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TOTAL LEAST SQUARES MATCHING OF 3D SURFACES

SUMMARY

Co-registration of point clouds of partially scanned objects is the first step of the 3D
modeling workflow. The aim of co-registration is to merge the overlapping point
clouds by estimating the spatial transformation parameters. In computer vision and
photogrammetry domain one of the most popular methods is the ICP (Iterative
Closest Point) algorithm and its variants. ICP and other variants of it generally use
closed-form solution techniques. These types of solution techniques do not give
statistical quality measures of the estimated parameters.

There exist the 3D Least Squares (LS) matching methods as well. The co-registration
methods commonly use the least squares (LS) estimation method in which the
unknown transformation parameters of the (floating) search surface is functionally
related to the observation of the (fixed) template surface. Here, the stochastic
properties of the search surfaces are usually omitted. This omission is expected to be
minor and does not disturb the solution vector significantly. However, the a
posteriori covariance matrix will be affected by the neglected uncertainty of the
function values of the search surface. This causes deterioration in the realistic
precision estimates. In this thesis, we propose a method where the stochastic
properties of both the observations and the parameters are considered under an
errors-in-variables (EIV) model.

The mathematical model of the applied method is based on the non-linear Gauss-
Helmert Model. In the model, Lagrange Multipliers are eliminated and thus it is
called Modified Gauss-Helmert (MGH) by Kanatani. From this aspect, it is very
appropriate solution method for large data sets. The geometrical relation between
data sets is established by rigid body transformation. Objective of the model is to
estimate the optimal transformation parameters of rigid-body transformation by
minimizing the Mahalonobis distance in the sense of Maximum Likelihood. Since
the functional model is non-linear, the system is linearized with respect to the
unknowns and observations. The solution is obtained iteratively.

The stochastic properties of search surface elements are taken into account in MGH
model, whilst this is ignored in the classical Gauss-Markov (GM) model. On the
other hand, if the covariance matrices are defined as isotropic and homogeneous for
both template and search surfaces, the MGH model gives almost the same results
with the GM model. Therefore, we define anistropic and inhomogeneous covariance
matrices for both data sets and compare the results with the LS method.

The most important and critical part of the registration algorithms is correspondence
search. We wused point-to-point and point-to-plane error metrics together for

correspondence search with some rejection strategies.
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3 BOYUTLU YUZEYLERIN TOPLAM EN KUCUK KARELER YONTEMIi
ILE ESLESTIiRILMESI

OZET

3 Boyutlu modelleme igleminin ilk islemi pargalar halinde elde edilmis olan nokta
bulutlarinin birlestirilmesidir. Eglestirme isleminde amag, farkli istasyonlardan
taranarak elde edilmis olan ve herbiri lokal bir koordinat sisteminde tanimli yiizey
parcalar1 arasindaki doniisiim parametrelerinin hesaplanmasi ve bu iki yiizeyin tek
bir koordinat sistemine doniistiiriilmesidir. Bu islem temelde iki koordinat sistemi
arasinda belirlenen ortak noktalar yardimiyla bir koordinat doniisiimiidiir. 3 Boyutlu
ylizey eslestirme algoritmalar: icerisinde en popiiler olan ve ticari yazilimlarda da
siklikla tercih edilen yontem Yinelemeli En Yakin Nokta (Iterative Closest Point-
ICP) olarak adlandirilan yontemdir. Yontem ii¢ kisimdan olusmaktadir. Bunlardan
ilki, iki veri seti igerinde (hedef ve arama verisi) karsilikli ortak noktalarin
bulunmasidir. Daha sonra bulunan ortak noktalar yardimiyla doniisiim parametreleri
hesaplanir ve son islemde doniisiim uygulanarak arama verisi hedef verisine
yaklastirilir. Islem, her iki veri setindeki doniisiim parametreleri arasmdaki fark
belirlenen esik degere ulasana kadar yinelemeli olarak tekrar eder. ICP, kullanilan
eslenik nokta arama yontemine gore temelde ikiye ayrilmaktadir. ilk yontem Besl ve
McKay tarafindan 1992 yilinda 6nerilen, hedef verisinde yer alan bir noktaya karsilik
arama verisinde en kiigiik Oklid uzakligina sahip olan noktay1 bulan ve bu iki noktay1
eslenik kabul eden yontemdir. Chen ve Medioni tarafindan 1992 yilinda 6nerilen
yontemde ise, hedef verisinde bulunan bir noktanin eslenigi olarak, bu noktanin
arama verisi tlizerinde en yakin oldugu ylizey iizerinde; ve noktadan yiizeye olan
normal dogrultusunun bu yiizeye degdigi nokta olarak kabul edilmektedir. Daha
sonra bu iki algoritmay1 temel alan c¢esitli ICP algoritmalar1 6nerilmistir. ICP ve
tirevlerinde genellikle kapali form c¢oziimler uygulanmaktadir. Bu tiir ¢ozlimler
hesaplanan parametrelerin giivenilirli§i ve dogrulugu hakkinda istatistik bilgi
icermemektedirler.

Diger bir 6nemli eslestirme algoritmast En Kiigiik Kareler yontemi ile 3 Boyutlu
ylizey eslestirmesidir. Olusturulan gézlem denklemleri ile hedef ve arama yiizeyleri
arasinda fonksiyonel iliski kurulur. En Kiiclik Kareler yontemine gore parametre
kestirimi yonteminde arama verisinin stokastik 6zellikleri gozardi edilir. Bu durumun
sonug vektoriinii etkilemeyecegi diisiiniilmektedir. Ancak olusan belirsizlik kestirim
sonrasi elde eldilen kovaryans matrisinde etkisini gosterecek ve gercek¢i olmayan
parametre kestirim dogruluklarinin ortaya ¢ikmasina neden olacaktir. Daha gercekci
sonuclar elde edilebilmesi i¢in, hedef verisi ile birlikte arama verisinin de stokastik
ozelliklerini gdézoniinde bulunduran bir ¢6ziim yontemi uygulanmalidir. Bu tez
calismasinda, hatali degiskenler (errors-in-variables) olarak ifade edilebilecek
modele uygun bir ¢oziim yontemi kullanilarak ytlizey birlestirilmesi 6nerilmektedir.
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Onerilen ydntemin matematiksel modeli lineer olmayan modifiye edilmis Gauss-
Helmert (MGH) modeldir. Yontemin 6nemli bir avantaji Lagrange carpanlarinin
normal denklemlerden elimine edilmis olmasidir. Optimizasyon problemlerinde
kosul denklemleri i¢cin tanitilan Lagrange carpanlar1 ile birlikte her iterasyonda
coziilmesi gereken normal denklemler matrisinin boyutlar1 artmaktadir. Bu durum
hesap yiikiinii olduk¢a artirmaktadir. Modelde iki veri seti arasindaki iliski 6
parametreli benzerlik doniisiimii ile saglanmakta ve noktalar arasindaki Mahalonobis
uzakliklar1 minimize edilmektedir. Fonksiyonel model lineer olmadig1 i¢in sistem
bilinmeyenler ve gdzlem denklemlerine gore kismi tiirevler alinarak lineerlestirilir.
Lineer olmayan denklem sisteminin ¢oziimii i¢in 1yi sec¢ilmis baslangi¢ yaklasik
degerlerine ihtiya¢ duyulmaktadir. Aksi takdirde fonksiyonun yerel minimuma
yakinsama riski ortaya ¢ikmaktadir.

Calismada kullanilan modifiye edilmis Gauss-Helmert modelinin kullanilabilmesi
icin her iki veriye ait stokastik 6zelliklerin de bilinmesine gereksinim vardir.
Genellikle algilayici sistemler tarafindan elde edilmis 3 boyutlu veri setleri icin
isotropic ve homojen varyans-kovaryans matrisleri kullanilmaktadir. Eger her iki veri
seti i¢cin de kovaryans matrisleri esit ve birim matris olarak alinirsa, klasik en kiigiik
kareler yontemi bu tip problemlerin ¢odziimiinde optimum sonucu vermektedir.
Ancak belirtilen agirlik modeli gercekei degildir. Algilayicilar ile elde edilmis olan
veri setlerinde herbir noktanin dogruluk degeri farkhdir. Oyle ki algilayiciya yakin
olan ya da algilayicinin bakis acisinin dik oldugu noktalar daha yiiksek dogruluklu
olarak Olgiilecektir. Algilayici ile nokta arasindaki a¢1 ve mesafe arttikga noktanin
algilanma dogrulugu azalir. Ote yandan, yine bir sensor kullanilarak elde edilmis
arama verisinin hatasiz kabul edilmesi de ger¢ek¢i degildir. Bu hususlardan yola
cikilarak, her iki veri i¢in de miimkiin oldugunca gergekei bir dnciil kovaryans matris
tanimi1 yapilmasma ihtiya¢ duyulmaktadir. Tarayici sistemlerin kalibrasyonu ve hata
kaynaklar1 caligmalar1 incelendiginde veri dogrulugunu etkileyen farkli etkenlerin
oldugu goriilmektedir. Bunlar arasinda sicaklilk ve nem kosullari, kenar etkisi,
ylizeylerin yansitici ozellikleri, laser 1gminin yansima agis1 vb. gibi etkiler 6ne
ctkmaktadir. Kovaryans tanimlamasinda belirtilen faktorlerden sadece yansima agis1
ele alinmis, digerlerinin etkileri gbézardi edilmistir. Tarayicidan ¢ikan laser 1sminin
iz1 yansima acismin sifir oldugu (ylizeye dik durum) durumlarda tam bir daire
olusturuken, ag1 arttikca izin elipse dondiigii gozlenmektedir. Bu da algilayiciya geri
donen lazer 1sminin sinyal kalitesini azaltarak 6zellikle mesafe 6lgiimlerinde olumsuz
etkiye sebep olmaktadir. Bazi ¢alismalarda yansima agisinin mesafe dogruluguna ters
orantil olarak etki ettigi belirtilmektedir. Ote yandan lazer tarayici sistemlerin ag1 ve
mesafe 6lgcme dogruluklari bilinmektedir. Calismada bu degerler ve yansima agisi
etkisi kullanilarak her bir noktaya ait onciil kovaryans degerleri hedef ve arama
verileri ¢in ayr1 olarak hesaplanmis ve modele bu matrisler girdi olarak sokulmustur.
Farkli veri setleri kullanilarak yapilan testler sonucunda, isotropik ve homojen noise
tanimlamasi yapilan veri setleri ile yapilan doniisiimlerde En Kii¢iik Kareler (EKK)
yontemi (Gauss-Markov) ve Toplam En Kiiciik Kareler (TEKK) yontemlerinin
(Modified Gauss-Helmert) parametre kestirim dogruluklar1 bakimimdan ¢ok benzer
sonuglar verdigi gézlemlenmistir. Farkli agirliklar kullanilarak yapilan testlerde ise
TEKK yontemi ile daha gercekei sonuglar elde edilebilmektedir.

Eslestirme isleminde en Oonemli sorun nokta eslesmelerinin saglanmasidir. Eslenik

noktalarin ne derece dogru belirlendigi parametre kestirim dogruluklarini ve sonug
vektdriinii de etkileyebilecek bir faktordiir. Ote yandan, eslenik nokta arama islemi,
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tiim birlestirme algoritmalarinda en fazla zaman alan ve hesap yiikiine sahip olan
kistmdir. Noktalar aras1 en yakin Oklid uzakliklarini baz alan eslestirme ydntemi
noktalar ile yiizey arasinda eslestirme yontemine gore daha hizli olmakla birlikte;
ikinci yontemde daha iyi yakisama degerleri elde edilebilmektedir. Eslestirme
islemini hizlandirmak amaciyla bazi veri yapilar1 (kdtree, octree vb.) ve esik deger
tanimlamalar1 kullanilmaktadir. Bu ¢aligmada nokta eslesmeleri, yukarida bahsedilen
iki temel yontemin birlikte kullanilmasi ile elde edilmektedir. Ayrica eslestirme
algoritmasi i¢in bir takim esik deger tanimlamalar1 ve kosullar kullanilmistir. Buna
gore her iki yiizey verisinde smir noktalarda kalan noktalar eslesme oOncesi
elenmektedir. Yine iki nokta arasi en kisa uzakligin belirlenen esik degerden biiytik
ctkmast durumunda da noktalar elenmekte ve eslenik olarak kabul edilmemektedir.
Bir diger kisit ise noktanin yiizey normali dogrultusunda projeksiyonu sonucu ilgili
iicgenin smirlar1 igerisinde kalmasi sartidir. Tiim belirtilen islemler ve kosullar
sonucu eslenik olarak kabul edilen noktalar sirali olarak kaydedilmekte ve koordinat
doniisiimleri bu noktalar kullanilarak yapilmaktadir.
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1. INTRODUCTION

1.1 Motivation

Since laser scanners as a direct measurement device or cameras for image acqusition
are line-of-sight devices, any kind of object has to be acquired partially and with an
overlap for 3D modelling purpose. Hence, partially acquired data are obtained in
their coordinate sytem uniquely. As a result of this situation, a merging problem of
all those data arises in order to create a full 3D objects. Aforementioned problem can
basically be defined as a coordinate transformation and is generally termed as

registration or alignment in literature.

The objective of registration is to merge the overlapping point clouds by estimating
the spatial transformation parameters for each partial surface view. There are three
main solution for the problem. The first one is to use special targets provided by the
producing companies. These special shaped and sized targets are placed into the
scanning area in an appropriate distribution. These targets must be defined and
scanned individually during the process. All these placing, defining and scanning
procceses of these targets increase the scanning time and labor naturally. Another
solution is to run the scanning campaign based on a geodetic infrastructure which is
possible nowadays with the new generation laser scanners. These new generation
scanners provide the flexibility of using well-known geodetic measurement methods
like traversing, resection or intersection. By one of these methods, the each scan
position is defined and by this way the direct registration of all scans are obtained.
But, as it is stated above, a pre-defined geodetic infrastructure is required for this
solution which is again a factor increasing the scanning time, labor and number of
stuff. Moreover, measurement errors of the geodetic system and positioning errors of

the scanner on a known point will definitely affect the registration accuracy.

The third alternative for registration problem is so-called surface based registration
techniques. The basic principle of all these techniques is to calculate the 3D rigid

body transformation parameters by the help of sufficient number of corresponding



point pairs in two data sets. Once the establishment of the correspondences are set,
the transformation is calculated. The correspondence search differs in diverse studies
in literature in terms of objective function to be minimized. These tecniques requires
more post-processing job in office environment on the contrary of other two

mentioned before.

1.2 Aim of the Research

Surface based registration techniques have been studied extensively for years by the
researchers from many disciplines like Geospatial sciences (Photogrammetry,
Geodesy etc.), Computer vision (Human vision, autonomous robot systems, virtual
reality), Medical sciences (3D medical imaging), Mechanical engineering (reverse
engineering) etc. in which 3D models and 3D modeling techniques are frequently
used. It 1s still an active area of research and studies especially are focused on
accuracy assessments, automatisation, effective correspondence search algorithms

and robust optimization techniques.

The most popular surface based registration technique is the Iterative Closest Point
(ICP) which is introduced by Besl and McKay (1992). After the introduction of ICP,
it became a popular and dominant technique and the researchers have proposed many
variants. It is really an effective and easily applicable method by its straight forward
mathematical formulation. Despite the popularity of the ICP, it has some
disadvantages such as the inability of accuracy assesment of transformation
parameters. ICP based algorithms generally use closed-form solutions for the
estimation of transformation parameters. The closed-form solutions cannot fully

consider the statistical accuracy assesment of the estimated parameters.

Another powerfull and adaptive method for the registration problem is the 3D least
squares surface matching proposed by Gruen and Akca in 2005. The method is the
extension and adaptation of mathematical model of Least Squares 2D image
matching for the 3D surface matching problem. Calculation of the transformation
parameters is based on the solution of a system of non-linear equations where
coordinates of points in one system (template) are regarded as obsevation vector and
the transformation parameters are regarded as unknown vector. The parameter
estimation is achieved using the Generalized Gauss-Markov model. But, in the

functional model of classical Least Squares method, only the observation vector



elements are assumed as erroneous while design matrix elements are treated as error-
free. The stochastic properties of the elements in design matrix are ignored. In other
words, for the registration case, it is assumed that the search surface points are not
erroneous while the points in template data are contaminated by random errors. If
stochastic properties of the search surface elements are ignored the solution vector is
expected to be minor. However, the a posteriori covariance matrix is affected by the
neglected uncertainty of the search surface. This situation naturally causes unrealistic

precision estimation of unknown parameters.

On the other hand, another assumption in almost all registration algorithms is the
homogeneous and isotropic noise for both data sets. In fact this assumption is
incorrect and unrealistic for 3-D data acquired by 3-D sensing such as stereovision
and laser/ultrasonic range finders, because the accuracy is usually different between
the depth direction and the direction orthogonal to it, resulting in an inhomogeneous
and anisotropic noise distribution depending on the position, orientation, and type of
the sensor (Kanatani 2012). Besides, data sets acquired with different sensors or data
sets acquired in different times also have inhomogeneous and anisotropic noise level.
In the case of a registration process (data fusion, change detection monitoring etc.) of
this kind of data, the stochastic properties should be taken into consideration for an

optimal, realistic solution.

As a consequence, a new approach which takes into account the shortcomings
mentioned above should be adapted for the registration problem of 3D surface
patches. For this reason, in this study we propose a method where the stochastic
properties of both the observations and the parameters are considered under an
errors-in-variables (EIV) model. This thesis study aims to investigate the results of a
3D registration problem in terms of statistical behaviors under an EIV model by

using an appropriate and optimal solution model for large data sets.






2. LITERATUR REVIEW ON 3D SURFACE MATCHING

3D object modeling plays an important role for many applications from reverse
engineering to creating the real-world models for virtual reality, architecture or
deformation analysis. In the last decade, laser scanners had an utmost importance for
3D object modeling due to their ability of providing reliable 3D data very fast and
directly. Since the range scanners are line-of-sight instruments, in many cases an
object has to be scanned from different standpoints to be able to cover the whole
object. As a result, separate point clouds, which are in their own local co-ordinate
systems uniquely, are obtained. In order to form a 3D model, these point clouds have
to be merged in one co-ordinate system. This process is called alignment or
registration. Various methods were proposed and the studies in this area are still in
progress especially in computer vision discipline including the most popular Iterative

Closest Point (ICP) algorithm and its variants.

According to ICP algorithm proposed by Besl and McKay (1992), each point in one
data set is paired with the closest point in the other data set to form correspondence
pairs. To minimize squared distance between points in each correspondence, point to
point error metric is used. The process of this iterative algorithm can be clarifed with
3 main steps; 1. Pairing each point of one data set to the closest point in the other
data set, 2. Computing the motion that minimises the mean square error between the
paired points, 3. Appliying the motion to one data set and updating the mean square
error (D. Chetverikov, 19991). This process is iterated until the convergence is

achieved.

Chen and Medioni (1991) proposed a similar iterative scheme using a different
pairing procedure based on surface normal vector. To minimize square distance
between points in each correspondence, point to plane error metric is used. Unlike
other techniques, this technique is usually solved using standard nonlinear least
squares methods and each iteration is faster than other techniques. However, this

formulation is only applicable to points on surfaces.



Rusinkiewicz and Levoy (2001) give an update of the variants of the ICP algorithm.
They compare several ICP variant characteristics according to their convergence
speed and effects on the perfomance of ICP algorithm. They introduce the concept of
normal-space-directed sampling, and show that it improves the convergence in

scenes involving sparse, small-scale surface features.

Despite the popularity of the ICP, there are some disadvantageous aspects of it in
terms of accuracy assesment of transformation parameters. One another powerful and
adaptive method for the registration problem is the 3D least squares surface matching
proposed by Gruen and Akca, in 2005. The method is the extension and adaptation of
mathematical model of Least Squares 2D image matching for the 3D surface
matching problem. The transformation parameters of the search surfaces are
estimated with respect to a template surface. The solution is achieved when the sum
of the squares of the 3D spatial (Euclidean) distances between the surfaces are
minimized. The parameter estimation is achieved using the Generalized Gauss-
Markov model (Akca, 2010). At this model, the points on the template surface are
considered as observations, contaminated by random errors, while the search surface
points are assumed as error-free. Here, and also in the ICP methods, the stochastic
properties of the search surfaces are usually omitted. This causes deterioration in the
realistic precision estimates. More details on this issue can be found in Gruen (1985),
Maas (2002), Gruen and Akca (2005), Kraus et al. (2006), and Akca (2010). These
algorithms consider the noise as coming from one measurement only, while both
surface measurements are in fact corrupted by noise. In order to overcome this
undesirable situation and to obtain more realistic precision estimates, another
approach which takes the stochastic properties of the elements of design matrix into
consideration should be applied. The problem can be solved by using an estimaton
technique which is called as total least squares (TLS), in the sense of Errors-in-
Variables model (EIV). Markovsky and Huffel (2007) outlines the different solution
methods and application areas of EIV model in detail. Ramos and Verriest (1997)
proposed to use the total least squares approach for the registration of m-D data. In
their study, they use a mixed solution which is the combination of Least squares and
Total Least Squares methods for the registration of 2D medical images. However,
they do not give any information about the precision of the transformation

parameters. Akyilmaz (2007) uses Total Least Squares method for coordinate



transformation in Geodetic applications. Since the author uses a closed-form solution
method in this study, there is not any information about precision of estimated
parameters as well. A mathematical model is given by Neitzel (2007) where an
iterative Gauss-Helmert type of adjustment model with the linearized condition
equations is adopted. However, in this method the size of the normal equations to be
solved increases dramatically depending on the number of conjugate points, since
each point introduces three more Lagrange multipliers into the normal equations.
Thus, the larger the number of conjugate points requires the greater the normal

equations to be solved.






3. MATHEMATICAL MODEL OF TOTAL LEAST SQUARES MATCHING

3.1 Functional Model

Suppose we have two 3D data sets acquired by a range scanner from adjacent

standpoints. The task is to calculate the transformation parameters that bring these
two data sets into the best alignment. Let Am and B, (m=1,....M and n=1,...,N),are

template and source point clouds respectively, which are defined in a local
coordinate system and need to be merged into a common coordinate system. The
geometric relationship 1s established by a six parameters 3D rigid-body

transformation such that (3.1);
A =R(B)+T (3.1)
Where R is an orthogonal rotation matrix and 7 is a translation vector.

We need to find some common points in both data sets in order to apply (3.1). We
establish the correspondence by using two different error metrics in combination

which 1s given in Chapter 3.4 in detail. Assume that ¢;(x,y,z) and b/(X,y,z)
(=1,........ ,G) are corresponding point pairs which are the subset of original data sets
A and B,. The functional model with respect to the errors-in-variable model is

formed as (3.2);

ai (X9 Y9Z) +ei (X9 Y9Z) = bi (X9 Y9Z) +Ei (X9 Y9Z) (3.2)

Thus the observation equations of rigid-body transformation in EIV model is written
as (3.3);

al+el:t+R(bl+E‘l) (3.3)

Where e, and E, are true error vectors introduced to the template and search data

respectively, with the assumptions (3.4);



e, ~N©,0,[4])
E, ~N(0,0,[b] 3.4

If we apply this model to 3D rigid-body transformation, the mathematical model is

established as (3.5);

Z+Vx:(A+VA)ﬁ (3.5)

where v_ is the nx1 residual vector of observations and v, is an nxm error matrix
of the corresponding elements of design matrix. The elements of both v and v, are
independent and conforming the normal distributed with zero mean. Once a
minimisation of [\/)\A/,\Z] is found, then any S satisfying (4+v,)B=1+v_ is the

solution vector of the problem by total least squares.

3.2 Stochastic Model

Stochastic model defines the variance and covariances of observations. The standard
deviations of the estimated transformation parameters and the correlations between
them may give useful information concerning the stability of the system and quality
of the data content (Gruen, 1985a) The covariance matrix consists of two

components as a positive definite symmetric matrixJ,, also called the cofactor

matrix (Mikhail & Ackermann, 1976) being an initial covariance matrix, giving the

structure of O, and the multiplicative variance factor o,to be estimated (Foerstner,

2000). Cofactor matrix Q, is defined as the inverse of the weight matrix as (3.6);

Qll=P ' = (3.6)
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Where o, is the a-priori standard deviation of unit weight and o,1s the a-priori

standard deviation of the observation i, (i= 1, 2,...,....G).

In classical Least Squares approach, the stochastic properties of the elements in
design matrix is ignored. In other words, it is assumed that the search surface points
are not erroneous while the points in template data are contaminated by random

€Irors.

On the other hand, the noise is assumed to be homogeneous and isotropic for both

data sets in almost all registration algorithms.

The least square solution is optimal for this kind of a model. However, this model is

not realistic in many situations (Ohta and Kanatani, 1998).

e The noise is often neither isotropic nor identical (Kanazawa et. al., 1995). 3D
data acquired by 3D sensing such as stereovision and laser/ultrasonic range
finders, because the accuracy is usually different between the depth direction
and the direction orthogonal to it, resulting in an inhomogeneous and
anisotropic noise distribution depending on the position, orientation, and type

of the sensor (Kanatani 2012).

e Erroneous and error-free analysis does not make sense between data sets, if
they are both acquired by a range scanner. It is so clear that if one is affected

from noise, the other one has to be as well.

Taking these considerations into account, we treat both coordinate components of
template and search data as observations and therefore they are both affected by
random errors. From this point view, we define different covariance matrices

Q. [a, ] and Q_[b,] for template and search data, respectively.

Ohta and Kanatani, (1998) shows that if Q_/a,/ =0 _[b ] =1 where I is identity

matrix, 3.16 reduces to the least squares method. This proves that the Least Square
method is optimal for isotropic and homogenous noise even if both data sets contain

€Irofrs.
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The studies on calibration of laser scanners (Lichti, 2007) and laser scanner accuracy
assessment (Boehler, 2003) show that there are many factors affecting the individual
point precision of terrestrial laser scanners like instrument’s range and angular
accuracy, geometric factors (e.g. edge effect and incidence angle), atmospheric
conditions (humidity, temperature etc.) and radiometric effects (surface reflectivity
etc.). In our implementation, we define a covariance matrix for each individual point
by using the range and angular accuracy of the scanner and incidence angle. Since
the cartesian coordinates are derived quantities, we can transform back them into the
spherical coordinates (p=range, 0=horizontal angle and ¢p=vertical angle) basically by

using the equations (3.7);

2 2 2
pP; =\/xl. +y +z

0. = arctan( & )

xi
(3.7)
Q, = arcl‘an(L)
l \/xi2 +yi2
n=[p; 6,0/

Thus we can write the Cartesian coordinates of a point P in terms of spherical

coordinates as (3.8);

Px=pl.cos( Oi)cos( (pi)
B=|{P,=p;cos( o)sin(0,) (3.8)
Pz=piSin((pi)

The 3x3 covariance matrix of point P is obtained from propagating the precision of

the original spherical observables, which are typically provided by the manufacturer

(Grant, 2012). The variances of these spherical observables are Gp,0q,,0,

respectively. Precision values of spherical coordinates provided by the vendor are

(3.9);

12



Z = G e,.z (3.9)

7

The second factor affecting the point accuracy is the incidence angle o, which is
defined as the angle between the laser beam and local surface normal on observed
point. Simply it could be explained as the orientation of the local surface with respect
to the scanner position. Soudarissanane et al. (2011) explain that the incidence angle
and range accuracy are inversely proportional. Therefore, we update our range
measurement accuracy by dividing the range variance by cosine of the incidence

i

cos(a.)

2
angle. By replacing the first element in (3.9) with [ J , we obtain a new

precision variance matrix for point 7,27 . If we apply the error propagation law,

new

we obtain the covariance matrix for point £ by using the (3.10);
T
Q. =F2 .- (3.10)

Where F is the Jacobian matrix of P with respect to p,,0, and ¢, respectively

3.11).

cos(@)cos(6) -pcos(p)sin(@) -pcos(8)sin(e)
F =| cos(@)sin(0) pcos(¢)cos(8) -psin(¢)sin(0) 3.11)
sin(¢) 0 pcos(p)

3.3 Proposed Modified Gauss-Helmert Model

The generalized total least squares solution of the 3D-similarity transformation by
introducing the quaternions as the representation of the rotation matrixxscale factor
S =sR based on iteratively linearized Gauss-Helmert model has been presented by
Akyilmaz (2011). However, this model requires the solution of a normal matrix,
which includes the corresponding terms for transformation parameters as well as the

Lagrange multipliers, thus yielding a larger size of system of equations to be solved

13



at each iteration with increasing number of the identical points of the transformation
problem. Following the idea of Akyilmaz (2011), Kanatani and Niitsuma (2012) has
developed a new computational scheme for 3D-similarity transformation which they
call Modified Iterative Gauss-Helmert model by reducing the so-called Lagrange
multipliers and hence the size of the normal matrix is dramatically reduced. In other
words, the unknowns to be solved at each iteration are equal to seven, i.e. the number
of transformation parameters. This kind of reduction provides advantage, especially
in terms of computational cost. In original publication of Kanatani and Niitsuma in
2012, the model is applied as 7 parameters similarity transformation for the
registration of range images which takes the scale factor into consideration.
However, if the case is the registration of point cloud data, it is possible to ignore the
scale factor, since the scale does not vary between data sets. Therefore, in our study,
we modified the model by eliminating the scale factor in order to apply 6 parameters
rigid-body transformation. In quaternion algebra, the scaled rotatiton matrix is

defined as (3.12);

9% +a' -4 -9 299, —9,9;) 2(q9,9; +904,)
S=| 2Ana+9%%) @& -4+ - 29495 94,) 3.12)
2(9:9, — 909,) 299, +99) 9@ -4 —9 +4q5

This matrix represents a rotation if g is normalized to unit norm (Kanatani, 1990). If

g 1s not restricted to a unit vector, the square norm ||q||2 represents the scale changes

(Kanatani, 1990). For normalising procedure, the following constraint has to be

introduced (3.13).
90> +4,°+q,>+g;* =1 (3.13)

Thus, the final estimate of rotation matrix is orthogonal and free of scale factor. If an
arbitrary parameter of quaternion in (3.13) is written in terms of other remaning ones
and substituted into the system of observation equations, the new system of equations
would have 6 unknown parameters (three linear parameters defining the translation

and three parameters for rotation). By rearranging the (3.13) we can write (3.14);

N=g,=\1-4} 4, . (3.14)
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Substituting (3.14) into (3.12) we eliminate one parameter and obtain the pure

rotation matrix as (3.15);

—26]22 —2q32 +1  2q,q9,-2q;:N 2q,N +2q4,

S=| 2¢,N+2¢,q, 2424’ +1 24,4,-2¢,N (3.15)
2g,4,-2¢,N  2¢,N+2q,q; 29" —2q;" +1

In so-called model, let a, and b, are the corresponding pairs of observed points
(i=1,...,M); O.[a]and O, [b] are normalized covariance matrices; and a, and

Z;l. are the true positions of a,and b, respectively. Then the optimal estimation of the

rigid-body transformation parameters R (rotation) and 7' (translation) in the sense
of Maximum Likelihood is to minimize the Mahalanobis distance given as follows

(3.16).

J 1

1 _ _ i oo
J=§Z(a,~—ai)TQm [a] 52( b) 0.7 [b](b-5) (3.16)
Where the observation equations are defined with respect to a_l. and Z;l as (3.17);

a,=Sb +t (3.17)

The total error vector is defined as (3.18);

¢, =a,~Sb~t (3.18)

And the weigth matrix is defined as the inverse of the covariances of observed

coordinates (3.19).

If the Lagrange Multipliers A are introduced into (3.16) as constraint (3.17), we
have (3.20);
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e . o (3.20)
2 (6 -B) 0.7 b](b =)~ DA (@~ 1)

i=l i=1

The solution of the optimization problem of (3.20) is given with respect to Gauss-

Helmert model. The defined problem is a non-linear system of equations and can be

solved with an iterative approach. Therefore the approximate valuesa,’, b, g and ¢

are required for the unknowns.Thus we can write (3.21);

Ei =al.(0) + AE, Ei = bl-(o) +AE'
: (3.21)

5=q+Aq =1+ At

Where Aa_l., AZ;I., Aq and At are corrections to the approximations.
If (3.21) substituted into (3.17) and expanded into Taylor Series, we obtain (3.22);

- T
b+ Mb =8(a” + Aa)+ Y Ag a1+ A (3:22)

i=0 q,‘

Substituting (3.21) and (3.22) into (3.20), the objective function reads (3.23);

i (@,-a"-Aa)' O, [a ]_] (a,—a'” —Aa))...

i

IS (0) Z\T -1 (0) 7
N _ » _ 3 854
= DA 0,7+ Abi = 8(a, "+ Aai) - Aq, a—a;‘” —t—At))
i=0 i

i=1 i i

Setting the partial derivatives of (3.23) to zero yields (3.24), (3.25);

&y =0 [a]' (¢, -4 -Aa)+S" 2 =0 (a)
aA XX 1 1 1 1
a
oJ y o _ 3.24)
E:_Qxx[bi] (bi_bi —Abi)—ii :0 (b)
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0q; '3 4,
7 oM (3.25)
8_‘] - z A= (b)
8At i=1
Differentiating (3.15) with respect to quaternion parametersg,, i =1,2,3...
a5 =20,
aq,
0 9, Hq,9; )N q;-(q,9,)/N
0 =| 9,(q,9; )N -2q, (%2 /N)-N
q;+(q,9,)/N N_%z /N -2q,
-2q, q,7q,9;)/N N-— (%2 /'N) (3.26)
0, =| q,-(q,9;)/N 0 q;+(q,9,)/N
_(%2 /N)-N q;-(q,9,)/N -2q,
20, (& /N)-N q(a,9)N
Q3 = N_(%z /' N) '2q3 q2+(q1q3)/N
| di +(q,9;)/N  q,-(q,q;)/N 0
We define a 3x3 matrix as follows (3.27);
U" =2(0a” 0,a/” 03a,") (3.27)

By rearranging the (3.24a) and (3.24b) and substituting these equations into (3.22),
we obtain (3.28);

22 8000 +At-(80,[a]5"+ 0, [5]4) =, (3.28)

and from (3.25a) we obtain (3.29);

& (0T
dUMA=0 (3.29)

i=1

By using the matrices U,’ and V;, (3.28) can be rewritten as (3.30);

UPAqg+At-V2, =e, (3.30)
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(3.29) and (3.30) are linear equations defined by A,, Agand Ar. By solving these

system of linear equations, we obtaing, E, a_l. and Z;l which are the optimal solution

for the constrained non-linear optimization problem given in (3.20). However, these
systems of equations still contain the Lagrange Multipliers which dramatically

increase the size of normal equations which is (3M+6). Eliminating these

multipliers reduces the memory usage in computers. Memory usage becomes more
important when the corresponding point number M increases. As a result of the
elimination of Lagrange Multipliers, the size of normal equations becomes equal to

the number of unknowns, i.e. 6.

From (3.30), A, can be expressed as (3.31);

A =WU""Aq+At—e) (3.31)

If (3.31) is substituted into (3.24a), (3.24b), (3.25a) and (3.25b) we have linear

equations expressed by only Ag and Af. Parameters are then estimated by the

iterative solution of the following normal equations (3.32).

M M M
uwu® Su®'w, U we,

pr 1 1 1 pr 1 1 Aq B pr 1 11
M M At M (3.32)

WU, W, We,
i=1 i=1 i=1
The algorithm can be summarized as
Stepl Provide initial guess for ¢,¢ and assign J, =

Step2 Compute the rotation matrix Sin (3.15)

Step3 Compute the vectors e, and matrices W, in (3.18 and 3.19)

Step4  Compute a.” as; a'” =a +V,[a. 1S We,

Step5 Check for the J.If J = J, stop. Else J, <—J

Step6 Compute the matrices Q. and U, in (3.26 and 3.27)
Step7 Solve for the 6-D linear equation in (3.32)

Step8 Update al.(o),q and ¢ as follows

q<—qg+Aq , t<t+At
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3.4 Surface Representation

Surface generation by using laser scanning is typically a sampling process of real
world objects. 3D scanners collect sampling data from object surfaces depending on
the defined resolution. Collected data is generally unorganized and recorded as an
ASCII file including header information which contains the number of horizontal or
vertical laser profiles in scan order. Although this data set is collected topologically
during the scanning process, the recorded ASCII file does not reflect the topological
relationships of points. To be able to create surface mesh from this data set, which
best approximates the object surface, the collected data must be re-organized in
accordance with the object topology. The topology is established by the help of the

scan line order which is read from the header information of ASCII output file. As an

example of an output file, let P(x,,y,,z,)is a (mxn,3)raw scan file which
a=12,.....mxn and m,n are row and column numbers, respectively. We create an

M empty matrix, and fill the matrix M by using the output file with respect to the

point indexes. The matrix M contains point indexes and reflects the object topology.
By using the M matrix, vertex list of meshes is created and then surface geometry is
basically established by fitting triangular patches to the 3 neighbouring points. The
surface is represented by simply structured meshes as composite of planar patches in

non-parametric implicit form (Figure 3.1).

mxn
1 XN g .
m
2 X, Vo 2
. . m+l m+2 2xm
n e e e mxn

Mmxn X,

n me}’l Zm><n

(a) (b)
Figure 3.1 : (a) Raw data file (b)Topologically ordered point cloud.
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3.5 Correspondence Search

Correspondence search is the most critical part of all registration algorithms. The
success of a registration method depends on how correct correspondences were
established between two data sets. False matches cause to incorrect results. In order
to prevent false matches, different type of constraints and conditions can be
introduced to the search algorithm. The correspondence search in this study is guided
by using two well-known methods. Besl and McKay (1992) introduced the point-to-
point search in their original ICP paper. According to this method, each available
point in template surface is matched with the closest point in search surface. Then,
the sum of the squared distances between the points in each correspondence pair is
minimized. In point-to-point search, all points in template data are enforced to match
with a point in search data. This enforcement is not realistic due the occluded or non-
overlapping areas in search surface. The procedure usually ends up with some false
point matches. Chen and Medioni (1991) introduced an alternative error metric
called point-to-plane algorithm. In point-to-plane error metric, the sum of the squared
distances between each point in template data and the tangent plane at its
corresponding destination point in search data is minimized. Due to the large search
area and heavy mathematical computations, point-to-plane error metric is more
computationaly expensive than point-to-point version. On the other hand, the
researchers have observed significantly better convergence rates with point-to-plane
(Rusinkiewicz, 2001). Considering the advantageous and disadvantageous parts of
these two algorithms, a mixed search procedure provides more stable and fast results.
In our implementation, these two methods were used together in a combination, in
order to benefit from the advantageous parts of them. We also introduced some
conditions and constraints. The point-to-plane search was accelerated significantly
by using a kd-tree nearest neighbor searcher. Our correspondence search procedure

can be summarized as follow:
¢ Run point-to-point search: It is called as coarse matching.
e Mesh the search data.
e Use coarse matching to narrow the search area for point-to-plane.

e Run point-to-plane search: It is called as fine matching.
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3.5.1 Boundary condition

Points located at the boundaries of point clouds are generally assumed as erroneous
because of the edge effect and incidence angle. During the scanning procces of an
edge, even the laser beam is well focused on the object, while some of the spot of the
laser beam returns from the edge, other part may return from the behind scene or
may not return back to the sensor. This situation leads erroneous points. Especially, a
systematic effect can be observed when cylindrical and spherical targets are observed
(Lichti et. al., 2002). In our implementation, we introduce a boundary condition
which detects the points in boundaries. Thus, we exclude these points from
correspondence search. With this condition, it is possible to detect the points not only
at boundaries, but also in occluded areas. The conditon is capable to find the outliers
as well. According to the introduced condition, 8 neighbouring points of a point are
investigated and nodata values are counted. No data means, if there is not any return
from the object in response to the sent laser beam, the value of this laser beam is
recorded as zero in raw data. We classify a point as boundary point or outlier, if %25
of the neighbours of the point consists of nodata values. Figure 2 shows an example

of the detected boundary points.
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Figure 3.2 : Boundary points and outliers.



3.5.2 Maximum allowable distance threshold

Maximum allowable distance is a pre-defined and dynamically changing threshold
value at each iteration. Point pairs whose Euclidian distance exceeds the threshold
are eliminated from matching even if these two points have the minimum distance
value. By this way, any outliers or spurious points are detected and eliminated in
early phase of iterations. The threshold should be defined high enough at the
beginning of the iterations in order to let some coarse pairings and it should decrease
through the iterations. This kind of a threshold provides a coarse to fine matching

flow. The maximum allowable distance threshold is defined as kxm, in our

implementation in such a way that it will be updated at the beginning of each

iteration. m,, 1s defined as the sum of the square root of Euclidian distances at the

end of each iteration where £ is a constant value defined by the user. Selection of &
depends on how close two data sets were pre-aligned. If pre-alignment is good, then
a small value should be selected for k£ value for correct matching, otherwise a
greater value should be assigned for k& in order to prevent elimination of many
correct correspondences. In our implementation we choose 2.5 for k value for the

first iteration as it is proposed in Masuda et al., (1996).

3.5.3 Search area limitation

In point-to-plane error metric, the sum of the squared distances between each point in
template data and the tangent plane at its corresponding destination point in search
data is minimized. If there is not any spatial partitioning techniques (kd-tree, boxing
etc.) employed or any restrictions introduced for correspondence search, the
algorithm performs distance calculation for a candidate point using the all available
surface patches in search data. In our implementation we introduce a constrain which
allows correspondence search in a limited area. The coarse match point which is
found by the point-to-point search is used for outlining the limited area.
Consequently the procedure is followed by the point-to-plane search where the fine
matching point is found. The fine matching point is searched within the 6

neighbouring triangles which are fictitiously formed around the coarse match point.
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Figure 3.3 : Limited search area for point-to-plane correspondence search.
3.5.4 Point-in-polygon test

In computational geometry, the point-in-polygon test is used to determine whether a
point lies inside a polygon or not. We use this test in our implementation as the final
check for fine matching. With respect to this condition, a point which has the
minimum point to plane distance must be inside the related polygon when it is

projected onto the surface through the surface normal.
Our strategy for point-in-polygon test is as follows;
Let F (x,y,z) be the candidate point for correspondence from template data and

B P, P, is one of the available triangle in search data.

Step I : We first calculate the distance d between point F, and the triangle £, P, P,

by using the point to plane distance formula (3.33).

_Ax+By+Cz+D

NA* +B*+C? (3.33)

Where A4, B, C and D are plane parameters.

d
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I

Figure 3.4 : The distance of point F, to triangle B, P, P,.
Step II: Second step is the projection of F, onto surface through the surface normal.
Let F, be the projected point which it is calculated from (3.34);

n

R =H _dx|n| (3.34)

Where #n is the surface normal.

Step III: In this step we check whether point P, lies inside the triangle. For this
purpose, we define the vectors AP, (j=1,2,3) and calculate the angles (Figure

2.5) between each pairs of vectors.

Figure 3.5 : Angles between each pair of vectors.
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The angles ¢, f and y can be calculated from (3.35);

R s I o B o T

Where ‘¢’ denotes the dot product.

After calculation of the angles, we check the sum of the angles in order to determine
whether the point is inside or outside of the triangle or it is on one of the edge of the
triangle. Fig 3.6 shows the three possibilities of the point position with respect to
triangle. The decision procedure is as shown below. In our code we use a pre-defined

threshold value 7 in order to prevent floating point error.

Figure 3.6 : Point-triangle relationship.

if (a+p-360)<t

P, is inside the triangle and it is counted as the fine correspondent point

else if (¢ + f-360)<7&& (a+p-180°)=(1-180")) <7
P, is on the edge and it is still counted as the fine correspondent point
else

P, is outside the triangle and it is excluded from matching.

3.6 Convergence Behavior and Computational Cost

The mathematical model of the Modified Gauss-Helmert 1s non-linear and therefore,
it requires linearization of the objective function. Like all non-linear models, this

model also needs good approximations of unknown parameters to ensure the
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convergence. There is always a danger of converging to local minima in case of poor

approximation values.

In our implementation, we use some stopping criteria in order to check the
convergence. For this purpose, we define threshold values for both angles and
translations. When the change in transformation parameters between successive
iterations fell below the defined threshold, it is assumed that the convergence is

ensured.
lde| <d; , de; e {dtx,dty,dtz,dql,dqz,dq3}

In case of long iteration numbers due to bad approximation values, we also define a

maximum iteration number threshold in order to prevent false convergence.

We conducted diverse tests by using different stochastic structures. Our purpose is to
investigate the differences in results of proposed Modified Gauss-Helmert model and
classical Least Squares method at first step. In addition, the second group of tests aim
to show the differences between isotropic and anisotropic noise conditions in
Modified Gauss-Helmert model. As a result of these tests, we see different
convergence behaviors (Figure 3.7, Figure 3.8, Figure 3.9). Change in parameters in
MGH model becomes sharply at first iterations and continues smoothly. In contrast,
changes in parameters in Least Squares are more smooth and steady through the
iterations. We observe that the best convergence rates are achieved in MGH model

with introduced anisotropic covariance matrices.
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Figure 3.7 : Convergence behaviour of least-squrares matching.
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Figure 3.8 : Convergence behaviour of total least-squares with anisotropic and
inhomogeneous covariance matrix.
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Figure 3.9 : Convergence behaviour of total least-squares with isotropic and
homogeneous covariance matrix.
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Figure 3.10 : Convergence with respect to sum of the squared distances

The objective of almost all surface based ICP algorithms is to minimize the sum of
the squared distances between the points in template data and the tangent plane at its

corresponding destination point in search data. Although this parameter is not a
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stopping criteria for our implementation, we still calculate this value in order to
observe the convergence behavior in terms of it (Figure 3.10). The convergence
behavior with respect to sum of the squared distances is again better for MGH model

with introduced anisotropic covariance matrix case.

Computational cost is directly proportional with the size of the data. The most time
consuming part of the process is correspondence search. Correspondence search are
speeded up by using search trees and partitioning techniques which is given in detail

in section (3.5)

Parameter estimation part takes a short time as well as the less iteration number,
which are usually about 4-5 iterations. Lagrange Multipliers are eliminated in MGH
model. Thus, the size of normal equations decreases dramatically and reduces the
memory usage in computers. Therefore, the MGH model is a very appropriate
solution for large data sets comparing to the other TLS models in literature (Fellus

2005, Akyilmaz 2007, and Nietzel 2010).

3.7 Internal Quality Control

The reliability and quality of estimated parameters can be controlled by investigating
the a-posteriori covariance matrix. We calculate the a-posteriori standard deviation of

unit weight by (3.36);

o) =4|——— (3.36)

With redundancyr =n—u.

Where e is total error vector and W total weight matrix defined in equations 3.18

and 3.19 and T stands for transpose.

A-posteriori standard deviation of individual parameters is given by (3.37);

0; =0p\ 4 (3.37)

where ¢, is the i th diagonal element of the cofactor matrix Q.
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| o= i=1
Q= y (3.38)

2 iUi(O) ZVVI

As we define the rotation matrix by quaternions in our implementation, first three

diagonal elements of co-factor matrix QH includes the cofactors of estimated

quaternion parameters (3.38). At this step we prefer to define the standard deviations
in terms of Euler angles in order to make the comparison easier with the results of
Gauss-Markov model. The relationship between Euler angles and quaternions is

given as (3.39);

2(904, +9>95)
10) 1_2(%2 +Q22)
@ |=| arcsin(2(q,q, — 4;4;)) (3.39)
K 2(909, +919,)
1- 2(%2 + %2)_

arctan

arctan

By applying the error propagation rule to (3.39), we obtain the standard deviations of
Euler angles Omega, Phi and Kappa, which are the rotations about X, Y and Z axes

respectively.
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4. EXPERIMENTAL RESULTS

All experiments were carried out by using a self-developed programme in MATLAB
Computing Language environment. For the simplicity we name this programme as
TLS3d throughout this section. We also coded the classical Least Squares in
MATLAB as well which we call LS shortly. Our purpose is to investigate the results
of proposed MGH model for the registration problem and make comparisons

between the results obtained by LS.

We conducted several tests by using diverse laser scanning data acquired by different
devices, which have alternate working principles, accuracy specifications and noise
characteristics. Besides, we used some synthetic data in order to control the results of

programmes.

In all experiments, initial approximations were provided beforehand by the help of
external software (Leica cyclone, LS3D of Akca (2010)) since we did not create a
Graphical User Interface (GUI) for selecting some control points on both data. The
developed software can handle the rotational differences about three axes up to 20°,

but it is not that much capable about the translation vector.

The experiments in TLS3d can be classified into three cases in terms of the
introduced initial covariance matrix. The first group of tests are conducted by using
the same covariance matrices and isotropic noise for all sets. The second tests are
carried out by using different covariance matrices for template and search surfaces
with isotropic noise and the final group of tests are with different covariance matrices

with anisotropic noise as explained in section 3.2

4.1 Old Historical House

The first experiment is the registration of two scans of an old historical house. Data
was acquired by Leica C10 (Leica Geosystems) scanner. Scanning campaign was
carried out for the “Historical Kars City” project which aims obtaining the fagade

relieves and street silhouette of old-town in Kars City. The “House” data were
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cropped from main street data which includes millions of points. The house was
scanned from two consecutive stations which are about 30 m away from each other.
First scan station is very close to the building and viewing angle is nearly at normal
position to the fagade. But the second station is very far away from the fagade and
the incidence angles of laser beams are very high. The average point spacing is 1cm
for scan station 1 while it increases up to 6¢cm for scan station 2. In this test, we used
both TLS3d and LS for matching process. In TLS3d, we introduced anisotropic and
non-homogeneous covariance matrices for template and search surfaces. The

covariance matrices were calculated by using the equation 3.10. We use the accuracy
specifications of the scanner given by the manufacturer which is 12" for horizontal

and vertical angle measurements and 4mm for range. The matching is successful for

both cases. Obtained results are given in Table (4.1)

Figure 4.2 : Old Historical House-registration results with TLS3d
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Table 4.1 : Numerical results of ‘old historical house’ data

Model No. of 0o or or. or, Ow o o

x y () K
Matched  (mm) (mm) (mm) (mm) (grad) (grad) (grad)
Points
TLS3d 3694 1.167388  0.005322  0.001579  0.002460 0.000226 0.000174  0.000585
LS 3974 0.008962  0.004673  0.001549 0.006432  0.000619 0.000568  0.000521

Stopping criteria was assigned as 0.0001 m for translation vector and 0.001% for
rotation parameters in both methods. Results show that, accuracy of estimated
parameters is more realistic in TLS. Moreover, it would not be incorrect to say that
TLS3d produces more accurate and reliable results. The final sigma naught value is a
statistically derived quantity and shows the amount of observation residuals. This

value does not give any information about the accuracy, but we use sigma naught in

~

O, =0,4/q; 1in order to calculate the a-posteriori sigma i values of individual

parameters. By checking the sigma i values in Table 4.1, we see more or less equal
values although there are high differences between sigma naught values for both
methods. This situation indicates that the obtained a-posteriori cofactor matrix in

TLS3d is much smaller than the matrix in LS.

4.2 Building Facade

The second experiment is carried out by using 3D overlapping surface patches in
Figure 4.3 of a historical building. The data was acquired by Leica C-10 time-of-
flight type of laser scanner. Average point spacing of original data is 1.5 cm. But
data was resampled in order to decrease the number of points and the resampled data
has point spacing of about 3 cm. These pre-aligned data sets were registered in
TLS3d by introducing anisotropic and non-homogeneous covariance matrix for
template and search surfaces. Since scan positions are close to each other as well as
the fagade, and scanning is made at nearly normal position to the fagade, incidence
angle and distance do not perturb the covariance matrix so much. As a result of this
the final covariance matrices were calculated as almost the same for both data sets.

The numerical results of this test are given in Table 4.2.
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Figure 4.4 : Building Fagade-Registration results

Table 4.2 : Numerical results of ‘building facade’ data

Model No. of 0o or, or, ar, Ow Oy Oy
Matched  (mm) (mm) (mm) (mm) (grad)  (grad)  (grad)
Points

TLS3d 14209 2.41 0. 695 1.044 0.783 0.000060  0.000027  0.000070

4.3 Pyramid

The third experiment is the registration of two scans of a small pyramid shape object.

The half of the pyramid was scanned by Leica C10 scanner from close range. The
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average point spacing is 4 mm. This data set can be considered as difficult for point
to plane search because the object is consist of three planar surfaces which means it
does not contain sufficient surface characteristics in terms of the orientation of the
surface normal. Moreover, the worst initial approximations (~18° rotation about z
axis) among the all tests were introduced for this data. Registration process is

successful. The results of the test are given in Table 4.3.

Search Surface
Template Surface
Transformed Surface

Figure 4.5 : Pyramid- template and search data before registration.
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Figure 4.6 : Pyramid- registration results.
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Table 4.3 : Numerical results of ‘pyramid’ data

Model No. of Oy or, or, or Ow o, o,

z @P K
Matched (m) (m) (m) (m) (grad) (grad) (grad)
Points
TLS3d 4960 0.144437  0.000045 0.000241  0.000247  0.000086 0.000124  0.000119

4.4 Oil Storage Tank

The fourth experiment is the registration of two partial scans of an oil storage tank.
The data were acquired by Leica C10 through the project of monitoring the structural
deformations of oil storage tanks. Our purpose is to check the performance of the
algorithm for the registration of relatively difficult data sets. The outer shell of the
tank is very smooth and the shapes of the surfaces are concave. This is a typical
problematic data set especially for point to plane search algorithm, because the
orientation of surface normal do not show any differences. Although the scan
positions are not too far from each other, viewing angle of the scanner is very narrow
for search data. As a result of this configuration, the average point spacing differs for
template and search surfaces which are 3 cm and 9 cm respectively. Sampling
density on search data is very low with respect to the template surface. Sampling
density impacts the registration accuracy. Theoretically when surfaces are scanned
with low resolution, worse results are obtained. As surfaces have less points, points
correspondences are found with low precision (Salvi et al., 2007). Furthermore, the
overlap is relatively small between two data sets which is approximately % 25. The
obtained results of the registration are given in Table 4.4. In spite of this challenging
data set, the matching is successful. The accuracy in depth direction is relatively

better than lateral direction as it is expected.
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Figure 4.7 : (a) Search surface, (b) Template surface of Oil Tank.

Figure 4.8 : Registration result

Table 4.4 : Numerical results of ‘oil storage tank’ data

Model No. of 0o or, or, ar, O Oy Oy
Matched (m) (m) (m) (m) (grad)  (grad)  (grad)
Points

TLS3d 2728 0.152669  0.000279  0.000592  0.000809 ~ 0.000036  0.000039  0.000023
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4.5 MATLAB Surface Data

The fifth experiment is the registration of a synthetic data. This surface data is
actually very famous among the MATLAB users since it illustrates in help files of
MATLAB for surface plot feature. The data is very appropriate for matching
algorithms with its varying surface characteristics (peaks, slopes and flat regions). It
is also very similar to the real point cloud data structure since it is formed as a grid
data. For our test, we created a template surface which contains 625 points. Then we
added Gaussian noise to the template data and applied transformation with known
rotation angles and translation vector. Finally we added Gaussian noise again to the
transformed data which represents the search surface. Since we did not occlude any
parts from any data, we have full overlap between template and search surfaces.
Introduced noise is anisotropic for both surfaces; however it is homogeneous within
the individual sets. We used both LS and TLS3d for matching process in this test.
Results are given in Table 4.5. Registration is successful for both cases. The
numerical results show that the difference between theoretical precisions of
estimated parameters is minor and thus insignificant. This test proves that these two

methods do not differ from each other even if both data sets contain noise.

Search Surface

Template Surface
Transformed Surface

0 10 20 30 40 50

Figure 4.9 : Registration with TLS3D
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Table 4.5 : Numerical results of ‘matlab surface’ data

Model No. of Oy or or. or Ow o, o,
. X y z @P K
Matched  (unitless)  (unitless)  (unitless) ~ (unitless) ~ (degree)  (degree) ~ (degree)
Points
TLS3d 587 0.022706  0.002680  0.002639  0.004481  0.000447 0.000457  0.000336
LS 600 0.032329  0.002263  0.002252  0.003756  0.000189  0.000188  0.000137

4.6 Weary Heracles Statue

The sixth experiment is the registration of two partial surfaces which is a part of
“Weary Heracles” statue. The data has been scanned by Breuckmann optoTOP-HE
coded structured light system. Original data set comprises approximately 250000
points individually with 0.5 mm point spacing. Both ‘Weary Heracles Statute’ data
in this experiment and ‘Surface patch’ data in experiment 4.7 are kindly provided by
Dr. Devrim AKCA. In this test we resampled the data set and decreased the number
of points since our implementation produces the results very slowly with this kind of
intense data. Resampled data consist of approximately 50000 points with 1 mm point
spacing. The matching process was carried out by using both LS and TLS3d with
homogeneous and isotropic noise conditions. The obtained results are given in Table
4.6. Results show similarity with the results of MATLAB surface data experiment.
Theoretical precisions of estimated parameters do not differ significantly. Figure
4.10 shows the 3D comparison of two methods by using the 3D compare module of
Geomagic Studio (Raindrop Geomagic, Inc.) software. Patterns of the residuals show

similarity for both methods.

0 Deviaton
Max +/: 16200/ 15783 o
Aveioge +/- 0840/ 0277 wen
Standard Devishon: 2005 mm

Figure 4.10 : (a) Residuals after TLS estimation (b) Residuals after LS estimation.

39



Table 4.6 : Numerical results of ‘weary heracles’ data

Model No. of 0o or, or, ar, O Oy Oy
Matched  (mm) (mm) (mm) (mm) (grad)  (grad)  (grad)
Points

TLS3d 36941 0.0292  0.00034 0.00040  0.00028  0.000006 0.000006 0.000004

LS 36855 0.0408  0.00033  0.00040  0.00028  0.000006 0.000006 0.000004

4.7 Surface Patch

The seventh experiment is the matching of two surface patches Figure 3. The data is

acquired by an IMAGER 5003 terrestrial laser scanner (Zoeller+Frochlich). Average

point spacing is 1 cm. Obtained numerical results for two different registrations are

given in Table 4.7. In this experiment also, although the theoretical precisions

changes slightly, differences are very minor and insufficient for a decision making

for the comparison purpose of two methods.

Figure 4.11 : (a) is the template and (b) is the search surface.
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Figure 4.12 : (a)Registration with TLS3d ans (b) shows the residuals.

Table 4.7 : Numerical results of ‘surface patch’ data

Model No. of 0o or, or, ar, O Oy Oy
Matched  (mm) (mm) (mm) (mm) (grad)  (grad)  (grad)
Points

TLS3d 219 0.000733  0.008513 0.007517 0.001344 0.001327 0.001481 0.001191

LS 224 0.001010 0.008177 0.007144 0.001278 0.001262 0.001424  0.001138

4.8 Wave Data

The eighth experiment is the registration process by using synthetic data. The data is
called ‘wave data’ and is commonly used by many researchers in order to test their
registration algorithms (Salvi et. al., 2007, Rusinkiewiz, 2001, Grant, 2012). The data
was downloaded from the MATLAB registration toolbox (Salvi et al., 2007).
Transformation was simulated by applying rotation and transformation to data. Then
we created anisotropic independent Gaussian noise by using the covariance
definition given in equation 3.10. Obtained noises were added to both template and

search surfaces. Figure 4.13 shows introduced noise vectors.
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Figure 4.13 : Introduced noise vectors

Figure 4.14 : (a)Template and search data, (b) Template and transformed surface.

Table 4.8 : Numerical results of ‘wave’ data

Model No. of 0o or, or, or, Ow (o Oy
Matched  (mm) (mm) (mm) (mm)  (degree) (degree) (degree)
Points

TLS3d 3635 0.006377  0.000151  0.000151  0.000150 0.000101  0.000101  0.000076

LS 3907 0.008996 0.000145  0.000145 0.000144 0.000047 0.000047 0.000035

TLS3d_anis. 3634 5.014204  0.000326  0.000343  0.000152 0.000047 0.000034 0.000071

The registration process was carried out for three times. In first run, we used TLS3d

without introducing the pre-defined covariance matrices as input. In second run, we

use LS and for the third run we use again TLS3d by introducing the covariance

matrices as input. Registration is successful for all runs. Numerical results of the tests

are given in Table 4.8. Results are quite similar and consistent with the other

experiments. Results do not change in significant level for LS and TLS3d without

using a-priori covariance definition. But at the last run, the effects of the introduced

42



anisotropic and non-homogeneous covariance matrices are observed. The obtained a-
posteriori covariance matrices are smaller than the other two runs. In the view of
these results, it is hard to state that TLS3d produces more correct results, but it would

not be incorrect to say that it produces more reliable and realistic estimation values.
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5. CONCLUSIONS

5.1 Summary

In this thesis, we analyzed the results of a 3D registration problem in terms of
statistical behaviors by using so called Total Least Squares method within an EIV
model. On the contrary of classical Least Squares approach, EIV model accounts the

measurement errors as well as stochastic properties of independent variables.

The mathematical model of the applied method is based on the non-linear Gauss-
Helmert Model. The model is adapted by Kanatani (2012) by eliminating the
Lagrange Multlipliers and it is called as Modified Gauss-Helmert Model. The model
is formulated for seven parameters similarity transformation in (Kanatani 2012). We
made a small modification at the model by eliminating the scale factor to be able to
use it for 6 parameters rigid-body transformation. There are diverse solution methods
for EIV model given in details in Chapter 2. The MGH is an advantegous model in
terms of computational cost within the other methods since the Lagrange Multipliers
are eliminated from the normal equations and hence, the size of the matrix to be
solved dramatically decreases to the number of unknown parameters. Therefore, we
choose this model since it is the most appropriate one especially for large data sets,

like point cloud.

The objective of the model is to estimate the optimal transformation parameters of
rigid-body transformation by minimizing the Mahalonobis distance in the sense of
Maximum Likelihood. Mahalonobis distance differs from Euclidean distance in that
it takes into consideration the correlation between data sets. If unitary covariance
matrices are introduced for both data sets, then the Mahalonobis distance becomes

equal to the Euclidean distance.

In the classical Gauss-Markov model, the observation equations are established with
the assumption that only the template surface elements are observations and
contaminated by random errors. In fact, this is unrealistic and the search surface

elements also contain errors. The stochastic properties of search surface elements are
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taken into account in MGH model, whilst this is ignored in the classical Gauss-
Markov model. On the other hand, if the covariance matrices are defined as isotropic
and homogeneous for both template and search surfaces, the MGH model gives
almost the same results with the Gauss-Markov model. Therefore, we defined
anistropic and non-homogeneous covariance matrix for both data sets individually.
The correspondence search is the most critical and time consuming part of the
registration process. We used two well-known variants of ICP (Besl and McKay,
1992, Chen and Medioni, 1991) in combination for correspondence search. Our
registration algorithm contains some conditions and thresholds in order to prevent

false matches and speed up the process.

5.2 Conclusions

We applied MGH model for the registration problem of 3D surfaces. The

relationship between the surfaces is established by rigid body transformation.

All range measurement data are acquired by a sensor. Thus, it is not realistic to
ignore the stochastic properties of search data and treat template data as only the
erroneous one. On the other hand, the noise characteristics cannot be isotropic and
homogeneous for these data sets. Actually, if the a-priori covariance matrices are
introduced as homogeneous for both data sets, the classical Least Square method
provides the optimal solution. But this is not realistic as well, because of the
existence of many impacts affecting the individual point accuracy such as angular
and range accuracy of the sensors, incidence angle of the laser beam, temperature,
surface reflectivity, etc. Taking these facts into account, we introduced anisotropic,
inhomogeneous a-priori covariance matrices for both data sets. Our experiments
were carried out in two groups. In the first group of experiments we used
homogeneous and isotropic noise model and we obtained the results of both LS and
TLS methods. The numerical results show that the difference between theoretical
precisions of estimated parameters is minor and thus insignificant. Therefore, it can
be stated that both LS and TLS methods do not differ from each other in the case of
this kind of noise definition. Second group of experiments are conducted with the
anisotropic and inhomogeneous noise definition and the solution is obtained from
TLS. The obtained a-posteriori covariance matrices are smaller than the ones in the

first group. In the view of these results, it is hard to state that TLS solution within
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EIV model produces more correct results for solution vekctor, but it would not be
incorrect to say that it produces more reliable and realistic accuracy values of

estimated parameters.

Surface representation is basically established as structured meshes with implicit
planar surface patches in our implementation. Although it is a very basic structure
and represents the object surface quite well, it produces some spurious triangles with
longer edges and narrow angles especially in curved parts of the surface. As a result
of this situation, some possible candidate points are eliminated from matching. Some
complex meshing strategies (Delaunay Triangulation, TIN etc.) could possibly
prevent this problem. Although the combined search algorithm lasts long due to the
introduced conditions and natural slowness of point-to-point search, it works quite

well and finds correct point pairs which was our first priority.

Since our model is a non-linear system of equations, it requires good approximation
values for the parameters. Our implementation is successful for rotational differences
up to 20°, but the translation vector should be well approximated for the
convergence. One of our observations is that the convergence in the direction of
surface normal is faster than lateral directions. Since we define equal stopping
criteria for same types of parameters (rotations and translations), sometimes we were
faced with the oscillations in some parameters, but thorough the convergence they

turn to be smooth.

5.3 Future Work

The overall of this thesis study is successful and the results are satisfactory to
conclude the thesis. However, the author thinks that some further improvements and

extensions would give more robust results.

The calculated anisotropic and inhomogeneous covariance matrices are block
diagonal. By this definition, we ignore the correlation between the observations. A
full covariance matrix that contains the correlations, can give better results in a-

posteriori covariance matrix.

Due to the ignorance of some scanner errors (temperature, edge effect, object

reflectance etc.), our covariance definition is relatively optimistic. A covariance
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matrix definition which accounts for the whole significant scanner errors, would

undoubtly give more realistic results.

Our solution model evaluates the Euclidian distance. The model can be extended by
introducing some other parameters and conditions (intensity, geometric conditions

etc.). By this way, obtaining more stable and robust results could be possible.

Our implementation is built on MATLAB computing language which is very user
friendly and flexible software. We took the advantage of using some built in
functions in toolboxes. However, the capability of the software of processing
especially large data sets is limited in terms of speed and requires so much virtual
memory in computers. This situation limited us in using larger data sets. Using a
different programming language could produce faster results and give the
opportunity of working with larger data sets which provides the flexibility of

analysing the results in higher degree of freedom level.
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