic in terms of human eye vision, i.e. the objects further
on the scene appear smaller on the image than the ones, which are closer to the
viewer. According to the G. Bradsky [4], p.407 perspective projection can be
described as a mapping points in the 3D world space onto the points on the 2D
image plane along a set of projection lines that converge in a single point, which
is called the center of projection.
If denote a point in terms of homogeneous coordinates in the object space as M =
[X Y Z 1]T and a point in the image coordinate system as m = [x y 1]T then the
mapping between them can be expressed as follows:

m = sHM (3.4)

where s is a scale factor and H is a projective matrix, which consists of the camera
intricics matrix and the extrinsic parameters(the rotation and translation compo-
nents).
Consider two parts of the matrix H introduced above. The first one will define
correlation of the position of the object in space and the camera coordinate system:

H1 = [R t] =

r11 r12 r13 t1
r21 r22 r23 t2
r31 r32 r33 t3

 (3.5)

Where R represents the rotation matrix and t - is the translation vector.
While the second part will define the projection between the camera and image
spaces by the intrinsics matrix (see Equation 3.1), thus H2 = A. Therefore, the
Equation 3.4 can be rewritten as:

m = sH2H1M (3.6)

However, since we consider a mapping between a plane surface of the chessboard
and an imager, the Equation 3.6 can be simplified and presented in the terms of
a planar homography, which maps points of a planar surface in the real world
(chessboard in our case) to the image plane of the camera(i.e. the image that we
see on the screen). Thus, we can set Z = 0 of the point M, which will lead to
the elimination of the last column of rotation part in the matrix defined in the
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Equation 3.5. Consequently, the Equation 3.6 can be rewritten as:xy
1

 = sH2 [r1 r2 t]

XY
1

 (3.7)

After all considerations each column of the homography matrix H = [h1 h2 h3] for
our case can be presented by the following system of equations 3.8 (the matrix H
became now 3×3):

h1 = sA r1 or r1 = λA−1 h1

h2 = sA r2 or r2 = λA−1 h2

h3 = sA t or t = λA−1 h2r

(3.8)

where λ = 1
s is a scaling factor; A is intinsics matrix (eq. 3.1);

r1 = [r11 r21 r31]T .

3.4.5 OpenCV calibration theory description
According to the definiton, which was given in the Calibration section 2.2 above,
to calibrate a camera means to find the intrinsic and extrinsic parameters of the
camera. The algorithm allowing to find these parameters is based on the works
of Zhengyou Zhang [15] and Duane C.Brown [5] which will be described in this
section.
Let’s first consider that we have an ideal camera without any distortion. The
theory which is used in acquiring the intrinsic parameters that form the camera
intrinsics matrix and the extrinsic parameters is based on the paper by Z. Zhang
[15].
As stated in the article by Z. Zhang [15], the minimum number of images taken by
a camera from different directions necessary for the calibration is two. Most often
chessboard pattern attached to a hard panel is used in the calibration procedure.
Now the procedure of obtaining the intrinsic and extrinsic parameters can be
cosidered.
According to the pinhole camera model used in the OpenCV library correlation
between a point in the world space and the projection of this point on the image
plane was introduced as the Equation 3.4 in the Homography part 3.4.4 above.
According to the notation of the homography matrix H it can be rewritten in the
following way:

sm = A[R t]M (3.9)
where s is the scaling factor; [R t] is the extrinsic parameters and A - the intrinsics
matrix (Formula 3.1). Since we set Z=0 (see the Homography part 3.4.4 above)
and if we denote the rotation matrix columns as ri the formula 3.9 above can be
rewritten in the following matrix-like way:

s

xy
1

 = A[r1 r2 t]


X
Y
0
1

 (3.10)
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By construstion r1 and r2 create an ortogonal (orthonormal) system, which means
that they fulfil two following conditions:

• The dot product is equal to zero, which mathematically can be expressed as:

rT1 r2 = 0 ⇒ hT1 A
−T A−1 h2 = 0 (3.11)

The Second equation in the Formula 3.11 above is derived due to the fol-
lowing property of a transpose operator of two vectors: (v1 v2)T =vT2 vT1 and
system of equations 3.8 in the Homography part 3.4.4 above.

• The magnitudes(or norm) of r1 and r2 are equal to one.This can lead to the
expression:

‖r1‖ = ‖r2‖ ⇒ rT1 r1 = rT2 r2 (3.12)
By taking into account system 3.8 the equation above can be rewritten as:

hT1 A
−T A−1 h1 = hT2 A

−T A−1 h2 (3.13)

where A−T = (A−1)T .
Let’s introduce a matrix B = A−T A−1. After calculating an inverse matrix to the
camera intrinsics matrix and multiplying to its transposed we can introduce this
matrix in the following form:

B =


1
f2
x

0 −cx
f2
x

0 1
f2
y

−cy
f2
y

−cx
f2
x

−cy
f2
y

−cx
f2
x

+ −cy
f2
y

+ 1

 (3.14)

The matrix above is symmetric (the elements are equal with respect to the main
diagonal), thus it can be rewritten as a six-dimensional vector:

b = [B11, B12, B22, B13, B23, B33]T

and if we generalize Equation 3.13 above and denote the ith column of the homog-
raphy matrix H as hi = [hi1,hi2,hi3]T , we can rewrite the Equation 3.11 in the
following form:

hTi B hj = vTij b =


hi1 hj1

hi1 hj2 + hi2 hj1
hi2 hj2

hi3 hj1 + hi1 hj3
hi3 hj2 + hi2 hj3

hi3 hj3



T 
B11
B12
B22
B23
B33


T

Now the Equations 3.11 and 3.13 can be defined in a new notation:[
vT12

(v11 − v22)T
]
b = 0 (3.15)
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If we take n images of the chessboard planes we will apply the Equations 3.15
above n times, which will lead to the general notation as:

V b = 0 (3.16)

where V will be 2n×6 matrix. If n≥3 the solution b exists up to a scale factor; if
n=1 we can assume that cx and cy are known and only solve for fx and fy.
The solution of the equation 3.16 as stated in Z.Zhang [15] is an eigenvector of
V T V associated with the smallest eigenvalue. When b is known we can extract
intrinsic parameters from the matrix B according to the following formulas:

fx =
√

λ
B11

fy =
√

λB11
B11 B22−B2

12

cx = −B13f
2
x

λ

cy = B12 B13−B11 B23
B11 B22−B2

12

λ = B33−(B2
13+cy(B12 B13−B11 B23))

B11

The extrinsic parameters for each image can be calculated using the equations 3.9
and 3.4 above as follows:

r1 = λA−1 h1

r2 = λA−1 h2

r3 = r1 × r2
t = λA−1 h3

(3.17)

where λ = 1
‖A−1 h1‖ is a scaling parameter.

However, because of noise in the data the computed rotation matrix R can not
satisfy some properties, such as RTR = RRT = I. The solution to this problem
is to perform a singular value decomposition of the matrix R, which will be in the
form of two orthonormal matrices U and V and a matrix D, that cosists of scale
values on the diagonal. Thus new form will be: R = UDV T . However, the fact
that the matrix R is orthonormal will lead to the assumption that D must be unit
matrix.
Until now the scene was considered without any distortions, which is impossible
in real life, therefore, now we can introduce distortion parameters and the method
to correct them in order to minimize the distortion effects on the scene if there
are exist any. The distortion coefficients were obtained according to the theory
provided in D. C. Brown [5]. According to the formulas 3.2 and 3.3 the main
formula describing the correlation between the distorted and undistorted points
on the image can be described as follows:

x′ = x+ x(k1r
2 + k2r

4 + k3r
6 + ..) + [p1(r2 + 2x2) + 2p2xy][1 + p3r

2 + ..]
y′ = y + y(k1r

2 + k2r
4 + k3r

6 + ..) + [2p1xy + p2(r2 + 2y2)][1 + p3r
2 + ..]
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where (xp,yp) represents the principal point; (x′, y′) - an undistorted(ideal) point;
(x,y) - current distorted point; x = x− xp; y = y − yp;
r =

√
[(x− xp)2] + (y − yp)2. The distortion coefficients are calculated according

to the method called ”Plomb-line” developed by D. C. Brown [5]. The main
assumption which is done in the paper is that the straight lines in the object
space should be projected as straight lines on the image plane in the ideal case
and the deviations can be treated as distortions. Seven white plumb lines with
attached plumb bobs, placed in the oil for stability issues were photographed on
the black background. The scene was photographed twice with camera rotation
on 90 degrees. As a result the photographic plates were represented by a grid
(totally were 5 plates). Points on each plate were measured with 5 mm distance.
The removal of distortion is achieved through the minimization of the least square
error between the distorted and plumb-lines.
Consider plates with m number of plumb lines, where total number of points on
the particular line i is ni. The equation of straight line on the plate can be declared
as follows:

x′ sin (θ) + y′ cos (θ) = ρ (3.18)

where θ defines the angle between the normal to the line going through the origin
and y′ axis; ρ is the length of the line.
If define (xij , yi,j) as coordinates of the jth measured point on the ith line and
substitute them into Equation 3.18 we will receive the following equation in the
functional form:

f(xij , yi,j ;xp, yp, k1, k2, k3, p1, p2, p3; θi, ρi) = 0 (3.19)

We will have n = n1 +n2 + ..+nm number of equations with 8 + 2m parameters,
from which xp, yp, k1, k2, k3, p1, p2, p3 will be the same for all set of lines and θi, ρi
will be different for each of m lines. Since the number of equations (in case of
enough amount of points) will be bigger than the number of unknowns, the least
square method can be used.
We can define the following set of equations:

xij = x0
ij + vxij

yij = y0
ij + vyij

xp = x00
p + δxp

. . .

ρi = ρ00
i + δρi

(3.20)

where x0
ij , y

0
ij are coordinates of points measured on a plumb line; v are residuals(or

errors); values with superscript (00) represent known approximations and δ values
coorrespond to the unknown corrections as stated in D. C. Brown [5]. By placing
values from the Equation 3.20 into the Equation 3.19 and linearizing obtained
equations using Taylor’s expansions formulas we will come to the following system:

Aijvij + B̃ij δ̃ + ˜̃Bij ˜̃δi = εij , i = 1, ..,m; j = 1, .., ni (3.21)
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where εij = −f(x0
ij , y

0
i,j ;x00

p , y
00
p , k

00
1 , k

00
2 , k

00
3 , p

00
1 , p

00
2 , p

00
3 ; θ00i , ρ00

i );

vij =
[
vxij
vyij

]
, δ̃ =


δxp
δyp
δk1
...
δp3

 , ˜̃δi =
[
δθi
δρi

]
(3.22)

and elements of matrices A, B̃, ˜̃B are represented as first order partial derivatives
(or Jacobian):

Aij = − ∂εij
∂(x0

ij , y
0
ij)

B̃ij = − ∂εij
∂(x00

p , y
0
i,j , k

00
1 , k

00
2 , k

00
3 , p

00
1 , p

00
2 , p

00
3 )

˜̃Bij = − ∂εij
∂(θi, ρi)

(3.23)

If we consider normal equations for the ith line with applied least-square method
theory we will get the following matrix form equation:[

Ṅi N i

N
T

i N̈i

][
δ̃
˜̃δi

]
=
[
ċi
c̈i

]
(3.24)

where

Ṅi =
∑

Ṅij = pijB̃
T
ijB̃ij

N i =
∑

N ij = pijB̃
T
ij

˜̃Bij

N̈i =
∑

N̈ij = pij
˜̃BTij

˜̃Bij

ċi =
∑

ċij = pijB̃
T
ijεij

c̈i =
∑

c̈ij = pij
˜̃BTijεij

pij = (Aij Λij ATij)−1

(1, 1)(1, 2)(2, 2)(2, 1)

(3.25)

where i=1,...,ni and Λij represents covariance matrix8 of x0
ij , y

0
ij elements.

Generally the points on the plate are uncorrelated but by taking into account as
stated in D.C. Brown [5] zero augmentation merging method the system of normal

8http://en.wikipedia.org/wiki/Covariance_matrix
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equations can be created with simultaneous adjustments to all lines as follows:

Ṅ + Ẇ |N1 N2 · · · Nm

N
T

1 |N1 0 · · · 0
N
T

2 | 0 N̈2 · · · 0
...

...
...

. . .
...

N
T

m | 0 0 · · · N̈m





δ̃

˜̃δ1
˜̃δ2
...
˜̃δn


=



ċ− Ẇ ε̇

c̈1
c̈2
...
c̈n


(3.26)

where

Ṅ =
m∑
i=1

Ṅi

ċ =
m∑
i=1

ċi

(3.27)

and Ẇ contains inverse parameters from δ̃ and ε̇ is a vector containing differences
between the initial values and the approximations which were calculated.
The order of matrix of normal equations 3.26 will be 2m+8 and will be increased
linearly with increasing number of lines taken for undistortion.
After all considerations the algorithm proposed by D.C. Brown can be considered
as follows:
For the ith line the following equations are generated:

Qi = N̈−1
i N

T

i

(2, 8) (2, 2) (2, 8)
Ri = N iQi

(8, 8) (8, 2) (2, 8)
Si = Ṅi −Ri
(8, 8)(8, 8)(8, 8)
ci ċi QTi c̈i

(8, 1)(8, 1)(8, 2)(2, 1)

(3.28)

The values of Si and ci are calculated for each line and summed and new values
of S and c are generated respectively.
Now the solution of the correction parameters can be defined as follows:

δ̃ = (S + Ẇ )−1(c− Ẇ ε̇) (3.29)

where (S + Ẇ )−1 represents the covariance matrix of the adjacent parameters
for δ̃, which can be used in calculation of error bounds associated with distortion
function being calibrated. If the adjustment components are converge the residuals
measured on the final plate can be computed as:

vij =
[
xxij
vyij

]
= pijΛijATijεij (3.30)



24 Theory

where εij is computed from the final parameter’s values and the mean error values
of the residuals are computed using the following formula:

s =
[√∑n

i=1
∑ni
j=1

vT
ij

Λ−1
ij
vij

n−p−2m

]
(3.31)

where p corresponds to the number of projective parameters being involved.
The parameters δ̈i for each line can be calculated as follows:

˜̃δ = N̈−1
i c̈i +Qiδ̃i , i = 1, 2, ..,m (3.32)

The author also described the experimental part in details and the results which
were achieved (for more details see D. C. Brown [5]).

3.5 Stereo calibration
As in the case with one camera before applying more complicated algorithms when
working with a pair of cameras we need to calibrate two cameras at a time; to
perform a so-called stereo calibration. The same chessboard pattern is used as in
a single camera calibration case.
A stereo calibration algorithm will generate parameters describing how two camera
locations correlate in the space according to each other; thus, it will produce the
rotation and translation components describing how one coordinate frame can be
transformed into another. In this case will be generated one translation vector and
rotation matrix instead of set of the translation and rotation terms as was done in
the single camera calibation case. This is because we are correlating two cameras
relatively to each other rather than looking for the correspondence between the
camera position and the scene.
The assumption which we make about the optical axes of the two cameras is that
they should be parallel and intersect at infinity. This will simplify the theory.
Consider now how we can acquire the rotation and translation terms. Let’s con-
sider a point P which is defined in the world coordinates. We can transform it into
the left and right camera space separately according to the following formulas:

Pl = Rl P + Tl (3.33)
Pr = Rr P + Tr (3.34)

where the first equation is true for the left camera and the second - for the right
one. Consider the Figure 3.4 below taken from Chapter 12 of G. Bradsky book
[4].
By observing the Figure 3.4 below we can come to the following connection between
the coordinates of the point in the left and right camera coordinate systems:

Pl = RT (Pr − T ) (3.35)

where R and T will describe the amount of rotation and displacement between left
and right cameras coordinate systems. Finally, creating a system of equations from
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Figure 3.4. Correlation of two cameras in stereo pair in terms of extrinsic parameters

three considered equations above (3.33, 3.34, 3.35) and solving for the rotation and
translation components separately will lead to the following correlations:

R = Rr(Rl)T

T = Tr −RTl
(3.36)

The OpenCV library first calibrates cameras separately to obtain components for
both cameras and then solve the equations above. Since R and T will be slightly
different each time the image is taken, median values are considered and improved
by using non-linear optimization step by the Levenberg-Marquardt algorithm.

3.6 Three coordinate systems

Considering the process of capturing an object by a camera implies taking into
account three coordinate systems. They are: camera, image and world coordinate
systems. All these three coordinate systems have their own origins and axes which
correlates with each other by certain transformations.
Consider a single camera calibration case.
The calibration parameters (Intrinsics matrix, extrinsic parameters) can be used
as the transformation parameters from one coordinate system to another. For
example, the intrinsics matrix(see the formula 3.1) can be used to convert points
from the camera space to the image coordinate system (the inverse matrix gener-
ates the inverse transformation).
Extrinsic parameters generate the correlation between the camera space and the
world coordinate system for the particular view for which rotation matrix and
translation vector were generated.
However, there is a so-called Camera matrix which performs the transformation
from the world to the image coordinates in a single pass. It consists of rotation
matrix with the fourth column of translation vector multiplied by the intrinsics
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matrix of the camera and can be presented in the following way:

C = A [R|T ] =

fx 0 cx
0 fy cy
0 0 1

r11 r12 r13 t1
r21 r22 r23 t2
r31 r32 33 t3


The inverse matrix will generate image-to-world space transformation.
All introduced formulas above can be helpful in order to check(also visually on the
image) whether all calibration parameters were generated correctly.

3.7 Epipolar rectification
In order to produce accurate results in the stereo correspondence algorithm (the
process of finding the same projection of a point in real space on the left and right
images) an epipolar rectification of the images need to be performed. Generally
speaking, rectification will transform images in a way as if they were taken by
cameras with row-aligned image surfaces. As a result, pixel rows will be on one
line on two considered images with maximal possible common viewing area. This
will make easier the process of finding the correspondences, because the considered
point on one image and its corresponding matching point on another image will be
situated on the same line on both images (thus will have the same y coordinate).
In addition, the center of projections of two cameras will be situated at the same
height, the focal length distances will be the same and the epipolar lines will
coincide with the horizontal scanlines of the images.There are different algorithms
that can perform image rectification for calibrated or uncalibrated systems. In this
project a Bouguet’s algorithm will be considered, but before diving into details
some definitions from so called epipolar geometry need to be introduced.

3.7.1 Epipolar geometry
Consider a pair of cameras which observing the same point P. Let’s denote its
projection on the left camera image plane as Pl and on the right imager as Pr
respectively.
An epipole el on the left image plane is the projection of the center of projection
of the right camera Or to the left imager(vice verse for er).
The plane which is go through the point P and two epipolar points is called an
epipolar plane.
The lines connecting points Pl and el (or Pr and er ) are called epipolar lines.
(see the Figure 3.5 below). Usually the correspondent point for the considered one
is searched along the epipolar line in the other image.
If we consider a projection of a point P in the real space on the image plane of the
right camera and if we want to find the projection of the same point on the left
image we need to search it on the whole left image. But this can lead to a long
computational time if the image is big enough. Thus, the epipolar lines can be
useful in this case. It is proven that if we have just one camera we cannot identify
the distance between the camera and the point P in the real space. The point P
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Figure 3.5. Representation of the epipolar geometry definitions given above (taken from
G.Bradsky book [4], pp.420)

can be situated anywhere on the ray starting at Or and going in the direction of
P. However, in the right image plane this line is represented as an epipolar line
Prer. This fact simplifies the search of the point P in the left image, because
now we know that it must lay on the epipolar line erPr and the search for the
matching point in another image will be done only in one line at a time. And after
rectification all epipolar lines will coincide with scanlines of the images.

3.7.2 Bouguet’s algorithm of stereo rectification
To apply this algorithm the stereo pair of the images must be calibrated as it
requires calibration information for calculations. In general, a rectification means
to find a rotation matrix which will rotate image planes around the center of
projection in a way that:

• epipoles will be at infinity

• epipolar lines will coincide with scanlines

• the projection of the center of projection on one image (epipole) is parallel
to the other image plane (see the Figure 3.6 below)

• the vertical coordinates of the projection of the same point in the world space
onto the left and right image planes will be the same in the considered row
(see the Figure 3.6 below).

Explore now how we can achieve rectified images. As written in the G. Bradsky
book [4] the Bouguet’s algorithm will minimize a reprojection error while project-
ing image surfaces on the new image plane with properties satisfying rectification.
Consider the principal point of the left image as an origin, then the rotation matrix
which rotates the left image around the center of projection so the epipoles will
be placed at infinity and the epipolar lines will coincide with the scanlines can be
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Figure 3.6. Image planes of the left and right cameras. W is the point in the real world;
M1 and M2 are the projections on the left and right images; C1 and C2 - the center of
projections; E1 and E2 - the epipoles; (left part) Before applying rectification; (right)
Rectified images. Image is taken from S. Dröppelmann [7]

performed as:

Rrect =

(e1)T
(e2)T
(e3)T


Let’s consider each element of this matrix. The first term e1 represents an epipole
vector which direction will be along the translation vector between the two cam-
eras’ center of projections:

e1 = T

‖T‖
The second epipole’s direction will be orthogonal to the principal ray (which will
be along the image plane).This can be achieved by taking a cross product of e1
and a principal ray and normalizing:

e2 = [−Ty, Tx, 0]T√
T 2
x + T 2

y

The third component is represented by the cross product between the presvious
two components:

e3 = e1 × e2
But the images are not row aligned yet. To achieve this we can apply the matrix
Rrect to the rotation matrix which rotates the right image plane to the left one
and which is split into two matrices in the equation below performing half rotation
(rl or rr) for each camera, thus we will have:

Rl = Rrect rl

Rr = Rrect rr
(3.37)
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Finally, a new general camera center and maximum width and height with new
boundaries of common viewing areas of two transformed images are set as new
stereo image planes as stated in G. Bradsky book [4].

3.8 Semi-global block matching algorithm
Generally, image-based algorithms (or intensity-based) can be divided into local
and global ones. In the local algorithms, such as Stereo block matching algorithm
described by K. Konolige [10] the whole base image is subdivided into subregions.
A center pixel of each region represents the pixel for which the match is searched in
the other image. After that, each sub-piece of the first image slides on the second
image of the considered pair and the absolute differences between the intensity
values of the pixels in the current block in the base and match images are calculated
and summed; the lowest value corresponds to the best match. The disparity
is calculated as a horizontal offset between matched pixels. Since the images
are rectified the best match should be situated on the correspondent epipolar
line. However, this algorithm generates good results only in a highly textured
environment. In contrast, in global algorithms an energy function is created and
its minimum is assigned as disparity. If the object is closer to the camera (viewer)
then the disparity value will be larger.
In general, the Semi-global block matching algorithm will search for similar pixel
values in the two considered images and produces a disparity map. Definition of
the disparity according to the Birchfield [2] paper can be given as follows:
A disparity of a pixel p in the left image scanline that corresponds to the pixel q
in the right image scanline is determined as p - q. Therefore, it can be described
as a shift in location of the considered pixel between the left and right images.
The disparities for each pixel are then organised in the so-called disparity map.
According to the D. Scharstein [12] all stereo correspondence algorithms perform
four following steps during calculations:

• matching cost computation

• cost aggregation

• disparity computation/optimization

• disparity refinement

Although, semi-global block matching algorithm was proposed by Hirscmuller [8],
in OpenCV it is combined with the theory from Birchfield [2]. In addition, some
pre- and postfiltering operations from Konoligue [10] (see StereoSGBM part9)
were used. Prefilters allow to achieve better results in stereo correspondence by
transforming the initial image. While postfiltering methods will improve achieved
results and can remove part of noise, for example. The difference between the
original paper written by H.Hirschmuller [8] and OpenCV implementation is that
instead of matching individual pixels blocks of pixels are considered which size can

9http://opencv.willowgarage.com/documentation/cpp/camera_calibration_and_3d_reconstruction.html
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be specified.
Consider a base image Ib (left image) and the corresponding right image Im, the
resulting disparity image is calculated with correspondence to the base image. The
matching cost is calculated for the pixel p in the base image from its intensity Ib(p)
and the correspondent intensity Im(q) of the pixel q = ebm(p,d) in the matching
image as stated in H. Hirschmuller [8], where ebm(p,d) is the epipolar line for the
pixel p in the matching image and d is the disparity. For the rectified image the
following condition will be true:

ebm(p, d) = [px − d, py]T

The cost of finding matching pixel, which is implemented in the OpenCV library
is calculated according to the Birchfield [2] paper, so their investigations will be
described below.
A matching cost according to the Birchfield [2] can be described as a measure of
how unlikely it is that the intensity values Ib(p) and Im(q) represent the same
point. The lowest cost is associated with the best correspondence.
It is assumed that the images are rectified, so the search for the matching pixels
is done on the corrresponding scanlines. Each match is performed in a pair (p,q)
denoting that the intensities Ib(p) and Im(p) represent the same point in the
scene. This is true due to the assumptions that all the surfaces are Lambertian
and the image sensors are ideal (see Birchfield [2]). They stated that the cost
function cannot be considered as the difference in intensities of each of the two
considered pixels in the two discrete images, because these values can be big in
the ambigious regions, such as near to the object borders, which can cause false
disparities assignment. Thus they suggested to compare differences between the
interpolated intensities on the half-pixel range around the current one.
Let’s define Ĩb and Ĩm as intensity functions on the corresponding scanlines. Firstly
authors define the minimum difference (how close the intensities are) between Ib(p)
and ˜̃Im(q′), where q′ is displaced from q on some distance, i.e. |q′ − q| ≤ 1

2 and
˜̃Im is the linearly interpolated function between the points surrounding q in the
right (matched) image scanline:

d̃(p, q, Ĩb, Ĩm) = min
q− 1

2≤q′≤q+
1
2

|Ib(p)− ˜̃Im(q′)|

The linear interpolation is defined for point p in the base image in the same way
according to S. Bircfield [1]:

d̃(q, p, Ĩm, Ĩb) = min
p− 1

2≤q′≤p+
1
2

| ˜̃Ib(q′)− Im(q)|

The minimum of these two functions can be assigned as matching cost for the
particular pair of pixels. Let’s define this function as ˜̃d(p, q) in the following way:

˜̃d(p, q) = min{d̃(p, q, Ĩb, Ĩm), d̃(q, p, Ĩm, Ĩb)} (3.38)

This function is equal to zero when q is the closest value to the q′, which corre-
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sponds to p, in case of absence of noise or distortions.
This function can be calculated on discrete points in the following way. To calcu-
late ˜̃d(p, q) will be easier with the following property taken into account: extreme
points of a piecewise linear function exist only on the conjunctions of the linear
pieces according to S. Birchfield [1]. Thus, after calculating the intensities of the
pixels in a half-pixel range using linear interpolation:

I−m ≡
˜̃Im(q − 1

2
) = 1

2
(Im(q) + Im(q − 1))

I+
m ≡

˜̃Im(q + 1
2
) = 1

2
(Im(q) + Im(q + 1)) (3.39)

We can calculate minimum and maximum intensity values on the considered in-
terval as:

Imin = min{I−m, I+
m, Im(q)}

Imax = max{I−m, I+
m, Im(q)}

Finally, the one part from the equation 3.38 can be defined as follow:

d̃(p, q, Ĩb, Ĩm) = max{0, Ib(p)− Imax, Imin − Ib(p)}

The other part of the equation 3.38 can be calculated in the similar way. There
also can be calculated wrong matches to the points when the cost for wrong match
can be lower than for the true correspondence, due to the noise for example. Thus,
to decrease the errors we can define an energy function which is determined for
the disparity image D in the following way:

E(D) =
∑
p

d(p, q) +
∑
q∈Np

P1 T [|Dp −Dq| = 1] +
∑
q∈Np

P2 T [|Dp −Dq| > 1]

The first variable in the equation above is the sum of all matching costs of pixels
for the diparity D. The value of the function T[] is one if the argument is true
and zero otherwise. The second variable adds penalty P1 in case of small disparity
differences in the neighborhood of the p; the last variable adds penalty P2 for large
changes in the disparity values and preserve discontinuities. An energy function
that generates good results on the object boundaries is called a discontinuity-
preserving function as written in the Y. Boykov [3]. The discontinuitues appear
usually as intensity changes, so P2 can be performed in the way of an intensity
gradient:

P2 = P
′

2
| Ibp − Ibq |

Now the problem of stereo correspondence can be presented as to find the dis-
parity function D associated with the minimum of the energy function E(D) as
written in Hirschmuller [8] and it will be NP-complete for the whole image. How-
ever, the problem of finding global minimum of E(D) for the whole image can be
split into searching its minimum on the rows in polynomial time using a dynamic
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programming, which splits the whole problem into subproblems. But in this case
correlations between pixels in different rows are not taken into account. In addi-
tion, pixels should be situated in the same order for both images, which cannot be
achieved in the case when a narrow object is placed in the foreground. This can
lead to the wrong picture at the end of calculations. Thus, an alternative way was
proposed by Hirschmuller [8], which suggested to perform calculations in several
directions at the same time.
The aggregated cost is calculated as a sum of minimum 1D cost paths which end
in the considered pixel p with associated disparity d (see the Figure 3.7 below).
In the original paper of Hirschmuller [8] the number of directions are 8-16, but due

Figure 3.7. 16 paths going towards the pixel p (picture taken from Hirschmuller [8] )

to the high memory cost in OpenCV the number of paths are decreased to 5-8.
The aggregation of cost in the direction r for the given pixel p and the disparity
d can be written in the following way:

Lr(p, d) = C(p, d) + min{Lr(p− r, d), Lr(p− r, d− 1) + P1, Lr(p− r, d+ 1)
+P1, min

i
{Lr(p− r, i) + P2}} −min

k
Lr(p− r), k)

This operation is done recursively. Where the first term is the matching cost
according to the Birchfield [2]; the second variable add the lowest cost, which
depends on the aggregated cost of the previous pixel in the path. The subtraction
of the last value (the minumum path cost of the previous pixel) guarantee that
the accumulated sum will not transcend the limits of the predefined data type.
This subtraction will not change the path, but ensure that L ≤ Cmax + P2. The
calculation can be performed in O(ND) steps where D is the number of disparities
and N is the number of pixels in the path. Finally the costs over all directions can
be calculated as:

S(p, d) =
∑
r

Lr(p, d)

The upper border of S is also defined as: S ≤ 16(Cmax+P2) if consider 16 paths.
Now we can move to the calculation of the disparity image corresponding to the
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base image. It is calculated according to the rules of local methods of stereo cor-
respondence algorithms, videlicet by taking the disparity d which is associated
with the minimum cost Dp = mind{S(p, d)}. For achieving sub-pixel accuracy
a quadratic curve going through the neighbouring costs (next higher and lower
disparities) is constructed and its minimum is taken. The result will be the dis-
parity image associated with the base image. In order to find the disparity image
for the matching image the same array of costs can be used by considering the
epipolar line that is associated with the pixel q in the match image and the chosen
disparity is connected with the minmum cost: mind S(emb(q, d), d). To determine
occlusions and avoid false matches a consistency check can be performed, where
the disparity of the base image is compared with the disparity of the match image
and set to be invalid if they are differ. Mathematically it can be written in the
following way:

Dp =
{
Dbp, if |Dbp −Dmq | ≤ 1
Dinv, in other case

After the information about disparity of each pixel we can move to the description
of the depth map.

3.9 Depth map
After obtaining disparity values for each pixel the depth map can be created, which
contains the inverse values of the disparity map values and has the information
about the distance of each pixel to the camera.
The depth map in the current project was acquired according to the theory de-
scribed in the OpenCV book [4] (see page 452). The coordinates of the image
point can be converted to the 3D coordinates if we know the disparity value at
this point and a reprojection matrix(4-by-4).
Reprojection matrix is generated during the rectification of the two images and
can be presented in the following form:

Q =


1 0 0 −cx
0 1 0 −cy
0 0 0 f
0 0 −1/Tx (cx − c′x)/Tx

 (3.40)

where (cx, cy) is the principal point of the left image; c′x is the x coordinate of
the principal point of the right image; Tx is the translation vector (x component)
between two Kinects in x direction.
Thus, when all the necessary parameters are known we can compute the points in
the final reconstruction as:

Q


x
y
d
1

 =


X
Y
Z
W

 (3.41)

where (x,y) image point’s coordinates; d diparity associated with the particular
pixel; (X,Y,Z) is the generated point in the 3D space. The final 3D coordinates
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will be divided by the W value to convert from homogeneous coordinates and
therefore will be represented as (X/W,Y/W,Z/W).
However, the alternative formula without Q matrix can be used, which generates
an image that can be also perceived as 3D image. The formula was taken and
adapted for the current project from the forum about Computer vision10 (only
available in Russian language).

X = (x− (Image width/2))
scalar

Y = (y − (Image height/2)
scalar

Z = d(x, y)
scalar

(3.42)

Subtraction the image center values from the current calculated pixel value is
necessary due to the difference in the coordinate systems between OpenGL and
OpenCV. The values are displayed using OpenGL where origin of the coordinate
system is at the center of the image while the OpenCV origin is situated in the
upper left corner. Therefore, to show the points calculated in OpenCV correctly
in OpenGL pefromed subtraction is essential. Scalar value represents as a scaling
value for the whole image. Thus, the bigger the value the smaller the image.
Z coordinates are calculated by dividing the disparity d for the current image
coordinates by the scaling value.
The resulting images can be observed in the Results chapter 5 below.

10http://www.compvision.ru/forum/index.php?showtopic=423



Chapter 4

Implementation

This chapter is aimed at describing the steps which were done in the current
project. The calculations were performed partly by using Matlab1 and partly by
using OpenCV2 functions in C++. The Kinect data can be obtained through
the libfreenect driver (which was described in the Background part 2). It allows
to receive RGB, IR and depth images. The RGB images are generated as 8-
bit 3 channel images; IR images are represented as 8-bit 1 channel images and
depth images are 11-bit 1 channel images. The resolution of all types of images is
640×480 pixels. There is also a possibility to set different types of colour models,
for example YUV3 or RGB (which was used in the current project). All three types
of images are generated in real time, while the calibrations and other procedures
are performed for captured image during an execution time. The Kinect device can
be controlled from keyboard. By pressing certain keys the device can be moved
up or down by 30 degrees angle each pressing.

4.1 Chessboard corners detection
The first obvious step in generating results is to take images from two Kinects.
The devices should be situated on one line and point at the same direction. If we
turn two Kinects to each other as on the Figure 4.1e their optical axes will not be
parallel to each other which can lead to the decrease of the common viewing area.
This can affect the final reconstruction. Experimentally it was tested that when
the cameras are placed in the described above way the disparity map contains
more undefined values. Observe the Figure 4.1c; only the shape of the chair and
chessboard can be distinguishable. Whereas, instead of the background part of
the scene some undefined squares are displayed. As a result the reconstructed area
will be smaller (compare the Figure 4.1 and Figure 5.16). As can be noticed the
piece of wall on the upper left and right parts on the Figure 4.1a are not displayed

1http://www.mathworks.se/products/matlab/index.html
2http://www.mathworks.se/products/matlab/index.html
3http://en.wikipedia.org/wiki/YUV
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Figure 4.1. The case when two Kinects are turned towards each other. a) The recon-
struction of the scene; b) The color image of the left image; c) The disparity map; d)The
color image of the right Kinect; e) The arrangement of two Kinects in space

whereas on the Figure 5.16 it follows the color of the wall. Whereas, the chess-
board looks better defined on the Figure 4.1a. However, when the cameras are
turned towards each other the reprojection errors for both cases of the calibrations
remain small: 0.1604195 and 0.153377 for the left and right Kinects respectively
and 0.172822 for the stereo calibration.
If we place one Kinect in front another stereo calibration will produce big repro-
jection error and as a result the disparity map will not be generated. Two set of
tests were performed. Firstly, when the right Kinect was in front of the left one
the separate calibration errors were relatively low: about 0.2119 and 0.2257 pixels
for the left and right Kinects however stereo calibration error is 27.0537 which will
not produce the disparity map and the distance between Kinects are not detected
properly. The translation vector for the last try was T =[9.1065546777264821,
2.4489843213290836, -9.4883926083848955] which contains false values. The sim-
ilar results were achieved when the left Kinect was placed in front of the right
Kinect.
As was described in the Calibration part 2.2 in order to perform the calibration
we need an object which geometrical properties in space are known. The most
simplest object is a plane chessboard. First of all, before applying calibration
it is necessary to find the positions of the inner chesboard corners in the world
space. We can manualy set the coordinates of each corner in the chessboard in
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its coordinate system. This is possible because we can measure the size of each
square and therefore can assign the coordinates of each corner of the chessboard
by adding the step value (which is the length of the one square) to the respective
coordinate value of the previous corner. Since the chessboard is flat we can set all
Z coordinate values to zero.
The OpenCV library function generates the positions of the chessboard inner cor-
ners in the image coordinate system. To allow the function works properly we
should specify the size of each square of the chessboard, otherwise the calibration
parameters will be calculated wrong. The chosen unit of measurement is centime-
ter. The chosen type of unit will affect the unit of translation vector which is
generated in the stereo calibration function and represents the distance between
two Kinects in X,Y and Z directions. Generated values of the corner locations will
be in pixel units in the image coordinate system. While all the corners can often be
detected, some locations can be determined with a small offset from real positions.
This can be improved by another function, which can estimate the real locations
of the corners with sub-pixel accuracy. Briefly the principle of this function can be
described in the following way. It will set the detected points’ coordinates as true
values and then based on the gradient information from the neighbor pixels in the
specified neghbour area initial positions will be adjusted to the real true values.
While capturing images need also make some limitations on type of images that
should be considered. Only the images where all inner corners are observed by the
camera are taken and proceed in further calculations while others are eliminated.
There is no defined number of images that should be taken in order to perform
good calibration. Experimentally it was found out that the number of images for
good calibration should be not less than four. In addition, the images should be
captured in a stable framework, because the movement of the chessboard in front
of the camera at the moment of capturing the image can affect the corner detec-
tion if the blur image is generated. The chessborad should be rotated or moved
from shot to shot in order to eliminate two images with the same position of the
chessboard in space since this can lead to the wrong estimation of the corners by
OpenCV function. More details will be described in the Results chapter 5 below.
The corner values which were detected are saved in the separate files for right and
left Kinects for ease of use in the later calculations. This allows to take the set of
images once and perform further tests on this set.

4.2 Kinect synchronization
Kinect does not support synchronization, therefore the images from both cameras
are generated in a slightly different time. To achieve generation of the depth, RGB
and IR data at the same time we need a mutex object4 for each of them, so we
can use mutex to control which function will use the resources in the particular
time.
Mutex object will control threads in the program. Usually it should be at least
two processes for Mutex to control. For example, first mutex will give the rights

4http://msdn.microsoft.com/en-us/library/ms684266%28v=vs.85%29.aspx
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for the first process and later when the data is free the right to access the data will
be set to the second process. When the data exists in Kinect they can be treated
as an undefined stream of data, so to receive the images in the rgb or grayscale
format it is necessary to extract this information. For this purposes we declare
mutex objects separately for rgb, depth and ir cases so when we access the data
through the respective function the mutex object will know which data should
be received by which process and which one should wait while the data become
available.
The Kinect synchronization is also important when performing stereo calibration
since the images should be taken by left and right Kinect at the same time. How-
ever, this type of synchronization can be performed without Mutex object. The
process can be defined in the following way. When the respective function starts
receiving data a variable will start counting the number of generated frames. These
variables can be requested for both Kinects and when the program starts executing
we can start working with Kinects and visualize the images when both variables
will have positive numbers which will mean that there are data gained for both
Kinects.

4.3 Calibration and stereo calibration
When the necessary amount of images are captured the calibrations can be per-
formed. First the calibration of two cameras is made separately. The result of
these two functions will be intrinsic and extrinsic parameters of the Kinect cam-
eras, which can be applied in the stereo calibration function. However, if these
values are far from the true values they can be estimated further in the stereo
calibration function. In the current work the generated values are fairly true,
therefore, the values were used as they were generated from the single calibration
case. In order to generate these values we should provide to the calibration func-
tion the corner locations detected by the certain function which was described in
the Chessboard corners detection part above as well as the corner positions in the
world space. If the quality of the default calibration function is not good, it can
be improved by specifying certain parameters inside the calibration function (for
example, ignore the tangential distortion coefficients if the image is not affected
by them).
Stereo calibration function generates the parameters which describe the position of
one Kinect according to another in space through the Rotation matrix and Trans-
lation vector. For example, by moving one Kinect according to another in different
directions and checking the translation vector (which shows the distance between
centers of the two cameras in x,y and z directions separately) can be noticed that
Kinect’s coordinate system is defiend as left-handed (Z points opposite the user;
Y is in up direction; X points to the right) in OpenCV. In addition, the world
coordinate system is set in the left Kinect (when considering two Kinects at the
same time), thus the translation vector and rotation matrix relate right Kinect to
the left one. In order to generate these parameters we should specify the corner
positions in the image space for both Kinects and the inner corner positions in the
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world space.
There is also possibility to generate the Essential and Fundamental matrices dur-
ing the stereo calibration. The Essential matrix contains the information about
how two cameras correlates to each other in physical coordinates. The Funda-
mental matrix has the information about correlation between two image planes in
the stereo pair in pixels. Although, these two matrices were not used in further
calculations they can be used for checking the parameters of stereo calibration as
well.

4.4 Stereo rectification
Stereo rectification is the next step after stereo calibration. As was stated in the
Epipolar rectification section 3.7 it will align two images in a stereo pair in a way
as if they were captured by the cameras with the row-aligned image planes.
Theoretically speaking rectification should be performed on the undistorted im-
ages, but since the OpenCV provides the function which undistorts and rectifies
the image in a single pass separate undistortion can be skipped. However, separate
undistortion procedure can be performed in order to see the difference between dis-
torted and corrected(undistorted) image. This procedure will also allow to check
the correctness of the distortion parameters which were generated during the cal-
ibration. The Figure 4.2 shows how the corrected image looks like for the left and
right Kinects respectively. The black areas correspond to the undefined values
which are generated during the undistortion procedure.

Figure 4.2. Separately undistorted images for the left and right Kinects

If apply the rectification algorithm to the undistorted in advance image the result-
ing rectified image will look as if it is distorted.
In the current project the procedure of generating the rectified images is called
backward mapping. In this case a so-called forward mapping when for taken pixel
coordinates the new one on the final (rectified) image will be calculated will not
work, because the resulting pixel coordinates will be floating-point values. How-
ever, the pixel coordinates on the destination image can only be integer values.
Thus, according to the OpenCV book [4] (see p.436) first the lookup maps are
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calculated for both cameras separately. Then, for each integer pixel coordinate
values in the final image the function looks from which floating-point coordinates
on the source image it is. After that, the closest integer point from its surrounding
is picked in accordance with the lookup map and this value is interpolated to fit
the destination integer pixel. There are several types of interpolation methods
which can be specified through certain flags. Several methods were tested and the
Lanczos method5 finally was chosen (see details in the Results chapter 5 below).
Here normalized sinc function is used to generate the necessary images.

4.5 Disparity map using Semi-global block match-
ing algorithm

When two images are rectified we can calculate the disparity map which will state
how far the considered point on the left image moved on the right image. The
quality of the disparity map affects the actual 3D reconstruction. The more details
are detected on the disparity map the more precise reconstruction of the scene
will be. In the current project Semi-global block matching algorithm was used
(see more details in the respective section 3.8 in the Theory part 3). However, the
quality of the disparity map itself can be improved by specifying the certain amount
of parameters which are provided in OpenCV. Even though the original algorithm
states that the comparison of the values in the left and right images are made
per pixel in the applied function the block of pixels are compared and the match
is searched for the center pixel. Thus, the size of the block affects the number
of the detected details. After several tests the chosen block size was decided as
5-by-5 pixels (see the comparison details in the Results part 5 below). There
is also a variable which can control the lowest offset between the correspondent
points as well as the range in which disparities will be assigned can be specified.
Also the number of searching directions for calculating the aggregated cost (see
section 3.8) can be controlled (8 directions is set, by default is only 5). There
are two parameters that can control the smoothness of the resulting disparity.
This is achieved by setting penalty values. The first value is the penalty on the
diparity change between neighbour pixels by ±1, while the second sets the penalty
on the disparity change which is more than one. During the first stage of the
algorithm some prefiltering is done on the image pixels. For each pixel x derivative
is computed and only the values which are belong to the specified range (can be
controlled through certain variables) are taken for further consideration in the
Birchfield-Tomasi cost function. To ensure that all false disparities are eliminated
we can set a range of the allowed disparity variations. In addition we also can set a
”stopping” value (in percents) for the two candidates which are considered as best
values in the matching cost function which allows to find the best matched values.
Finally, the consistency check can be controlled by specifying the maximum allowed
difference value between base and matched disparity image pixels (see Semi-global
block matching algorithm part).

5http://en.wikipedia.org/wiki/Lanczos_resampling
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4.6 3D reconstruction in OpenGL
3D surface reconstruction in this project was done based on the information from
the left and right RGB images of Kinects. After generation of the 3D points
by OpenCV they were displayed by OpenGL primitivies (GL_POINTS). Since
the generated image is not informative in a single color the colour values were
taken from the rectified image. Which image to take, right or left can be decided
depending on the disparity map calculation. If the disparity map was generated
from the left image as a reference image then left image should be considered,
otherwise right. The virtual camera set in OpenGL allows to rotate it around
the scene and see the objects in the scene. However, not all points were detected.
This can be due to undefined values in the disparity map or the light in the room,
since the strong light can produce bright flash in the image where values will be
not detected. If the light is diffuse there will be well detected disparity map and
as a result the shapes of the objects will be captured and visuallized properly.
In addition, the scene can be captured only within certain range so if rotate the
camera beyond this range the objects will be undefined and some noise will be
seen instead.
However, in addition to the generation of the points in 3D space by OpenCV
function another approach was described where the disparity values were used
(see the Depth map section 3.9).

4.7 Kinect’s raw depth map
Initially the Kinect’s depth images are presented as grayscale images with values
in a range [0,2047]. The number 2047 generates in Kinect when the points cannot
be detected by the device: this is applicable to the points which are situated
too far away from the sensor or too close (0-50cm.). The values within a range
represent how far the particular pixel is situated from the camera. The bigger the
value the further the pixel is situated from the Kinect camera. The values are
generated according to the type of the scene. Sometimes the range can be smaller.
Therefore, the gray color gradations can be adjusted for the scene in order to have
more defined changes in the color shades depending on the distance. In the current
project the range [500,1300] was used. An example of the Kinect’s depth image
can be observed from Figure 4.3 below. The white regions represent undetected
by Kinects areas. Whereas, the objects within considered range following the rule:
the further the object from the camera the brighter gray color it has.
In addition, the depth image can be presented as a color image (see the Figure
4.4). The bright red regions represents underfined regions on this image. The
color change in accordance with the distance of the object to the camera is from
dark blue to the dark red (see Figure 4.4c).
Consider two Kinects as a stereo pair. It was noticed that the depth map looks
more defined when the IR projector of one Kinect is covered. This can lead to
the conclusion that when the IR projector of one Kinect (for example, left) sends
the laser in the scene it can be detected by the Kinect camera standing next to
it (right) which can cause the noise on the right Kinect depth (see the pictures in
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Figure 4.3. a) The depth image for the left Kinect; b) The depth image for the right
Kinect; c) The color image for the left Kinect; d) The color image for the right Kinect.

c)

Figure 4.4. The representation of the depth image of Kinect as a color image. a) The
left Kinect case; b) The right Kinect case; c) The scale of color change according to the
distance (the most left-the closest point color; the most right-the farthest point color).

the Results chapter 5 below).
It was noticed that the 11-bit data from Kinect gives more information rather than
converted to 8-bit image. This was tested by applying 3 channel color scheme for
the depth map which is 8-bit image. In addition, a reprojection to 3D space gives
more precise picture with 11-bit values of the depth.
There was done an experiment with reprojecting the raw depth data from Kinect
to the camera space in Matlab in order to generate points in 3D space. First
the pixels in the image coordinate space were converted to the camera space by
applying the inverse Intrinsics matrix. All the variables are in homogeneous space
thus the Intrinsics matrix has the additional fourth column of zeros and vector of
coordinates in the image space has additional last element equal to one. Then the
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generated values were normalized with the norm of the length of the vector which
consists of the points’ coordinates in the camera space. Finally, all normalized
components were multiplied by the respective depth value (see the result Figure
4.5 below). As can be noticed the reprojected image looks a bit bowed. This is

a) b)

c)

Figure 4.5. The depth image from Kinect reprojected into the camera space in Matlab
(blue/red) with the raw depth from Kinect(gray); a) The left Kinect case; b) The right
Kinect case; c) The scene example that was used

due to the distortion effect in the perspective projection (see article by Robert P.
[9] for more details) which occurs because of the camera properties of generating
an image. According to the image generation in the camera an image is created
due to light rays which strike the image plane. However, only ray which coincides
with the optical axis will be perpendicular to the image plane. Whereas, other
rays will have different angles and form distortion. Since while reconstructing the
image we do not undistort it we will have the described above effect on the Figure
4.5. This image also shows how the reconstruction of the scene using one Kinect
can look like in Matlab. The scene was consist of the system unit standing on the
table, but since the table was close to the Kinect camera and has shining surface
it could not be detected. As a result, the depth map for that region is undefined.
The flat continuous region behind the system unit is a wall. As can be noticed
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the reconstruction pattern follows the depth image for both Kinects and the shape
of the system unit is defined according to the captured by Kinect region (more
details see in the Results chapter below).



Chapter 5

Results

In this chapter the results of the Kinect calibration and 3D reconstruction of the
scene are shown.

5.1 Inner corners detection results
As was written in the Implementation chapter 4 the first step in the calibration
is to take images of the chessboard and detect the corners. The position of the
chessboard should differ from shot to shot otherwise the program cannot properly
detect the corners. Sometimes if the strong light points to the chessboard corners
they either cannot be detected or the outer corners can be detected instead of
inner corners. Since we have two Kinects the calibration and corner detection
should be applied for each Kinect separately. The result of the applied function
is shown on the Figure 5.1 below. As can be noticed, the result of the corner
detections is not precise and the corners are situated not on the straight lines. In
order to improve the result another function was applied which refines the result
and calculates more accurate corner positions(see the Figure 5.2).
It can be noticed that the corner pattern now looks closer to the real chessboard
corners and the positions of the detected corners are situated on the straight line
as it supposed to be (if check the real chessborad pattern).
By doing several tests with different number of chessboard corners was explored
that by using a chessboard with bigger amount of corners more accurate cali-
bration results can be achieved. This conclusion was made due to checking the
reprojection errors which are returned by calibration functions and observing the
rectified pictures. A reprojection error can be described as the sum of the squared
differences between the detected image corners and the projections of the specified
chessboard corners in 3D space on the image plane. In addition, it was noticed
that for the chessboard with smaller amount of corners (9-by-6) better calibration
results are achieved when there are at least 10 images. However, the chessboard
with bigger amount of chessboard corners (13-by-11) will require only 5 images for
good calibration, but the corners can be detected by Kinect only within a certain
range. The range of the corner detection is bigger for the chessboard with less

45
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Figure 5.1. Initial detection of the inner corners by OpenCV function

amount of corners and thus with bigger size of the chessboard squares. It can be
concluded that the bigger amount of images in the case of 13-by-11 chessboard
corners will produce worse results, because there can be cases when the chess-
board positions can be almost the same on two or more images. Whereas, during
several tests was noticed that the chessboard with bigger number of corners gives
smaller reprojection error in comparison with the chessboard with less amount of
the corners.
With the help of the camera matrix was checked whether the detected corner po-
sitions are correct or not. For this the inner corner positions of the chessboard in
the world space were multiplied with the camera matrix for the respective view
and Kinect. The result values for the inner corners in the image space was very
close to the detected by respective function. In addition, these points can be dis-
played in order to see whether the structure of the chessboard is maintained (see
the Figure 5.3 below). As can be seen on the picture the pattern of chessboards
is well defined and different positions of the chessboard represent the positions of
the chessboard during the procedure of taking images for the calibration by one
of Kinects.

5.2 OpenCV versus Matlab calibration
In addition to the OpenCV calibration functions results Camera Calibration Tool-
box for Matlab R© approach was tested. It also allows to perform calibration of
the single camera and stereo calibration. On the one hand, in some cases the
OpenCV functions produced more closer to the correct numbers values for the
principal point. Whereas, on the other hand in some experiments Matlab calibra-
tion toolbox generated values with smaller reprojection errors. But, for instance,
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Figure 5.2. Refined results of the inner corner detections by OpenCV function

the difference of the detection of the principal point was about several pixels so it
can be counted as giving the same results. However, the OpenCV approach was
chosen for this project because of automatic detection of the corners. Whereas,
in the Camera Calibration toolbox a user needs manually set four inner bounding
corners which can also lead to the larger errors in the corner detection. However,
there is an opportunity in the Matlab Calibration Toolbox to see the biggest error
of corner detection and manually decrease it which will generate a better detection
and smaller reprojection error. But the Matlab approach in comparison with the
OpenCV one can also be considered as time consuming and since the results are
almost the same the OpenCV concept was chosen.

5.3 Calibrations parameters
During the calibration of the one Kinect the Intrinsic and extrinsic parameters
are generated. The Intrinsic parameters describe the internal properties of the
calibrated camera, for instance principal point, focal length. These values will
affect further results. As was stated in the Implementation chapter 4 above the
quality of the calibration can be improved by specifying certain flags. However,
the affect of one of them was noticed to be an opposite. Since the Kinect sensor has
not fisheye1 lenses the last distortion coefficient should be set to zero. However,
when this coefficient is set the rectified image looks as if it was distorted (see the
Figure 5.4 below). Whereas, it should look like completely undistorted.
Two chessboards with different amount of squares (9-by-6 and 13-by-11) were used
as the calibration objects. The reprojection error usually lower for the chessboard

1http://en.wikipedia.org/wiki/Fisheye_lens
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Figure 5.3. Camera matrix check for the left Kinect. The inner corners in the image
coordinate system for 6 different views. The camera is ”looking” from top.

Figure 5.4. The coefficient for the fisheye lens cameras is set to zero

with bigger number of chessboard corners. However, during all tests the error
was not larger than 0.292. These types of error values can be generated for both
calibration cases (single and stereo). It was noticed that usually the reprojection
error for the single calibration are lower than for the stereo calibration case, where
the largest error was about 0.579 pixels. In most of the cases the reprojection error
for the left Kinect is a bit bigger than for the right Kinect.
The translation vector in stereo calibration should give the offset value between two
Kinects in space. It can be checked manually whether the values generated there
are correct. For this purspose we can measure the distance between the centers
of two RGB cameras in centimeters and compare this value with x component of
the translation vector. For the given experiment the value that was measured was
approximately 29.1cm. The generated translation vector had the following values:
T = [29.156812213044248, -0.17083020608052338, -1.7239010741666965]. As was
expected the measured value and the detected (only consider the first component)
were almost the same. This means that the stereo calibration gives true values.
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The other two values show the offset in space in Y and Z directions.

5.4 Rectification
As was described in the Theory chapter 3 stereo rectification makes the optical
axes parallel to each other; epipolar lines of two images parallel to each other
and aligned with the scanlines of the images. One way to check whether the
rectification was performed succesfully is visually inspect specific points on both
images. Ideally, a corresponding point on the right image, for instance, for a certain
point on the left image should be situated on the same row on both images. We
can experimentally check this hypothesis. Consider the image with the chessboard
(see Figure 5.5 ) which was rectified. If we take the first inner corner on the upper

Figure 5.5. How to check visually the correctness of the rectification algorithm. a)
Rectified left image; b) Rectified right image; c) Ordinary(not rectified) image from left
Kinect; d) Not rectified image from right Kinect

left image (a) and draw a line from this corner to the same inner corner on the
upper right image (b) we can notice that they are situated on the same line (see
the Figure 5.5). Whereas, the bottom pictures are not rectified (Figure 5.5 c,d)
and the correspondent points are not situated on one line (blue). This means that
the images a,b are rectified properly.
Since the rectification is performed in a way that it reprojects two images in a
new common image plane, the focal lengths and principal points of two cameras
after rectification should be the same. This can be checked by observing the new
Intrinsics matrices for the stereo case generated on the rectification step, which
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have the following values:

Aleft =

509.6897 0 306.0332 0
0 509.6897 255.9736 0
0 0 1 0



Aright =

509.6897 0 306.0332 14435.245
0 509.6897 255.9736 0
0 0 1 0


(5.1)

Here the fourth element in the first row of the right camera matrix (Formula 5.1)
represents multiplication of the horizontal offset between cameras with the focal
length value. As can be seen the required conditions are fulfilled in the current
project case, since, for example, the principal points have the same coordinates
for the left and right Kinects (see Formula 3.1 as a reference). The same type of
matrices for the unrectified images will be the following:

Aleft =

520.7879 0 314.8555
0 520.5850 257.7425
0 0 1



Aright =

520.7654 0 310.3178
0 520.5749 258.6852
0 0 1


(5.2)

As can be noticed the values for the principal point are different for the left and
right Kinects.
In most of the cases the rectified images will contain undefined regions on the image
borders. This happens due to the slight difference in the viewing areas of both
cameras. Therefore, there is a parameter which can control what area the user will
see (i.e. possible to crop black/undefined regions and zoom in common viewing
area). But this parameter is very sensitive to the quality of the calibration and
rectification, since if there are some problems on the previous steps this parameter
will generate wrongly looking rectified pictures (however, the parameters that
should satisfy the rectification conditions are correct).

5.5 Disparity map
The way of acquisition of the disparity map was explained in the Semi-global block
matching algorithm section 3.8. The images of the disparity map are graysale and
coloured in a way that the further the object from the camera the darker it will
appear. It was noticed that the disparity map is generated better with more clear-
ly visible details when the reprojection error is smaller in the stereo calibration
function. In addition, the light will affect the disparity map generation.
When the images were taken in a well lighted room the disparity map looks very
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Figure 5.6. The disparity map is generated in a room with light

defined (see the Figure 5.6). Whereas, when the light is switched off the disparity
map looks undefined and no object contours are detectable (see the Figure 5.7
below as an example). This can be due to the preprocessing step when the color

Figure 5.7. The disparity map is generated by OpenCV function without any light (the
most left picture). The middle part of the image is the RGB picture of the real scene.
The most right picture represents the depth image from Kinect.

image is converted to a grayscale image. Consequently, if there is no light the
dark regions cannot be detected properly and appear as black for the camera and
therefore cannot be presented properly on the disparity map. However, if compare
the disparity map generated by OpenCV and the depth image from Kinect, we
can notice that when the light is turned off the raw depth image is still generated
with the same quality as when the light is swithched on. Whereas, the disparity
map dependent from light. The type of the scene also affects the disparity map.
The object should be clearly visible by both cameras, otherwise the detected shape
will not represent the true object contour. If the objects are many enough and
they are situated in a range when the Kinect sensor can detect them, the smaller
the object the less probability that it can be properly defined and presented on
the disparity map and the Kinect depth image.
The size of the searching block in the Semi-global block matching algorithm af-
fects the quality of the generated disparity map. It can be visible from the set of
pictures below (Figure 5.8). It can be observed that per-pixel matching (Figure
5.8a) detects objects in the scene more precise and almost all the contours are
following the true shapes of the objects in the scene. However, the borders of the
objects are a bit noisy. Whereas, the 5-by-5 block size (Figure 5.8b) gives almost
the same result as on the picture a, but the borders of the objects look smoother.
Per-pixel matching gives not good results when there is a bright flash from the
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a) b)

c) d)

Figure 5.8. Different sizes of the matching blocks and the disparity map. a) The chosen
matching block is 1-by1(per-pixel matching); b) The size of the block is 5-by-5; c) The
chosen block size is 10-by-10; d) The size of the block is 50-by50 pixels

light. A comparison was made between 1-by-1 and 5-by-5 block sizes. When the
light reflected from the wall (the scene is the same as Figure 5.8) the table-leg was
detected three times bigger in width, however in 5-by-5 size case it had almost
the real size. Therefore, the square size 5-by-5 was chosen in this project. By
observing the Figure 5.8c can be concluded that the size of the matching block of
10-by-10 pixels can be considered as a bit too large since some of the details are
not detected (the right part of the box; the bottom left part of the chair). As was
expected 50-by-50 size of the block gives very undefined disparity map, since the
size of the comparing blocks are too big and the information which is gathered
from some of the neighbour pixels during the calculating the matching pixel can
be ambiguous since they are situated a bit far from the calculated pixel. Here
the right part of the box and the shape of the back part of the chair can hardly
be detected. In addition, this can especially ruin the depth map when the scene
consists of many small objects. The area interpolation method here was chosen.
In addition, it was noticed that the different types of interpolations while calculat-
ing the positions of the new pixels for the rectified image can affect the appearance
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a) b)

c) d)

Figure 5.9. Different types of the interpolation methods for the calculation of the
rectified image and their affect on the disparity map. a) The chosen method is bilinear
interpolation; b) The interpolation method when resampling is performed based on the
information of correlation of the pixel area; c) The chosen method is bicubic interpolation;
d) The chosen method is Lanczos interpolation

of the disparity map. On the Figure 5.9 can be observed four types of the interpo-
lation methods. Initially it gives almost the same results but by closer look can be
detected some differences. For example, only on the last Figure 5.9d the upper left
part of the box was detected properly, however on the other pictures it is detected
as a bit longer area. The table-leg is also detected with different accuracy. The
Figure 5.9b can be counted as the most accurate representetation of the table-leg
detection. The shape of the chair is represented almost in the same way on all
pictures. The coats which are situated on the background part of the disparity
map are also detected in a similar way on all images.
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5.6 Raw depth image from Kinect versus dispar-
ity map and depth map

After several tests was explored that the amount of details, which are detected on
the depth image from Kinect and a disparity map generated from two Kinects in a
stereo pair can differ. This can be, for instance, due to the lighting conditions, what
distance is between Kinect and objects in the scene. The raw depth image was
not calibrated, thus it is not affected by the calibration of color images. However,
the disparity map can produce different results according to the different data of
the calibration. If the reprojection error is big for the calibration, rectified images
will have small overlapping area and the disparity map will contain less amount
of detected objects.
If consider the effect of interference of the IR projectors of two Kinects it can be
said, after several tests, that when one of the projectors are covered the original
Kinect depth image looks better defined (see the Figure 5.11c below). As can be
seen the shape of the system unit looks smoother (Figure 5.11c) than when all two
IR projectors are uncovered (Figure 5.11d). However, when two IR projectors are
not covered the amount of detected details can differ between images. Consider
the Figure 5.10 c),d); here the depth image of the left Kinect looks better defined.
Whereas, on the right image the left part of the box has small amount of undefined
values in comparison with the same part of the right depth image. But the front
part of the box for the right Kinect appears totally undefined which can lead
to generation only part of the box in the reconstruction (see the Figure 5.10f).
As can be noticed only one part of the system unit which has defined values on
the depth image is properly reconstructed on the Figure 5.10f. In addition, the
reconstruction of the scene when one of the Kinects IR projectors are covered
looks better defined as well (see Figure 5.11 a,e). If compare the Figure 5.11 e)
and f) which corresponds to the left Kinect we can notice that when the right IR
projector was covered (Figure 5.11e) the system unit contains very few undefined
values. However, on the Figure 5.11f we can observe that the border of the bottom
part of the system unit looks ragged. Whereas, when one of the IR projectors are
covered there are some defined values, but it is normaly very few amount; see
the Figure 5.11g as an example where the left IR projector was covered and the
reconstruction from the left Kinect is displayed. However, the general shape of
the system unit is preserved and can be distinguishable. Whereas, only the front
shape of the system unit was captured during the reconstruction from one Kinect
and they look like two flat planes connected together. This happens due to the
limited field of view for one Kinect.
Whereas, the IR images will almost look the same when we cover one of the IR
projectors. Observe the Figure 5.12 for an example. As can be noticed when
the projectors are not covered (Figure 5.12 a,b) the images look a bit noisy since
the light pattern of one of the projectors cover as a shadow another image. This
effect was noticed by moving one of the Kinects and observing the changes in
the neighbour Kinect. However, when one of the projectors are covered (Figure
5.12 c,d) that pattern will disappear and only pure values which belong to the
uncovered projector will be displayed. However, in contrast with the depth images
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Figure 5.10. The dependence of the object detection by Kinect in the case of covering
IR projector. The color images of the initial scene that was set up: a) The left Kinect;
b) The right Kinect; c) The depth image for the left Kinect; d) The depth image for
the right Kinect; e) The reconstruction using left Kinect; f) The reconstruction using
right Kinect; g) The left Kinect reconstruction with covered left IR projector; h) The
reconstruction from right Kinect, left IR projector is covered; i) The depth image for
the left Kinect with left Kinect covered; j) The right Kinect depth image with left IR
projector covered.
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a) b)

c) d)

e) f)

Figure 5.11. The depth map from Kinect and their transformation in 3D space. The
projection of right Kinect: a) Left Kinect projector is covered; b),f) Projectors are not
covered; c) Covered projector, left Kinect; d) Depth map for the left Kinect, projector is
not covered; e) Depth map for the left Kinect, the right IR projector is covered

the light pattern will be captured by the sensor which IR projector is covered and
the IR image will be generated. If cover both projectors (Figure 5.12 e,f) and
point the strong light to the scene which contain the infrared waves we can see
the IR image which is captured by the depth sensor. Here we can see an IR image
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Figure 5.12. The images from the IR camera sensor in covered and not covered case.
a),b) Left(right) Kinect’s IR image with light pattern send by Kinect,IR projectors are
not covered; c) The image from left Kinect, the left IR projector is covered; d) The
image from right Kinect, the left IR projector is covered; e) The left IR image, both IR
projectors are covered; f) The right IR image, both IR projectors are covered.

without light pattern which sends by projector.
If compare the disparity map and Kinect depth image can be concluded that when
the objects are very close to Kinect and appeared as undefined on the depth image
they can be detected on the disparity map. Therefore, this also will affect the final
reconstruction. The regions which appear as underfined on the depth image for
one Kinect can be defined (although, not very precise) in the depth map for both
Kinects. For example, organise the scene in the following way: place the chair
in front of two Kinects in a way that a bottom part of it will be undefined on
the depth images of both Kinects. Now we can compare depth image from one
Kinect and depth map (3D reconstruction) which is generated by both Kinects
(see Figure 5.13). As can be seen on the Figure 5.13 a),b) the bottom part of
the chair represents in a white color on both images, which means that the values
generated in Kinect are 2047(underfined). If we see Figure 5.13 e),f) which are the
reconstructions from Kinects separately we can conclude that undefined regions
are not displayed. However, the last picture g) which is created from common area
of both Kinects has some defined values (blue regions) which were underfined by
one Kinect. One issue that can be noticed in the reconstruction by one Kinect
is that the objects look flat. This can happen due to the limited field of view by
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one Kinect which does not allow to capture the full real shape of the object. This
problem can be observed on the Figure 5.14 below. The shape of the chair on the
Figure 5.14c looks solid, whereas on the Figure 5.14 a,b the bottom part looks like
a plane as well as the back of the chair.
As was mentioned in the Disparity map section 5.5 the depth image is not affected
by light, whereas the depth map and disparity map are changed according to the
lighting conditions. The changes of the disparity map was shown in the Disparity
map section 5.5 above. The depth map will be also changed and in the dark room
it is presented as black image. Thus, it can be concluded that the depth and
disparity map will generate undefined values in the room without light. Whereas
the depth image is not affected by light and gives the same picture in both cases.
To make the borders of the objects on the disparity map more visible we can
display on top of the disparity image the Canny algorithm2 results which will
display the edges that were found on the image. It first highlights the edges of the
object by applying Gaussian filter. The result will be a blurred image with detected
edges. Then algorithm tries to detect the direction of edges and match points with
respective lines. After that each pixel is checked whether it was assigned wrongly
as pixel belonging to an edge or it is a part of an edge. However, when execute
and display Canny edge detection algorithm separately it will give more precise
picture rather than in the combined variant. This can be due to the truncation of
the values in the calculation of the new united values to fit them into [0,255] range.
The pure images of the disparity map and with Canny algorithm placed on top
can be observed on the Figure 5.15 below. In the considered case the borders of
the bottom part of the chair on the Figure 5.15d looks more precise in comparison
with the Figure 5.15b where only disparity map is displayed. In addition, the
shape of the squares on the chessboard defined more clear as well.

5.7 3D reconstructions
As was stated in the Depth map part 3.9 above there are two ways (considered in
this project) to transform the image points into 3d space for two Kinects in the
stereo pair. In this section the pictures which are generated by both methods will
be shown and described.
We can start with the images generated by OpenCV function. The points in 3D
space according to it can be seen on the Figure 5.16. In order to get the image as
on the Figure 5.16 necessary to eliminate undefined values which were generated
in the resulting disparity map. Otherwise, they will form a plane which will follow
the pattern of the scene. When the depth map is displayed in the initial position
the area of the detected and dispalyed objects are usually the largest. Whereas, if
we move the virtual camera around the scene the regions of the real scene which
could not be captured by real cameras will not be shown on the depth map or
will have the shape which is not close to the real one. For example, compare the
Figure 5.16 c and e. On the Figure 5.16e, where the virtual camera was rotated
around the scene on a certain angle, the shape of the chessboard looks bigger and

2http://en.wikipedia.org/wiki/Canny_edge_detector
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strecthed up as well as the shape of the chair. There can be also black regions if
the data is undefined. This is valid for both cases of the 3D image displays. In
the case when the virtual camera is rotated far beyond the viewing area of the
camera the shapes of the objects can be hardly recognisable (see Figure 5.17c as
an example).
On the Figure 5.17 the 3D reconstruction generated by the Formula 3.42 in the
Depth map part 3.9 can be observed. The reconstructed area can be a bit bigger
in this case. However, the quality of the reconstruction is better for the OpenCV
reconstruction, the surfaces look smoother in a closer look. Though, both types
of the images look a bit noisy. This can be due to the structure of the Kinect’s
IR projector which sends the certain dot pattern light to the scene to detect the
objects.
As was noticed for the disparity map the 3d reconstruction image with diffuse
light looks more defined with less amount of undefined values while when the
strong light points on the wall the values in this region become undefined which
will lead to the black regions or not well defined shape of the object on the final
reconstruction.
Addition of the color to the reconstruction simplifies the distinguishing process of
the objects in the scene (compare the Figure 5.14 c and d). For example, the shape
of the coat is hardly visible on the Figure 5.14c whereas it is clearly displayed on
the Figure 5.14d. Applying color can be also usefull when the scene consists of big
amount of small objects.
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Figure 5.13. The comparison of the depth images and their transformation in 3D space
generated by two Kinects separately and depth map a) The depth image from the left
Kinect; b) The depth image from the right Kinect; c) The color image of the left Kinect;
d) The color image of the right Kinect; e) The depth data from the left ((f) right) Kinect
projected in the camera space; g) The depth map generated from both Kinects with
applied color.
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Figure 5.14. The difference between transformation in 3D space by one Kinect (a),b))
and by both Kinects (c),d))

Figure 5.15. The disparity map image with addition of the Canny edge detector on top
of it. a) The Canny edge detection algorithm; b) The disparity map; c) The RGB image
of the scene; d) The Canny algorithm displayed on top of the disparity map.
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Figure 5.16. The 3D reconstruction by OpenCV functions. The color images from
Kinect: a) right Kinect, b) left Kinect; c) The reconstruction in the initial dispay position;
d),e) The virtual camera is moved on a certain angle around the scene.
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Figure 5.17. Reconstruction of the scene(depth map) by applying the formula from the
Depth map section.a) The initial display position; b) Rotated around x axis; c)Rotated
around y axis.





Chapter 6

Conclusion and Future work

6.1 Conclusion
In conclusion can be generalized that the questions that were set for the investi-
gations at the beginning of the project were explored. The area studied in this
project is relatively new, because the Kinect sensor was released in November 2010
and when the project was started there were not many official publications. How-
ever, all previous achievements in the generating 3D model of the scene was made
based on the raw depth data from one Kinect but none had used colour images
from two Kinects for generating 3D model of the scene.
It was found out that a generation of 3D models of the scene using one Kinect
can produce good results. However, this will be an approximate representation of
the scene. Since using only one Kinect in the reconstruction allows to capture not
the full shape of the object due to the limited field of view which is available for
Kinect to scan. Usually only front side of the object can be captured by Kinect for
reconstruction. Therefore, by adding one more Kinect we can enlarge the scene
and display bigger area of the same object. However, the depth images from two
Kinects can be more noisy and not all data can be displayed due to the properties
of the depth sensor which sends the structured light pattern in the space in order
to capture the shape of the objects in the scene. In addition, the IR images will
also contain the light pattern of the neighbour Kinect on top of own IR image; this
can be the reason for the bigger amount of undetected values when two Kinects are
used. Besides, only the objects which are placed on the distance 60 centimeters or
further from Kinect can be properly detected and displayed on the Kinect depth
images. The reconstruction may suffer from it, because the objects placed closer
to the Kinect sensor will not be detected and therefore cannot be displayed on the
final reconstruction. Whereas, when using information from the RGB images the
3D reconstruction will appear smoother since the color images are better defined.
In addition, Kinect has a certain range in which it can detect and display the
objects on the depth image; therefore, the reconstruction using only raw depth
information can generate 3D models which will be undefined due to its placement
out of the Kinect’s range. Although, it cannot be said that the whole shape of the
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object which is placed within a range [0,60cm] can be reconstructed using color
images, but some of the borders can be visible and recognisable. It was also found
out that IR projectors can block the data for each other thus using two Kinects
can generate more undefined regions on the depth images and on the reconstruc-
tion. Whereas, this fact does not influence on the reconstruction by two Kinects.
This can lead to the conlusion that for the precise reconstruction two Kinects are
required.
From a comparison between the disparity map generated by OpenCV and Kinect
raw depth image it can be concluded that the quality of the disparity map depends
on the performed calibration. A calibration with big reprojection error generates
poor defined disparity map where only part of the objects can be detected and
dispalyed. As well as the lighting conditions affect the disparity map. In the room
without light the disparity map will not contain many defined values. As was ex-
plained above this happens because we are using color images in the calculations
and when the light is switched off most of the color pixels appear as black and;
therefore, the system cannot properly match pixels on the base image with the
pixels on the pair image. However, the depth images based on the Infrared cam-
era are more robust to the lighting conditions. Only when there is a very strong
light points to some object on the scene in most cases this area will be undefined
on the disparity map and depth image. In addition, the objects which are placed
closer than 60cm. can be detectable on the disparity map while the depth image
will contain undefined values. The quality of the disparity map can be adjustable
due to parameters in Semi-global block matching algorithms and as a result more
precise disparity map can be generated. Whereas, only the color gradations for
the one Kinect’s depth image can be adjustable and thus the amount of details will
remain the same. However, two depth images in a stereo pair can have different
amount of details. This fact can be used in order to improve the reconstruction
which is generated by one Kinect. The idea is to merge two 3D models generat-
ed from left and right Kinects. By applying the rotation matrix and translation
vector from stereo calibration case we can transform both reconstructions to the
common space of the one of the Kinects. Here parts of the scene which contain
the same objects should overlap. However, by applying this transformations the
offset between the generated models was noticed. This led to the conclusion that
in order to perform this transformation separate calibration of IR cameras should
be performed since the parameters that were used earlier were generated from the
calibration of RGB cameras but the data which were used for the reconstruction
are taken from the depth sensor. Whereas, when the calibration of IR cameras
was performed and the points were transformed into the same space the result still
contained the offset between the reconstruction from left and right Kinects. Thus,
this fact requires further investigations. However, the generated image contains
the objects from both depth images.
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6.2 Future work
Some of the ideas of improving a visual representaion of the generated results can
be counted as a future work and will be described in this section.
Since Kinect has additional information of the depth of each pixel aligned with
the color pixel the algorithms which are aimed at creating disparity images from
the information of the color images (for example, Semi-global block matching al-
gorithm) can apply it. This information can be used in order to improve the
matching points detection in the stereo correspondence algorithms. For example,
when the algorithm generates a matched pixel on the matching image for the con-
sidered pixel on the base image the depth information for both of these pixels can
be compared. Ideally, these values should be either the same or very close to each
other, because it represents the same point in the real scene. Otherwise, if the
depth values for the particular two pixels are far from each other the chosen points
cannot necessary be the representation of the same point in the real scene. This
will allow to make the detection of the matching points more precise. But this
method only valid with assumption when two cameras are placed on one line in
the space.
To improve the quality of the generated reconstruction and make the general pic-
ture looks better without black (underfined) regions and with smooth transitions
between different colour regions one of the interpolation methods can be used to
generate a color in the missing regions.
Another point which requires additional investigations and; therefore, can be
counted as a future work is merging the two reconstructions from left and right
Kinects based on the data from depth images. Since in the current project a cer-
tain offset between two reconstructions was noticed after the merging procedure,
which did not allow properly overlap the reconstructions.
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