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Abstract

In order to perform missions such as exploring unknown target environment or

rescuing people at human-inaccessible areas autonomously, robots are required

to know their surrounding environment information. This environment recogni-

tion process is widely known as simultaneous localization and mapping (SLAM)

which the robots build a map of surrounding environment and use this map to

compute their pose simultaneously. The SLAM problem has been known one of

the fundamental techniques for autonomous robot operation and studied over

two decades in robotic society. It is still being actively researched and there is

much room for improvement.

In this dissertation, a novel pose graph construction method for graph

SLAM is presented by defining the laser scan descriptor which reflects the ge-

ometrical property of the scan data and proposing the similarity computation

method between two scans. Scan matching algorithms are used mainly to reg-

ister two scan data in the front-end of the graph-based SLAM process. These

scan matching algorithms have following two characteristics. The first one is

that the success or failure of the registration process depends on the similarity

of the geometric information of the environmental structure or the overlap-

ping areas between the two scan data. The second one is that the registration

error occurs due to the discontinuity of the laser sensor information and the

measurement noise even if the two scans are successfully registered. Consid-
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ering the first characteristic, the laser scan descriptor which can describe the

geometrical information of the surrounding environments is proposed and the

similarity computation method between two scan data is suggested based on

the proposed scan descriptor. Generally, the errors are accumulated during the

pose graph construction process because of the second characteristic. To allevi-

ate this error accumulation phenomenon, dynamic keyframe selection method

which selects the reference scan data every time step is proposed. Additionally,

loop closure detection method is suggested by exploiting the proposed laser

scan descriptor and the scan similarity computation method.

Through the simulations, the odometry estimation is performed with the

artificially generated sensor data and the ground truth data from the virtual

environment simulating real world. The performance is evaluated by comparing

with the conventional ‘frame-to-frame’ and ‘frame-to-keyframe’ methods. Addi-

tionally, the result of loop closure detection is shown by exploiting the proposed

laser scan descriptor which can be used to compute the similarity between two

scan data in the virtual environment.

In order to show the objectivity of the proposed odometry estimation method,

the experiments were conducted with the benchmark dataset. Additionally, to

validate the applicability of the proposed method, the experiments were con-

ducted by using the real world dataset with various robot trajectories. The

performance is compared with the previous ‘frame-to-frame’ and ‘frame-to-

keyframe’ methods referenced to provided benchmark ground truth or the near-

ground truth poses which are obtained through surveying. Finally, the results

of the graph-based SLAM are shown with the proposed graph construction
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method by applying the optimization method in case of loop closure in the real

world environment.

Keywords: SLAM, pose graph, odometry estimation, scan similarity, dynamic

keyframe

Student Number: 2012-20813
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Chapter 1

Introduction

1.1 Background and Motivation

Simultaneous Localization and Mapping (SLAM) [1, 2] is one of the funda-

mental problems among many robotic technologies. Robots should know the

map information of their surrounding environments and also should know their

position in the map in order to perform a specific mission. These essentially

required SLAM problems have been researched by many researchers over a

decade in robotic society. SLAM problem approaches can be classified either as

filtering or smoothing [3]. The first things are filter-based approaches such as

Kalman and information filters [4], particle filters [5, 6]. The state is updated

recursively with Markov assumption. The current state is only influenced by the

previous state estimate, the control input and the measurement at the current

state. This is also known as the on-line SLAM since the state of the system
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consists of the robot pose at the current time step and the map data. The

second smoothing approaches which are also called graph-based approaches es-

timate the full trajectory of the robot from the full set of measurements [7, 8, 9].

Thus, these approaches are also known as full SLAM since the states are up-

dated using the entire graph information. The robot poses are represented by

nodes and the measurement information is encoded by the edges. A graph rep-

resentation of this kind is generally referred to as pose graph [8, 10, 11]. Both

SLAM approaches have pros and cons regarding the accuracy and the compu-

tational resources. Of course the full SLAM approaches shows better accuracy

but requires high computational power. Because of this requirements, they have

only recently begun to become more popular as efficient algorithms for solv-

ing the underlying optimization problems are now available [12] though these

approaches are known to the robotic community since the work of Lu and Mil-

ios in 1997 [7]. Since the development of the real-time optimization methods

such as incremental smoothing and mapping (iSAM) [13, 14, 15], Georgia Tech

smoothing and mapping (GTSAM) [16], Sparse Pose Adjustment [17], TORO

[18] and general graph optimizer (g2o) [11], graph-based SLAM approaches were

highlighted.

The process of the graph-based SLAM is divided into two parts. As de-

scribed in Fig. 1.1, the first part is the front-end which constructs the graph

and this is heavily sensor dependent. The most näıve method might be using

the wheel encoder odometry estimation information. Another approaches might

be vision-based visual odometry or range sensor-based laser odometry estima-

tion. Alternatively, Inertial Measurement Unit (IMU) information can be used
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to estimate the transformation between two poses. The second part is the back-

end which optimizes the constructed graph and various real-time optimization

methods are already developed. Even with the high performance optimization

tools, the SLAM results might diverge with bad graph information. Thus, accu-

rate constraints should be constructed on the preferential basis at the front-end

and this graph construction part is handled in this dissertation especially with

the laser range finder sensor platform.

1.2 Contributions

The purpose of the entire system which is proposed in this dissertation is to

enhance the accuracy of the localization error of the robot and the mapping

result of surrounding environment also widely known as SLAM problem with

graph-based approach. The overall process of the graph-based SLAM is de-

scribed in Fig. 1.1. There are various approaches to enhance the performance

of the graph-based SLAM. This dissertation especially focused on the front-end

which construct the graphs in terms of the graph-based SLAM framework [3]

Front-end
(Graph construction)

Back-end
(Graph optimization)

Nodes
(poses)

Edges 
(constraints)

Raw 
sensor data

Graph update

Figure 1.1 The overall process of the graph-based SLAM.
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d
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Figure 1.2 The overall block diagram of the entire proposed system.

by considering the structural similarity of the scenes.

The main contributions of the entire works are colored with orange in Fig.

1.2. The first things are scan descriptor generation and scan similarity compu-

tation method which are presented in Chapter 3. The proposed scan descriptors

represent the surrounding environment compressively with its neighbor points

and the similarity is computed with the Pearson correlation coefficient (PCC)

[19, 20] which is a measure of two series as a function of the displacement of one

relative to the other. The second contributions are dynamic keyframe selection

and loop closing methods based on the proposed scan similarity for construct-

ing well-constrained graphs which are presented in Chapter 4. The proposed

dynamic keyframe selection method determines the reference scan data by con-
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sidering the growing uncertainty during the pose graph construction process

and the property of the registration algorithms that shows analogous errors

when two input scans have enough overlapping areas.

1.3 Organization

The rest of dissertation is organized as follows. Chapter 2 states the prelimi-

naries regarding the scan registration and the graph-based SLAM. Chapter 3

presents the geometric similarity computation method of laser scan data by

defining the scan descriptor. Chapter 4 describes the scan similarity-based pose

graph construction method. Chapter 5 shows the simulation and experimen-

tal results of the proposed odometry estimation and the loop closure detection

exploiting the proposed scan similarity computation method. Additionally, re-

sults of the graph-based SLAM which the proposed methods applied are shown.

Finally, the conclusions of the dissertation are stated in Chapter 6 1.

1This contents is reproduced in part by permission of the Institution of Engineering &
Technology [21]

5



Chapter 2

Preliminaries

2.1 Scan Registration

This section describes definition of the registration problem which is widely

used constraints generation method to solve graph-based SLAM problem and

introduces several major scan registration algorithms briefly.

2.1.1 Registration Problem

Registration means unifying the coordinate system of the input data which

are acquired from different views or at different times or by different sensors

as depicted in Fig. 2.1. There have been two research trees based on sensor

platforms. The first one is vision based registration and the other one is point

data registration. In case of the vision based registration, features are extracted

from the input images and the transformations are determined by reducing

the distances between corresponding features [22]. Also in case of point data

6



registration

{ }AO

{ }BO

{ }AO

Figure 2.1 Registration problem: The data at the coordinate system {OB} are

aligned with the data of the coordinate system {OA}.

registration, feature matching methods can be used by extracting the feature

points from the scan data [23, 24]. However, it is difficult to extract salient

features from the 2-dimensional laser scan data. The feature-based registration

methods are feature dependent thus there is a risk that can be led to loss of

information. Therefore, the raw distance measurements are used usually by

using scan matching algorithms. Let the points set in the reference scan Sr =

{pl | l = 1, 2, · · · , nr}, where nr is the number of the points in the reference

scan data and for the i-th point pi = [pi,x pi,y]
T . Similarly, let the points set

in the current scan Sc = {ql | l = 1, 2, · · · , nc}, where nc is the number of the

points in the current scan data and for the i-th point qi = [qi,x qi,y]
T . Now,

the registration problem can be stated as

H = argmin
[tx ty θ]

nc∑
l=1

‖pl −R(θ)ql − [tx ty]
T ‖22, (2.1)

where R(θ) is a rotation matrix of θ.
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2.1.2 Scan Registration Algorithms

There are various scan registration algorithms. One of the most popular and

traditional one is the Iterative Closest Point (ICP) algorithm [25]. The ICP finds

the transformation between two scan data by regarding the closest points as the

corresponding points and iteratively computing the solution that minimizes the

score function which is the square sum of the Euclidean distances between all

the correspondences. The whole process is described in Algorithm 2.1. The ICP

Algorithm 2.1 Iterative Closest Point (ICP) registration

Input: Sr, Sc, Niter, dmax, dth � Reference and current scan data, maximum

iteration number, trimming distance and convergence distance threshold

Output: H � Transform matrix

1: Initialize Trans ← Trans0

2: Initialize convergence ← false

3: while ∼ convergence do

4: for l ← 1 to nc do

5: ml ← FindClosestPointInRef (T,ql)

6: if ‖ml −R(θ)ql + [tx ty]
T ‖ ≤ dmax then � Trimming

7: wl ← 1 � Set weight 1 for valid correspondence

8: else

9: wl ← 0 � Set weight 0 for invalid correspondence

10: end if

11: end for

12: H ← argmin[tx ty θ]

∑nc
l=1wl‖ml −R(θ)ql + [tx ty]

T ‖22
13: if iter == Niter OR 1

nc

(∑nc
l=1wl‖ml −R(θ)ql + [tx ty]

T ‖22
)
≤ dth then

14: break � Break if the convergence condition satisfied

15: end if

16: end while

17: return H � Return the final transform matrix

8



algorithm requires the reference and current two scan data which are denoted by

Sr and Sc respectively. Also, maximum iteration number Niter, the trimming

distance dmax and and the convergence distance dth are demanded. The de-

tails of the trimming is stated in subsection 5.2.1. The ICP algorithm operates

well if the rotational angle is small. Otherwise, many points are not associ-

ated correctly thus the results might show incorrect convergence. To resolve

this problem, Iterative Dual Correspondence (IDC) algorithms are suggested

[26]. This algorithm developed different corresponding point searching method

which is called the matching range point in case of the rotational motion.

The point-to-point algorithms such as standard ICP [25] have a limitation to

be aligned perfectly. As depicted in Fig. 2.2, the exact registration is not feasible

for the point-to-point algorithms because of the different physical points of the

scan data which are acquired at different position. After the registration, three

of the correspondences show zero distance while the other two two pairs show

residuals. Current scan should be shifted left to be perfect registration but this

movement increases the distances of the bottom three pairs. To solve this issue,

some variants of ICP algorithms using point-to-line [27] or point-to-plane [28]

and plane-to-plane approaches have been suggested. The generalized-ICP (G-

ICP) algorithm which is the generalized version of the ICP algorithm belongs

to the plane-to-plane approach [29]. This version of ICP is based on attaching

a probabilistic model to the minimization step of the score function. This al-

gorithm modifies the error function in line 12 of Algorithm 2.1 by assigning ta

covariance matrix to each point. It keeps the rest of the algorithm unchanged so

as to reduce the complexity and maintain the speed. The correspondences are

9



reference 
scan

current 
scan

point-to-point
registration

residual 

Figure 2.2 Limitation of point-to-point registration algorithms: The exact reg-

istration is not feasible for the point-to-point algorithms such as ICP because

of the different physical points of the scan data which are acquired at different

position.

still computed with the Euclidean distance rather than a probabilistic measure

therefore the algorithm takes the advantage of ICP over other fully probabilistic

algorithms. All the points in the scan data are regarded as Gaussian distribution

consequently the score function is derived slightly different as

H ← argmin
T

nc∑
l=1

wl{dHl
T (

CA
l +HCB

l HT
)−1

dHl }, (2.2)

where dHl = al−Hbl with covariance matrices CA
l and CB

l for two corresponding

points al and bl. In addition, each covariance is forced to be thin along the

normal vector direction since the sensor measurements deal with a sampled

2-manifold in 3-dimensional space or 1-manifold in 2-dimensional space.

Another algorithms for scan registration is the Normal Distributions Trans-

form (NDT), which uses point-to-distribution matching approach [30, 31]. This

algorithm represents the reference scan data by normal distributions dividing
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with grids or voxels. By overlaying the reference scan grids or voxels and current

input scan data, the corresponding distributions are determined for each point

of the input scan data. Since the NDT does not require closest point search

process, it can greatly reduce computational burden.

There are also another algorithms which have totally different approaches.

For instance, Hough Scan Matching (HSM) algorithm maps the scan points

in Cartesian space to the Hough domain [32]. HSM extracts spectrum which

is the distribution of features from the geometric points from this mapped

Hough domain. After the extraction, those spectra from different scan data

are matched according to their correlation. The Polar Scan Matching (PSM)

algorithm is also proposed [33]. This algorithm not only exploits the advantage

of the native polar coordinate system of the laser scan but also eliminates

the search for corresponding points by associating with each other using the

matching bearing rule.

2.1.3 Uncertainty Quantification Methods of Registration

To perform the graph-based SLAM which is introduced in section 2.2, it is

desirable to compute the covariance matrix meaning uncertainty quantification.

To perform the weighted range sensor matching, points-as-landmarks method

has been proposed [34]. Authors of the above paper tried to register two point

sets considering each covariance of the correspondence pairs. To represent the

covariance of the each correspondence, they developed uncertainty models which

account for the effects such as measurement noise, sensor incidence angle, and

correspondence error. The corresponding points are assumed and the covariance

11



matrix between i-th and j-th poses is defined by

C(X̂) �
[∑

k

(
P k
ij

)−1
]−1

. (2.3)

Here, k means the index of the corresponding pairs and P k
ij means the covari-

ance of the k-th correspondence pair which is computed using the proposed

uncertain models. Assuming independence of the correspondences and zero-

mean Gaussian correspondence nose, the authors expressed the likelihood of

obtaining matching error by the multiplication of Gaussian for each pair. For

this reason, (2.3) has the form of inverse of the summation of the inverse of

each correspondence covariance. However, this points-as-landmarks overlooked

the dependency of the correspondences. During the scan registration process,

the actual different two scan data points might have the same corresponding

point.

Another simple method which is called Hessian method has been proposed

[35]. This method is widely used because of its straightforward and intuitive

principle [36]. Usually, scan registration algorithms use non-linear error func-

tion of displacement (x, y, θ), which is minimized in a least-square sense. The

covariance matrix of the registration can be derived analytically by linearizing

the error function. Authors of the above paper presented the linear model for

the true model function Y and the estimated model function Ŷ as

Y = MX + w and Ŷ = MX̂, (2.4)
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where Y contains the responses, M is the observation matrix, X contains the

model parameters, and w is zero-mean Gaussian noise with σ2I. The error to

be minimized can be represented by

E(X̂) = (Y −MX̂)T (Y −MX̂). (2.5)

This (2.5) has an optimal estimate X̂ and covariance matrix C(X̂) as

X̂ = (MTM)−1MTY, (2.6)

C(X̂) = (MTM)−1σ2. (2.7)

The unbiased estimate of the σ2 is

s2 =
Emin(X̂)

n− 3
, (2.8)

where n is the number of observations. Also, (2.5) has the following property.

dE2(X̂)

dX̂2
= 2MTM. (2.9)

Substituting (2.8) and (2.9), the covariance matrix (2.7) becomes

13



C(X̂) =

(
1

2
· dE

2(X̂)

dX̂2

)−1
Emin(X̂)

n− 3
. (2.10)

Since the covariance matrix has been expressed using Hessian of the error

function, this method has been called Hessian method. To compute the the

covariance matrix, previous work [37] has linearized the registration function

for small θ and used the M matrix directly. However, this calculation only holds

under the assumption that all the scan points in the new scan data find the same

physical points in the reference scan but this is not true for the real scan data.

Therefore, the authors of [35] proposed brute force approach to estimate the

Hessian of the error function. For example, the partial derivatives are calculated

as,

∂2E

∂x∂y
≈ ∂

∂y

(
E(Z +Δx)− E(Z −Δx)

2Δx

)

≈ E(Z +Δx+Δy)− E(Z −Δx+Δy)

4ΔxΔy
−

E(Z +Δx−Δy)− E(Z −Δx−Δy)

4ΔxΔy
.

(2.11)

2.2 Graph-based SLAM

Graph-based SLAM is decoupled in two tasks: graph construction (front-end)

and graph optimization (back-end). This section describes the graph optimiza-

tion problem and introduces the solution to the problem including several pri-

mary graph-based SLAM methods.
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2.2.1 Graph Optimization Problem

In the graph-based SLAM, the nodes and edges which constitute the graph

represent the poses and the constraints between two poses, respectively. As

described in Fig. 2.3, let the xi represents the pose of node i. Also, let the

zij and Ωij denote respectively the mean and the information matrix of the

virtual measurement between two poses xi and xj . This virtual measurement

means the transformation between xi and xj . Let ẑij(xi,xj) be the prediction

of the virtual measurement. Now assuming a Gaussian measurement error, the

likelihood lij of a measurement zij as follows:

ix jx

ijz

ˆ ijz

ijΩ
uncertainty

� �,ij i je x x

Figure 2.3 Graph optimization problem: From the relative position of the two

nodes xi and xj , it is possible to compute the expected measurement ẑij . The

error eij(xi,xj) depends on the displacement between the expected and the

real measurement. The edge constraint is characterized by eij(xi,xj) and by

the information matrix Ωij which accounts for the measurement uncertainty.
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lij ∝ exp
(
− [zij − ẑij(xi,xj)]

T Ωij [zij − ẑij(xi,xj)]
)
. (2.12)

Here, zij − ẑij(xi,xj) means the error function. Thus, it can be represented

by

eij(xi,xj) = zij − ẑij(xi,xj). (2.13)

The solution the the maximum likelihood becomes to find the configuration

of the nodes x∗ which minimizes the negative log-likelihood F(x) of all the

observations

F(x) =
∑

<i,j>∈C
Fij , (2.14)

where Fij = eTijΩijeij and C denotes the set of pairs of indices which a con-

straint z exists. Now, the graph optimization problem becomes solving the

following equation:

x∗ = argmin
x

F(x). (2.15)
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2.2.2 Graph Optimization Solution and Graph SLAM Algo-
rithms

Let a good initial guess of robot poses x̆ which is constructed in the front-end

of the graph SLAM problem. The solution to the function of (2.15) can be

obtained using first order Taylor expansion around the current initial guess x̆

by

eij(x̆i +Δxi, x̆j +Δxj) = eij(x̆+Δx)

� eij + JijΔx,

(2.16)

where Jij is the Jacobian of eij computed at x̆i and eij is the notation which

is simplified version of eij(x̆). Substituting (2.16) into Fij of (2.14),

Fij(x̆+Δx) = eij(x̆+Δx)TΩijeij(x̆+Δx)

� (eij + JijΔx)T Ωij (eij + JijΔx)

= eTijΩijeij + 2eTijΩijJijΔx+ΔxTJT
ijΩijJijΔx

= cij + 2bijΔx+ΔxTHijΔx.

(2.17)

With this local approximation between node i and j, the approximation of

the equation (2.14) can be represented by

17



F(x̆+Δx) =
∑

<i,j>∈C
Fij(x̆+Δx)

�
∑

<i,j>∈C
cij + 2bijΔx+ΔxTHijΔx

= c+ 2bTΔx+ΔxTHΔx.

(2.18)

Now, the equation (2.18) can be minimized in Δx by solving the linear

system

HΔx∗ = −b. (2.19)

Then, the solution of the (2.15) is computed by adding the computed incre-

ment of (2.19) and the initial guess as

x∗ = x̆+Δx∗. (2.20)
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Chapter 3

Geometric Similarity
Computation Method of Laser
Scan Data

3.1 Introduction

In order to construct pose graphs with high quality, it is crucial to make re-

liable edge constraints among nodes which represent robot poses. Those edge

constraints involve loop closing results as well as odometry estimation results

among nodes which are near each other enough to have common data points

of the measurements. Usually, the laser scan data which are composed of many

data points are aligned by using registration algorithms which are also known as

scan matching algorithms such as ICP [25], ICP-variants [38, 26, 39, 40, 29, 41],

NDT [30, 31] and so on [33, 32]. These registration algorithms have a property

that is likely to succeed in registration when the two input scan data have

enough common data points. On the other hand, the results might show regis-
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tration failure without enough common scan data points. Having enough com-

mon data points means the overlapping areas of the two input scan data are

large enough. The authors of previous works insist that a 50% overlapping ra-

tio of the region is critical in practice for successful registration results and the

increase of overlapping ratio between two point sets can help to improve the reg-

istration accuracy [40, 42, 43]. Thus, it is significant to measure the overlapping

areas of the scan data to make successful edge constraints. However, defining

overlapping areas is ambiguous since the areas of two scan data is not the same

and discriminating the common data points requires data association. The pro-

posed scan similarity computation method can represent the overlapping areas

by defining the scan descriptors with the nearest neighbor data points.

This chapter proposes the geometric similarity computation method of the

laser scan data to verify whether to perform the registration or not when new

scan is acquired. To validate the proposed scan similarity measure, the eval-

uations are conducted for various environments and the result analyses are

performed.

This chapter is organized as follows. The problem of the geometric similarity

computation method of laser scan data is described in Section 3.2. Section 3.3

suggests the computation method to measure the scan similarity considering

the geometric structure of the surrounding environment. The proposed scan

similarity computation method is evaluated for various environment in Section

3.4 and the chapter is summarized in Section 3.5.
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3.2 Problem Description

As described in Fig. 3.1, the robot start to move and acquire the scan data

from the real pose at the arbitrary time step k which is denoted by xk. The

overlapping areas between the scan data at xk and newly acquired scan data

reduce as robot moves. For instance, the overlapping area between xk and xk+1

is represented by a triangle with light gray colored borders. Under a series of

scan data, the object is to design a scan descriptor that compressively represents

the surrounding environments, and to develop a calculation method that shows

a higher similarity for scan data pairs with larger overlapping areas compared

to the pairs with smaller overlapping areas.

Similarity decreasement

kx 1k�x 2k�x 3k�x

FOV at kx

Overlapping area between kx 1k�xand

Figure 3.1 Description of the scan similarity computation problem.
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3.3 Scan Descriptor and Scan Similarity Computation
Method

In this section, the scan similarity computation method which is used as a

measure for both the registration pair selections and the loop closure detections

is proposed by defining the laser scan descriptors. In order to calculate the

similarity between two scan data, a scan descriptor capable of representing

each scan in a compressed manner is required. Fig. 3.2 (a) shows an example

of corner scan data at the arbitrary time step k. Let the points set in the scan

Sk =
{
pk
l | l = 1, 2, · · · , nk

}
, where nk is the number of the points in the k-th

scan data, then for the i-th point pk
i =

[
pki,x pki,y

]′
, the nearest neighbors set

is defined by

Nk
i =

{
pk
l′ | l′ = i−

⌊mk

2

⌋
, · · · , i, · · · , i+

⌊
mk − 1

2

⌋}
, (3.1)

where mk is the number of nearest neighbors and l′ is the integer index of the

point data pk
l′ . Here, the floor function 	·
 is defined as

	x
 = max {m ∈ Z | m ≤ x} , (3.2)

where x is real numbers, m is integers and Z is the set of integers. Now, using

the nearest neighbor set defined with (3.1) and (3.2), the structural information

dki around the point pk
i can be described by
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Figure 3.2 Description of the scan descriptor element: (a) Line fitting with

nearest neighbors set Nk
i of a point pk

i and its error eki ; (b) Simple error rep-

resentation by using the normal vector nk
i of fitted line and the virtual mean

point pk
c .
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dki =
1∣∣Nk
i

∣∣ ∑
i′

∥∥∥eki′∥∥∥2
2
, (3.3)

where i′ satisfies pk
i′ ∈ Nk

i . The above value (3.3) has a small value around line

data such as corridors and a large value near at corners or complex environ-

ments. From Fig. 3.2 (b), the error vector of the point pk
i can be represented

by eki =
(
nk
i · pk

i − nk
i · pk

c

)
nk
i , where nk

i is the normal vector of the line fitted

by nearest neighbors set Nk
i and pk

c is the virtual mean point on the fitted line.

Thus, (3.3) can be expressed by

dki =
1∣∣Nk
i

∣∣ ∑
i′

∣∣∣nk
i · pk

i′ − nk
i · pk

c

∣∣∣2

=
1∣∣Nk
i

∣∣ ∑
i′

(
nk
i

)T (
pk
i′ − pk

c

)(
nk
i

)T (
pk
i′ − pk

c

)

=
1∣∣Nk
i

∣∣ ∑
i′

(
nk
i

)T (
pk
i′ − pk

c

)(
pk
i′ − pk

c

)T
nk
i

=
(
nk
i

)T { 1∣∣Nk
i

∣∣ ∑
i′

(
pk
i′ − pk

c

)(
pk
i′ − pk

c

)T}
nk
i

=
(
nk
i

)T
Ck

i n
k
i ,

(3.4)

where i′ satisfies pki′ ∈ Nk
i , n

k
i is the normal vector, and Ck

i is the covariance

matrix computed by those points in Nk
i . Here, C

k
i is computed by
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Ck
i =

⎡
⎢⎢⎣

∑
i′
(
pk
i′,x−p̄k

i′,x
)2

|Nk
i |−1

∑
i′
(
pk
i′,x−p̄k

i′,x
)(

pk
i′,y−p̄k

i′,y
)

|Nk
i |−1

∑
i′
(
pk
i′,y−p̄k

i′,y
)(

pk
i′,x−p̄k

i′,x
)

|Nk
i |−1

∑
i′
(
pk
i′,y−p̄k

i′,y
)2

|Nk
i |−1

⎤
⎥⎥⎦ , (3.5)

where p̄ki′,x is the mean of the x coordinates pki′,x which i′ satisfies pki′ ∈ Nk
i and

p̄ki′,y is the mean of the y coordinates pki′,y which also i′ satisfies pki′ ∈ Nk
i . From

(3.4), the normal vector nk
i can be substituted by the eigenvector vk

i,min of the

Ck
i which is corresponding to the minimum eigenvalue λk

i,min. Therefore, (3.4)

can be simply represented by

dki =
(
vk
i,min

)T
Ck

i v
k
i,min

= λk
i,min.

(3.6)

Based on the above (3.3), (3.4), (3.5) and (3.6), the k-th scan is represented by

following nk-dimensional vector:

Dk =
[
dk1 dk2 · · · dknk

]T
. (3.7)

By using (3.7), the similarity between two scans Su and Sv is computed with

the PCC [19, 20] as

ρ (Du,Dv) =
1

nu − 1

nu∑
l=1

(
dul − μDu

σDu

)(
dvl − μDv

σDv

)
, (3.8)
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where μD(·) and σD(·) are the mean and standard deviation of D(·) respectively.

The usages of suggested similarity computation method will be introduced in

Chapter 4.

3.4 Evaluations

In this section, the proposed scan descriptor is evaluated and its properties

are analyzed. In addition, the variation of similarity between two scan data

according to the motion of the robot is evaluated.

To evaluate the proposed scan descriptor, a scan and its laser scan descriptor

at the arbitrary location are depicted in Fig. 3.3. In this figure, the upper plot

shows location of the robot at (0, 0) and the red dots represent the scan data

points of the surrounding environments. Also, the bottom plot shows the scan

descriptor of the above scan data with the blue line. The heading direction of

the robot which is depicted by black arrow starting from (0, 0) at the upper plot

is x-axis and y-axis is the left hand side of the robot. To evaluate the geometrical

meaning of the descriptor, the axes are swapped so that vertical axis is x-axis

and horizontal axis is inverted y-axis. The horizontal axis of bottom plot means

the bearing of the sensor rays which ranges from −90◦ to 90◦. Since data points

of the scan are obtained per degrees from −90◦ to 90◦, the number of the scan

points is 181 that is the scan descriptor (3.7) becomes 181-dimensional vector.

Each correspondences are indicated by green circles and connected with green

lines. As described in Fig. 3.3, three sites are grabbed and marked with green

26



Surrounding Environments

Scan Descriptor

(
)

x
m

0

5

10

051015 5�
( )y m

sq
ua

re
 su

m
 o

f t
he

 e
rro

rs
(

)
m
m

0

1

2

3

4

90 40 10� 60� 110�
bearings( )�

510	

Figure 3.3 Evaluation of the proposed scan descriptor. The upper plot shows

location of the robot at (0, 0) and the red dots represent the scan data points

of the surrounding environments. The bottom plot shows the scan descriptor

of the above scan data. The correspondences are indicated by green lines.
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ellipses. The most left site in the upper plot corresponds to the bearings around

from 70◦ to 90◦ in the bottom scan descriptor plot. The center site in the upper

plot corresponds to the bearing around from 25◦ to 40◦ in the bottom plot.

The most left site in the upper plot corresponds to the bearing around −10◦

in the descriptor figure. As stated in Section 3.3, the element of the proposed

scan descriptor value which was defined in (3.3), (3.4), (3.5) and (3.6) shows

large value near at the corners or complex environments and small value near

at lines such as walls.

The proposed descriptor has partially rotational invariant property which

means the scan descriptor only shifts along to the bearings when the robot

moves with the rotational motion and this is depicted in Fig. 3.4. Fig. 3.4 (a)

shows the scan data at arbitrary time step and Fig. 3.4 (b) shows the scan

data after 45◦ rotational motion. Fig. 3.4 (c) represents the scan descriptors of

the above scan data. The blue solid line is the descriptor of the scan before

the rotation and the magenta dotted line is the descriptor of the scan after

the rotation. This result shows the data shift of −45◦ with new data element

of the descriptor at its border. In addition, form of the proposed descriptor is

stretched along the bearing as the robot moves with the translational motion

and this is depicted in Fig. 3.5. Same with Fig. 3.4, the blue solid line is the

descriptor of the scan before the translation and the magenta dotted line is the

descriptor of the scan after the translation. The robot moved 2.34m forward

and the variation of the descriptor is indicated by black arrows. The proposed

scan descriptor changes according to the rotational and translational motions.

With these properties, the similarity between two scan data can be computed
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Figure 3.4 Property of the proposed scan descriptor in case of rotational mo-

tion: (a) Scan data before the rotational motion; (b) Scan data after the 45◦

rotational motion; (c) Variation of the laser scan descriptor before and after

the 45◦ rotational motion.
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Figure 3.5 Property of the proposed scan descriptor in case of translational

motion: (a) Scan data before the translational motion; (b) Scan data after the

2.34m translational motion; (c) Variation of the laser scan descriptor before

and after the 2.34m translational motion.
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Figure 3.6 Example of the similarity matrix for an arbitrary dataset.

by using the PCC as presented in (3.8). As a result, the similarity value drops

as the robot moves on. This similarity drops are depicted in Fig. 3.6 for an

arbitrary dataset which consists of 900 scan data. The similarity matrix in Fig.

3.6 is 900 by 900 matrix and its diagonal elements are 1 since the input data is

the same.

3.5 Summary

This chapter has introduced the geometric similarity computation method of

laser scan data to determine the registration pair for pose graph construction

with high quality.

In Section 3.3, the laser scan descriptor is proposed considering the geo-

metrical structure of the surrounding environments of the points in the scan
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data. In order to consider the surrounding environments, nearest neighbors set

is defined with the adjacent sensor rays. It has been shown that each element

of the scan descriptor can be simply represented by the smallest eigenvalue of

the nearest neighbors set. The similarity value is computed by using the PCC

which is usually used as a measure of similarity of two series of data.

In Section 3.4, the evaluations of the proposed scan descriptor are per-

formed. Each element of the descriptor has shown large value around the com-

plex environments and small value near at the lines. Moreover, the partially

shifting property and stretching property are analyzed. With these properties,

it is shown that the similarity value drops as the robot moves.
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Chapter 4

Pose Graph Construction Method
based on Laser Scan Similarity

4.1 Introduction

Odometry estimation is a essentially required tool for constructing the con-

straints among poses of moving robots. The odometry estimation methods can

be classified accordance with sensor platforms. First of all, it can be divided

by proprioceptive sensors and exteroceptive sensors [44]. The proprioceptive

sensors include wheel encoder and IMU. These proprioceptive sensor senses its

own interactions with the world. The exteroceptive sensors include vision sen-

sor and distance measure sensors such as sonar and laser range finder. There

have been various researches from vision-based methods [45, 46, 47] to laser-

based methods [25, 38, 26, 40, 30, 31, 32, 33, 29] including hybrid method [41].

Most of the previous odometry estimation researches usually focused on the en-

hancement of the registration algorithm between two frame data. The common
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problem of the conventional odometry estimation methods is the accumulation

of local transformation errors. This brings on the divergence of the estimated

robot poses because the error of the local registration between two frames re-

mains in the updated pose which will be the reference at the next time step.

Thus, selection of the reference frame data is a significant problem to enhance

the accuracy of the odometry estimation. The most näıve one is the frame-to-

frame(f2f) method which updates the robot poses by using the sequential frame

data [48]. Generally, laser data registration results in small error even in case of

successful scan alignment since there are no physically identical points between

two scans which are acquired at different locations and also the measurements

include noise. As a result, local drift problems that accumulate errors over time

are inevitable in case of f2f method. The local drifts can be resolved by using

the initial pose as the reference frame continuously. However, the overlapping

areas between the initial and newly acquired scan might be reduced as robot

moves. Too small overlapping areas lead to a registration failure since the com-

mon data points between two frames are insufficient. Thus the reference frame

should be updated according to certain criteria so as to retain certain degree of

overlap ratio [49]. To alleviate local drift phenomenon, frame-to-keyframe(f2k)

method has been proposed [30, 46, 47, 50, 51, 52] but there still remains two

problems in the conventional f2k method. First, once inappropriate keyframe,

which is updated with incorrect transformation, is selected, the position esti-

mates after that keyframe will diverge since the keyframe involves the local

error. Second, previously proposed keyframe update criteria, which can be ap-

plied to laser odometry estimation method, such as certain number of frames
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or time intervals [46, 47] or displacement of the estimated pose between current

frame and previous keyframe [30, 50, 52] has heuristic properties. Therefore,

the odometry estimation result cannot be guaranteed to be successful with

the conventional f2k method. For better odometry estimation performance, it

is desirable to consider the structure of the surrounding environment and se-

lect appropriate reference frame data by using the scan similarity computation

method which is presented in Chapter 3. Consequently, the proposed odometry

estimation method can cope with partially dynamic environment by comparing

the similarity among scan data.

Loop closing is also another essentially required tool for generating the useful

constraints of the graph for the usage of the SLAM problem. By detecting the

loop closure points and adding the constraints, the SLAM performance can be

enhanced since the local error accumulation is unavoidable when the robot is

driven for a long time. There have been many researches regarding the loop

closing problem which is one of the main issue among many SLAM problems.

Based on the input sensor data, the loop closing can be divided into three

categories, laser scan data, RGB visual data and both data. The laser scan

data can measure relatively accurate distance information of the surrounding

environment compared to the RGB visual data. However, the scan data do not

contain texture or color information which can be acquired by RGB visual data.

Because of these properties, loop closing algorithms based on both laser scans

and vision have shown to be robust. On the other hand, loop closing which only

relies on laser scan data is very challenging problem. Fast Laser Interest Region

Transform (FLIRT), a multi-scale interest region operator for 2D range data,
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has been proposed [53] and the author developed place recognition algorithm

using the FLIRT [54]. Also, the laser scan based loop closing which is based on

machine learning has been proposed [55]. This approach presented the features

which are invariant to viewpoint and trained 360 degrees of laser scan data to

detect the loop closure regardless of the viewpoint. Another loop closing method

covering the large scale environment has been suggested by representing the

geometrical relations into the pose invariant histograms [56]. Additionally, real-

time loop closing method has been proposed by matching all scans to nearby

submaps [57]. Of course previous methods can be applied into the proposed pose

graph construction method. However, in this chapter, the loop closure detection

method is suggested by exploiting the scan descriptor which is precomputed

during the odometry estimation process. Thus, there is no need to extract any

new features from the scan data.

This chapter presents enhanced odometry estimation method based on dy-

namic keyframe selection technique to overcome the estimates divergence prob-

lem by using laser scan similarity which is described in Chapter 3. Additionally,

loop closures are detected by utilizing the laser scan similarity. To verify the

enhancement of the proposed odometry estimation method, the performance

is compared with the previous f2f and f2k methods with different parameters

through the simulations. Also, the simulation result of the loop closure detection

is shown by utilizing the laser scan similarity computation method.

This chapter is organized as follows. The problem of the enhanced graph

construction is formulated and the methods are described in Section 4.2. In

Section 4.3, the state transition model of the odometry estimation is shown
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and the error accumulation phenomenon is explained. Section 4.4 proposes scan

similarity-based odometry estimation method with a novel frame-to-dynamic

keyframe(f2d) method to alleviate the error accumulation phenomenon. Finally,

the chapter is summarized in Section 4.5.

4.2 Problem Formulation and Approach

As described in Fig. 4.1, the robot starts to estimate its pose referenced to the

initial state x0. The estimates x̂0...x̂k, which are represented by red triangles,

must have the errors compared with the real poses x0...xk at each time step.

These errors can be measured by the Euclidean distance and the difference of

the orientation between the real and the estimated poses. As the pose estimation

process is repeated, the error will become larger. This phenomenon is caused

by the local transformation error accumulation. The purpose of the proposed

approach is to find the keyframe dynamically at each time step by using the scan

similarity to reduce the accumulated errors between xk and x̂k as k increases.

� �0 0 0 0, ,x y 
�x

Real poses
Estimated poses

Accumulated error

� �, ,k k k kx y 
�x

� �ˆˆ ˆ ˆ, ,k k k kx y 
�x

Figure 4.1 Description of the odometry estimation problem.

37



4.3 State Transition Model of Odometry Estimation

This section describes the state transition model of the odometry estimation

which is based on scan matching registration algorithms. Generally, the state

transition model is represented by

x̂k+1 = Akx̂k +Bkuk +wk, (4.1)

where uk means the control input between xk and xk+1 and wk is the error.

In case of scan matching algorithms, there is no control input and the errors

originate from the measurement noise which follows Gaussian if the successful

alignment is assumed. Thus, the state transition model can be represented by

x̂k+1 = Hk
k+1x̂k +w, (4.2)

where Hk
k+1 is the homogeneous form true transformation matrix between xk

and xk+1. Now, this form can be represented recursively as

x̂k = Hk−1
k x̂k−1 +w

x̂k−1 = Hk−2
k−1 x̂k−2 +w

...

x̂1 = H0
1x0 +w.

(4.3)
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Substituting (4.3) to (4.2) then

x̂k+1 = Hk
k+1H

k−1
k · · ·H0

1x0

+ (Hk
k+1H

k−1
k · · ·H1

2 +Hk
k+1H

k−1
k

· · ·H2
3 + · · ·+Hk

k+1H
k−1
k +Hk

k+1 + 1)w.

(4.4)

From (4.4), it can be verified that the errors are accumulated as the number

of registration increases.

4.4 Scan Similarity-based Odometry Estimation

Proposing dynamic keyframe selection technique determines the registration

pair of the scan data every time step by considering the structure of the sur-

rounding environment and the uncertainty of the state estimates. Generally,

registration techniques have analogous errors when the structural similarity of

two scan data is more than a certain degree and the scan data which is the

closest time step to the initial frame among reference candidates is likely to

have the lowest uncertainty. Thus, the k′-th scan data having the lowest un-

certainty exceeding the user-defined similarity threshold τ among the reference

candidates when u equals the current time step c in (3.8) is selected as the

keyframe by

k∗ = min
k′∈Mc

k′, (4.5)
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where Mc =
{
v′ | ρ

(
Dc,Dv′

)
≥ τ, v′ = c−mr, c−mr + 1, ..., c− 1

}
. The en-

tire reference scan data selection procedure is described in Algorithm 4.1. The

max value which represents the maximum similarity is initialized to −2 since

the function ρ(·, ·) ranges from −1 to 1. Here, too large τ value produces short

interval registration pair which leads to error accumulation vice versa produces

long interval pair which causes registration failure so that proper value is re-

quired. To cope with the exceptional case thatMk = ∅, the maximum similarity

Algorithm 4.1 Dynamic keyframe selection technique

Input: mr, τ , Sk−mr , S2, ..., Sk

Output: c′

1: Initialize max ← −2

2: Compute Dk from Sk � The k-th scan descriptor generation

3: for i ← k −mr to k − 1 do � Recent scan similarity comparison

4: Compute Di from Si � The i-th scan descriptor generation

5: if ρ(Dk,Di) ≥ τ then

6: c′ ← i

7: break � Break when similarity exceeds user-defined threshold

8: else

9: if ρ(Dk,Di) > max then � Maximum similarity logging

10: max ← ρ(Dk,Di)

11: c′ ← i � Save maximum index to cope with exceptions

12: end if

13: end if

14: end for

15: return c′ � Return the final reference scan index
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value is recorded and the time index which brought the maximum value is used

as substitute for the reference index.

In addition, the proposing technique inquires the number of model candi-

dates which is denoted by mr. Näıvely, constant value of mr can be used when

the robot moves at the same speed. However, constant mr cannot cover the

movement of the robot with speed variation. Thus, mr is determined by count-

ing up until the angular displacement δr from the current time step to the

previously recorded time step exceeds user-defined angle δr,max or the transla-

tional displacement δt exceeds the following values:

δt,max =

⎧⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎩

α tan−1
( rmin−γth

100

)
+ ε if rmin ≥ γth,

ε otherwise,

(4.6)

where rmin is the median value of the lower 5% of the distance information

of the current scan data and α, γth, ε are design parameters of the curve. This

δt,max transition curve is described in Fig. 4.2. The value δt,max is dependent

on rmin since short range data cause occlusions so that common region between

scan data become less as robot moves. Consequently, small δt,max can prevent

registration failure by sustaining enough common data points. The value α and

ε are concerned with the maximum and minimum of the curve respectively and

γth is the threshold which determines the cutting point of the range data.

The entire procedure for determining the number of representatives mr is
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,maxt�

�

th

�

,maxt� transition curve

Figure 4.2 δt,max transition curve according to short range data points. Here,

rmin is the median value of the lower 5% of the distance information of the

current scan data. The value δt,max is dependent on rmin since short range data

cause occlusions so that common region between scan data become less as robot

moves.

described in Algorithm 4.2. This algorithm module requires current scan data

Sk =
{
pk
l | l = 1, 2, · · · , nk

}
, where nk is the number of the points in the k-

th scan data, linear velocity vt−1, angular velocity ωt−1, sapling time ts, the

maximum translational displacement δt,max and the maximum rotational dis-

placement δr,max. The range value rkb at line number 2, has a relationship as

follows:

pkl,x = rkl cos(θl), (4.7)

pkl,y = −rkl sin(θl), (4.8)
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Algorithm 4.2 mr value computation method

Input: Sk, vt−1, ωt−1, ts, δt,max, δr,max

Output: mr

1: Initialize mr ← 1, tr ← 1, δt ← vt−1 · ts, δr ← ωt−1 · ts
2: rmin ← minimum(rkl | l = 1, 2, ..., nk) � 5% Minimum range in t-th scan

3: if |ωt−1 · ts| > 0.2 AND |ωt−2 · ts| ≤ 0.2 then

4: tr ← t− 1 � Rotation starting time logging

5: end if

6: while true do � mr value increment

7: if δt ≥ δt,max OR |δr| ≥ δr,max then

8: break

9: end if � Until the maximum motion variations

10: δt ← δt + ‖x̂k−mr − x̂k−(mr+1)‖
11: δr ← δr + (θ̂k−mr − θ̂k−(mr+1))

12: mr ← mr + 1

13: if (t− tr) ≤ mr then

14: break � Break when iteration reaches rotation starting time

15: end if

16: end while

17: return mr

where θb is the angle between the b-th ray direction and the robot heading

direction which is the same direction of x coordinate at the initial pose.

4.5 Summary

This chapter has proposed a novel odometry estimation method based on the

scan similarity computation method which was introduced in Chapter 3.
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In Section 4.3, the state transition model of the odometry estimation which

is based on scan matching registration algorithms has shown. In addition, sub-

stituting the recursive form of the equation, the error accumulation phenomenon

has been explained.

In Section 4.4, the f2d method which selects the reference scan data by

computing the scan similarity among the model scan candidates is suggested. In

order to limit the range of the model scan candidates, the variation of the robot

pose estimates are monitored consistently and compared with the variation

thresholds. Also, the variation threshold of the translational motion is set to

change according to the median value of the lower 5% of the range values

of the current scan data. The proposed method selects the scan data as a

reference when the scan data is among the model representatives set and the

similarity between the scan and the current scan exceeds the similarity threshold

comparing from the closer time step to the initial time step.
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Chapter 5

Simulations and Experiments

5.1 Implementation Setups

The proposed method was implemented by Visual Studio C++ on a PC and its

specification is described in Table 5.1. The Eigen library was used for matrix

computation and FLANN library was used to search the nearest neighbors in

the scan data [58, 59]. The input two scan data are registered by using widely

used generalized-ICP algorithm [29]. The pose graph which was constructed

by applying the proposed methods suggested in Chapter 3 and Chapter 4 was

optimized by using the general graph optimization algorithm also known as g2o

Table 5.1 Specification of the computer

Processor Intel Core i7-3770 quad-core 3.4GHz

Memory 8GB DDR3

OS Windows 7 (64bit)

45



Figure 5.1 Two wheel mobile robot Pioneer-3DX and the laser range finder

UTM-30LX used in the experiments. Range sensor can measure the distance

up to 30m.

[11]. As depicted in Fig. 5.1, the robot platform was used the Pioneer-3DX and

the scan data was obtained by UTM-30LX which can measure the distance up

to 30m. The sensor errors are±30mm up to the distance 10m and ±50mm up to

30m. This chapter introduces some useful techniques before showing the results

of the simulations and experiments. In the odometry estimation simulation part,

the results of the proposed odometry estimation method and the previous f2f,

f2k(short), f2k(long) methods are shown. Also, the performance of the proposed

method is compared with the previous methods. The dataset was artificially

generated since it is almost impossible to acquire the ground truth data in the

real world. To the next, the result of the loop closure detection is shown by using

the artificial simulation dataset which have 5 loop closing sites. For the real

world application, the experiments of the odometry estimation are conducted

with several real world dataset. Same with the simulation, the performance of
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the proposed method is verified by comparing with the previous f2f, f2k(short),

f2k(long) methods. Finally, the results of the graph SLAM are provided by using

the real world dataset with loop closures.

This chapter is organized as follows. In Section 5.2, trivial but powerful

techniques which can improve the results of the pose graph construction are

described. The simulation results of the odometry estimation are shown in Sec-

tion 5.3 with artificially generated dataset. In Section 5.4, the result of the

loop closure detection is shown by exploiting the proposed laser scan descrip-

tors and the similarity computation method. The experimental results of the

odometry estimation and its performance evaluations with real world dataset

are presented in Section 5.5. Also, the experimental results of the graph SLAM

are shown in Section 5.6 with loop closure detections. Lastly, the results of the

simulations and experimental results are discussed in Section 5.7.

5.2 Useful Techniques for Implementation

There are several techniques which is trivial but show great performance with

simple ideas. In this section, two useful techniques are illustrated to enhance

the SLAM performance. The first one is trimming technique which is commonly

used in point data registration algorithms since the trimmed-ICP algorithm

has been proposed [40]. Second one is the initial alignment guess technique by

golden section search optimization algorithm [60]. Details of each technique are

described in the following subsections.
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5.2.1 Trimming

Registration algorithms which use raw point data are usually performed by two

stages as follows.

• Find the corresponding point(or distribution) in the reference scan data

for each point(or distribution) in the input scan data and compute the

individual distances.

• Find the transformations between reference scan and input scan data until

square sum of the distances satisfies stop conditions.

The most näıve registration methods use all the corresponding point(or dis-

tribution) pairs. However, the corresponding point(or distribution) is usually

determined by the closest one when the raw sensor measurement is composed

of the point data. These corresponding pairs are not always the real correspon-

dences thus some bad pairs disturb accurate registration and consequently lead

to the local minimum solution. To alleviate this phenomenon, the corresponding

pairs which the distance exceeds the user-defined trimming distance threshold

are removed. Consequently, registration can be successful even in case of low

overlapping areas. This removing trick is called the trimming technique and the

details are depicted in Fig. 5.2. The blue rectangle represents the reference scan

points and the orange circle describes the input scan points. Also, the environ-

ments are described by blue and orange colored solid lines. The closest point

pairs are indicated by black arrows. Here, the solid arrow are helpful pairs for

successful registration on the other hand, dashed arrows are useless pairs for

accurate alignment.
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Figure 5.2 Illustration of the trimming technique. The closest point pairs are

indicated by black arrows. Here, the solid arrow are helpful pairs for successful

registration on the other hand, dashed arrows are useless pairs for accurate

alignment.

5.2.2 Initial Alignment Guess by Golden Section Search

Performance of the can registration algorithms easily affected by the initial

alignment between two scan data since the score function is usually multimodal

function which has lots of local minimum points. Thus, initial guess is very

critical part in the registration process. In the SLAM problem, the initial guess

is usually aided by the proprioceptive sensors such as wheel encoder, IMU and

so on. However, these equipments are not always available. In case there is no

such proprioceptive sensors, the initial alignment for accurate registration can

be obtained using the Golden Section Search(GSS) optimization algorithm. The

GSS is an optimization algorithm which can find the peak point of unimodal

function. The GSS is designed to ensure convergence speed consistency. Detail
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of the GSS algorithm is as follows. As described in Fig. 5.3, the function value

at triplet of points x1, x2 and x30 are probed at the fist time. Since f2 > f1 and

f2 > f3, the minimum must be inside range from x1 to x3. Next, the function

value of a new point which is denoted by x4 is examined. According to the

function value at x4, the minimum value range varies. Let the function value

f4a, then the a minimum lies between x1 and x4, and the new triplet of points

will be x1, x2 and x4. On the other hand, a minimum lies between x2 and x3

if the function value is f4b, then new triplet of points will be x2, x4 and x3.

The GSS requires that the above two range intervals be equal to maintain the

convergence speed consistency as follows.

x4 = x1 + (x3 − x2) . (5.1)

However, still the point x2 is ambiguous with only this condition. The following

two conditions are also required.

l3
l1

=
l1
l2
, (5.2)

l3
l2 − l3

=
l1
l2
. (5.3)

Removing l3 from the above (5.2) and (5.3) yields

(
l2
l1

)2

− l1
l2

= 1. (5.4)
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Figure 5.3 Illustration of the Golden Section Search(GSS) optimization algo-

rithm. Shape of the function can be either blue solid line(minimum: x1 ∼ x4)

or orage dashed line(minimum: x2 ∼ x3) according to the function value at x4.

From the above quadratic function (5.4), the ratio between a and b becomes

l1
l2

= 1.618033988 · · · , (5.5)

which is known as golden ratio. By applying this GSS into the initial alignment

guess, the accuracy of the registration can be enhanced. The whole process is

described in Algorithm 5.1.

Usually registration algorithms are vulnerable to the rotational movements.
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Algorithm 5.1 Registration with GSS initial rotation alignment

Input: Sr ,Sc, range, δrange, max iter

Output: T

1: Initialize iter ← 0

2: Initialize convergence ← false

3: while ∼ convergence do � Perform registration with GSS initial guess

4: T ← Register GSS(Sr, Sc, range)

5: iter ← iter + 1

6: range ← range+ δrange � Expand searching range until converge

7: if iter == max iter then

8: break

9: end if

10: end while

11: return T � Return the final transform matrix

Therefore, most of the failure occurs during the rotational motion without the

initial alignment. The Algorithm 5.1. shows the initial rotation alignment tech-

nique by GSS to the purpose of registration accuracy enhancement. This tech-

nique is a kind of brute-force algorithm. The registration is performed with

initial alignment by GSS, extending from a narrow range of intervals until the

result is converged. This part is stated from line number 3 to 10. This idea also

can be applied into the initial translation guess if it is required.

5.3 Simulation Results of the Odometry Estimation

To compare the performance of the conventional methods and the proposed

method, the scan data with the real poses were obtained by varying the robot

velocity through the simulation. The simulation environment consists of a center

hall with pillars which cause data occlusions and the Gaussian noise was added
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to the range data. The scan data were registered by using G-ICP algorithm [2]

which is a generalized version of widely used ICP registration technique.

Fig. 5.4 and Fig. 5.5 show the odometry estimation results of the conven-

tional and the proposed methods when the standard deviation of the Gaussian

noise of the range data σrange = 10. Blue and red dots represent the real

poses and the estimated poses respectively at each time step. Also, surround-

ing maps are plotted by black dots at the estimated poses. The f2k(short)

method updated the keyframe every 100mm translational displacement or 1◦

angular displacement and the f2k(long) method updated the keyframe every

500mm translational displacement or 15◦ angular displacement. In case of the

proposed f2d method, δt,max is determined by (4.6) with the design parame-

ters α = 240, γth = 500 and ε = 100 and δr,max is set to 15◦. Also, similarity

threshold τ is set to 0.6 and
∣∣Nk

i

∣∣ = 10. In case of σrange = 10, the results of

conventional f2f, f2k(short) and the proposed frame-to-dynamic keyframe(f2d)

methods have shown similar errors with slight difference since small sensing

noise leads to small registration errors. The f2k(long) method have failed com-

pletely because of the long term keyframe update criteria. The errors are rep-

resented by boxplot in Fig. 5.6. To verify the effect of the sensing noise, extra

experiments are conducted varying σrange. Fig. 5.7 and Fig. 5.8 show the exper-

imental results of σrange = 30. As depicted in Fig. 5.7 (a), the f2f method shows

the result of error accumulation which can be verified from the displacement

between blue and red trajectories. This is obvious result since registration algo-

rithms involve small error even in case of successful alignment since sensor noise

affects the registration accuracy. Fig. 5.7 (b) shows the result of the f2k(short)
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end

Frame-to-frame

 start

(a)

 start end

Frame-to-keyframe(short)

(b)

10range� �

10range� �

Ground
truth

Laser 
odometry

Ground
truth

Laser 
odometry

Figure 5.4 Odometry estimation results of frame-to-frame and frame-to-

keyframe(short) methods when σrange = 10 (Blue: references, Red: esti-

mates): (a) Result of the frame-to-frame method; (b) Result of the frame-

to-keyframe(short) method.
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Frame-to-keyframe(long)

 start end

(a)

Dynamic keyframe

 start end

(b)

10range� �

10range� �

Ground
truth

Laser 
odometry

Ground
truth

Laser 
odometry

Figure 5.5 Odometry estimation results of frame-to-keyframe(long) and the pro-

posed frame-to-dynamic keyframe methods when σrange = 10 (Blue: references,

Red: estimates): (a) Result of the frame-to-keyframe(long) method; (b) Result

of the frame-to-dynamic keyframe method.
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(a)

Rotational errors

proposed

(b)

10range� �

Transtional errors

proposed

0.199
0.366

0.035

7.656

51.000 41.018

213.692

51.103

Figure 5.6 Error comparison of the previous methods and the proposed method

when σrange = 10: (a) Box plot of the translational errors measured by the

Euclidean distance; (b) Box plot of the rotational errors measured by the ori-

entation difference.
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method. This result represents error accumulation which is caused by fixed and

dense keyframe update criteria without any feedback from its surrounding en-

vironment. The result of the f2k(long) method is shown in Fig. 5.8 (a). Similar

to the f2k(short) method, estimated poses do not correspond to the real poses

since the keyframe update criteria is fixed and sparse. This sparse criteria cause

long interval registration of the scan data which might not have enough overlap-

ping area for the successful registration. From Fig. 5.8 (b), it can be seen that

the estimated poses(red) overlap well with the references(blue) and the perfor-

mance is evaluated by using box plot in Fig. 5.9. From this figure, the proposed

method has shown less translational(Fig. 5.9 (a)) and rotational errors(Fig. 5.9

(b)). Exceptionally, the f2k(short) has shown smaller median value of the rota-

tional error compared with the proposed method but this is not a good result

since there exist multiple outliers. If the keyframe is updated with one of the

Table 5.2 Average computation time comparison [unit: seconds]
�����������Noise

Method
f2f f2k(short) f2k(long) proposed

σrange = 10 0.015 0.015 0.031 0.034

σrange = 30 0.124 0.128 0.140 0.137

outliers, all subsequent estimates will diverge causing the estimates head to the

wrong direction. The average computation times are described in Table 5.2.

The proposed method has shown similar or slightly longer computation time

compared with the conventional methods. The average computation time has

took longer for the case of σrange = 30 compared with the case of σrange = 10

and this is the natural result since noisy data usually converge slowly.
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 start end

Frame-to-keyframe(short)

(b)

end

Frame-to-frame

 start

(a)

30range� �

30range� �

Ground
truth

Laser 
odometry

Ground
truth

Laser 
odometry

Figure 5.7 Odometry estimation results of frame-to-frame and frame-to-

keyframe(short) methods when σrange = 30 (Blue: references, Red: esti-

mates): (a) Result of the frame-to-frame method; (b) Result of the frame-

to-keyframe(short) method.

58



Frame-to-keyframe(long)

 start end

(a)

Dynamic keyframe

 start end

(b)

30range� �

30range� �

Ground
truth

Laser 
odometry

Ground
truth

Laser 
odometry

Figure 5.8 Odometry estimation results of frame-to keyframe(long) and the

proposed frame-to-dynamic keyframe methods when σrange = 30 (Blue: refer-

ences, Red: estimates): (a) Result of the frame-to-keyframe(long) method; (b)

Result of the frame-to-dynamic keyframe method.
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(b)

(a)

Transtional errors

proposed

Rotational errors

proposed

30range� �

30range� �

105.633

91.469

72.374

47.548

1.096 0.118

0.277 0.234

Figure 5.9 Error comparison of the previous methods and the proposed method

when σrange = 30: (a) Box plot of the translational errors measured by the

Euclidean distance; (b) Box plot of the rotational errors measured by the ori-

entation difference.
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5.4 Simulation Results of the Loop Closure Detection

The loop closure can be detected by exploiting the scan similarity computation

method. Fig. 5.10 shows loop closing result with simulation dataset. The dataset

is sampled by moving 2cm per step during the translational motion and 2◦ per

step during the rotational motion. The specifications of the dataset is described

in Table 5.3. In Fig. 5.10 (a), the robot path is described by blue dashed line

from the starting position where marked by black ‘×’ symbol to the ending

position where marked by red ‘×’ symbol.

The workspace of the robot at this simulation dataset is about 10m × 8m.

The movement of the robot is numbered by 1©− 9© with brown color. The five

loop closing sites colored magenta are indicated with black arrows and its orders

are also represented. Fig. 5.10 (b) shows the similarity matrix with threshold

value of 0.99 which means the element values under the threshold are set by 0

and the others by 1. All five loop closing sites are detected by exploiting the

scan similarity computation method which was proposed in Chapter 3.

Table 5.3 Specification of the simulation dataset

Loop Correspondence Time step Interval distance Interval step

1st 316 ∼ 341 1736 ∼ 1761 0.5m 25

2nd 846 ∼ 946 1906 ∼ 2006 2.0m 100

3rd 1591 ∼ 1641 2221 ∼ 2271 1.0m 50

4th 1376 ∼ 1501 3046 ∼ 3171 2.5m 125

5th 1 ∼ 51 3911 ∼ 3961 1.0m 50
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Figure 5.10 Loop closing result with simulation dataset: (a) Ground truth of
the robot path and loop closing sites; (b) Similarity matrix with threshold 0.99
and detected loop closings.
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5.5 Experiment Results of the Odometry Estimation

5.5.1 Benchmark Dataset

For objective performance evaluation, the experiments are conducted using Bic-

occa benchmark dataset which were provided by Rawseeds organization [61, 62].

The Rawseeds organization provides indoor dataset named Bicocca and outdoor

dataset named Bovisa. They have attached various sensors such as IMU, wheel

Figure 5.11 Robot platform with various sensors served by Rawseeds [63].
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encoder, four laser range finders, five sonar sensors, three synthetic vision sys-

tem cameras, frontal camera, and omni-directional camera on their robot plat-

form [63]. The platform is described in Fig. 5.11. Additionally, they provide the

ground truth data inclusive of the ground truth validation [64]. The indoor Bic-

occa dataset are provided with five different trajectories. Among the various

1st segment

2nd segment

3th segment

4th segment

5th segment

Figure 5.12 Trajectory of ’Bicocca-2009-02-25b’ dataset [63].

64



trajectory dataset, ‘Bicocca-2009-02-25b’ dataset is used in this dissertation.

This is sufficiently challenging dataset which involves large sensor noises and

dynamic obstacles. There are also many long corridor areas where it is difficult

to estimate odometry using laser sensors. Trajectory of the dataset is depicted

in Fig. 5.12. The laser scan data were acquired by using SICK LMS291 which

can measure the distance up to 30 meters theoretically. This dataset is a large

scale environment with a total travel distance of 774 meters. Since the drift

phenomenon is inevitable during the odometry estimation process, the dataset

is divided into 5 segments. Each segment is highlighted in Fig. 5.12.

The experimental results of the odometry estimation using the Bicocca

dataset are described in Fig. 5.13 to Fig. 5.22. Same with the Section 5.3, the

four f2f, f2k(short), f2k(long), and f2d methods are evaluated. The f2k(short)

has updated the keyframe every 100mm translational displacement or 1◦ an-

gular displacement and the f2k(long) has updated the keyframe every 500mm

translational displacement or 15◦ angular displacement. From Fig. 5.13 to Fig.

5.22, the blue dots represent the ground truth data and the red dots denotes

the estimated robot poses. Also, the black dots depicts the surrounding scan

data which are plotted at each estimated pose. Performance is evaluated with

widely used root mean square(RMS) of the absolute trajectory error(ATE) met-

ric [65, 66, 67].

Fig. 5.13 (a) and Fig. 5.13 (b) show the results of f2f method and f2k(short)

method respectively using the 1st segment of the Bicocca dataset. Fig. 5.14 (a)

and Fig. 5.14 (b) present the results of the f2k(long) and the proposed f2d

method for the 1st segment respectively. For the most näıve f2f method, small
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Figure 5.13 Odometry estimation result of frame-to-frame and frame-to-

keyframe(short) methods with 1st segment of the Bicocca benchmark dataset:

(a) Result of the frame-to-frame method; (b) Result of the frame-to-

keyframe(short) method.
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Figure 5.14 Odometry estimation result of frame-to-keyframe(long) and the

proposed frame-to-dynamic keyframe methods with 1st segment of the Bic-

occa benchmark dataset: (a) Result of the frame-to-keyframe(long) method;

(b) Result of the frame-to-dynamic keyframe method.
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drift has occurred during the odometry estimation process. In case of f2k(short)

method, the difference between the ground truth and the pose estimates has

shown smaller gaps compared with the f2f method since it uses the keyframe

which can reduce the error accumulation. On the other hand, result of the

f2k(long) method has completely failed because of excessively far keyframe up-

date displacement which is pre-defined. These conventional keyframe update

criteria which depend on the displacements could make the overlapping areas

between two scan data too small, consequently leads to registration failure.

The proposed f2d method has selected keyframes dynamically based on the

scan similarity as stated in the previous chapters, thus has enhanced the per-

formance of the odometry estimation compared with the three f2f, f2k(short),

and f2k(long) methods. Although the results of f2k(short) and the proposed f2d

may seem similar in the two Fig. 5.13(b) and Fig. 5.14(b), RMS ATE has been

obtained for objective performance evaluation and found that the proposed

method shows better performance. The RMS of the ATE for the 1st segment

dataset is described in the second row of the Table 5.4. The proposed method

has shown the smallest error among four methods.

Fig. 5.15 (a) and Fig. 5.15 (b) describe the results of f2f method and

f2k(short) method respectively using the 2nd segment of the Bicocca dataset.

Fig. 5.16 (a) and Fig. 5.16 (b) show the results of f2k(long) method and the

proposed f2d method respectively for the 2nd segment of the dataset. The

second segment was challenging environment since the robot moved through

narrow repetitive corridor environment including a circular path. Generally,

odometry estimation is weak to the rotational motion since small angular dis-
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Figure 5.15 Odometry estimation result of frame-to-frame and frame-to-

keyframe(short) methods with 2nd segment of the Bicocca benchmark

dataset: (a) Result of the frame-to-frame method; (b) Result of the frame-

to-keyframe(short) method.
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Figure 5.16 Odometry estimation result of frame-to-keyframe(long) and the

proposed frame-to-dynamic keyframe methods with 2nd segment of the Bic-

occa benchmark dataset: (a) Result of the frame-to-keyframe(long) method;

(b) Result of the frame-to-dynamic keyframe method.
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placement will point to the wrong direction and going that direction will result

in a completely incorrect result. In case of the f2f method, the results of the

odometry estimation has shown large drift because the small error of the reg-

istration between consecutive scan data has accumulated during the odometry

estimation. In this 2nd segment, the f2k(short) method has shown worse results

compared with the f2f method because it has updated the keyframe with the

pre-defined fixed keyframe update interval without any feedback from the en-

vironment scan data. Similar to the result using the 1st segment, the f2k(long)

method using the 2nd segment has shown completely failed result because of

improper keyframe update interval. Even with the challenging environment, the

proposed f2d method has shown high quality result compared with the other

conventional three methods by selecting proper keyframe every time step con-

sidering the similarity of the scan data. As can be verified from Fig. 5.16 (b),

the ground truth poses which are described by blue dots are much well over-

lapped with the estimated poses which are depicted by red dots. The objective

performance can be verified with RMS ATE in the third row of the Table 5.4.

From this result, it can be verified that the proposed method shows the best

performance compared with other methods.

Fig. 5.17 and Fig. 5.18 represent the results of the odometry estimation using

the 3rd segment of the Bicocca dataset. Fig. 5.17 (a) and Fig. 5.17 (b) show

the results of the f2f method and the f2k(short) method respectively. Fig. 5.18

(a) and Fig. 5.18 (b) are the results of the f2k(long) method and the proposed

f2d method. The 3rd segment contains the circular path similar to the 2nd

segment, which makes it difficult to estimate the odometry. For the case of the
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Figure 5.17 Odometry estimation result of frame-to-frame and frame-to-

keyframe(short) methods with 3rd segment of the Bicocca benchmark dataset:

(a) Result of the frame-to-frame method; (b) Result of the frame-to-

keyframe(short) method.
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Figure 5.18 Odometry estimation result of frame-to-keyframe(long) and the

proposed frame-to-dynamic keyframe methods with 3rd segment of the Bic-

occa benchmark dataset: (a) Result of the frame-to-keyframe(long) method;

(b) Result of the frame-to-dynamic keyframe method.
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f2f method, large drift has occurred in the odometry estimation result. On the

other hand, the drift has been relatively reduced in case of the f2k(short) method

by using keyframes. In case of the f2k(long) method, the odometry estimation

has failed because of too far fixed keyframe update displacements. The result of

the proposed f2d method has shown closer estimated poses to the ground truth

poses. In case of the odometry estimation results using the 3rd segment dataset,

although the performance improvement of the proposed method is not clearly

shown in Fig. 5.18, it can be confirmed that the performance improvement has

been made through the evaluation. The objective RMS ATE numeric values of

the four method are shown in the fourth row of the Table 5.4. The proposed

method has shown the smallest error compared with other three methods.

Fig. 5.19 (a) shows the result of the f2f method and Fig. 5.20 (b) shows

the results of the f2k(short) method using the 4th segment. Also, Fig. 5.20

(a) and Fig. 5.20 (b) are results of the f2k(long) method and the proposed

f2d method respectively. The 4th segment has a circular path, which makes it

hard to estimate the odometry. The result of the f2f method has shown large

drift because of the error accumulation phenomenon. The f2k(short) method

has slightly enhanced the drift compared with the f2f method but still has

shown significantly large drift. In case of the f2k(long) method, the odometry

estimation has failed because of too far keyframe update displacement. The

proposed f2d method has shown the smallest error enhancing the drift problem.

The RMS ATE values of the odometry estimation result using the 4th segment

are shown in the fifth row of the Table 5.4. As can be seen from the table, the

proposed f2d method has shown the best performance among four methods.
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Figure 5.19 Odometry estimation result of frame-to-frame and frame-to-

keyframe(short) methods with 4th segment of the Bicocca benchmark dataset:

(a) Result of the frame-to-frame method; (b) Result of the frame-to-

keyframe(short) method.
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Figure 5.20 Odometry estimation result of frame-to-keyframe(long) and the

proposed frame-to-dynamic keyframe methods with 4th segment of the Bic-

occa benchmark dataset: (a) Result of the frame-to-keyframe(long) method;

(b) Result of the frame-to-dynamic keyframe method.
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Fig. 5.21 and Fig. 5.22 represent the results of the odometry estimation

using the 5th segment. This segment contains many rotational motions which

make it difficult to estimate the odometry. Similar to the previous 1st, 2nd,

3rd and 4th segments, Fig. 5.21 (a) shows the result of the f2f method and

Fig. 5.21 (b) shows the results of the f2k(short) method. In addition, Fig. 5.22

(a) and Fig. 5.22 (b) are results of the f2k(long) method and the proposed

f2d method respectively. The f2f method has shown large drift because of the

consecutive registration process. Especially, registration errors are accumulated

in the long corridor areas. The f2k(short) method enhanced the drift slightly

compared with the most näıve f2f method. Same to the other four segments, the

f2k(long) method has failed estimating the odometry with the same reason. In

Fig. 5.22 (b), the proposed f2d method has shown high quality result compared

with other three methods. The estimated poses which are depicted by red dots

overlapped much well with the ground truth poses which are depicted by blue

dots. The RMS ATE of the 5th segment results are shown in sixth row of the

Table 5.4.

Table 5.4 RMS of ATE comparison (‘Bicocca-2009-02-25b’) [unit: mm]

Segments f2f f2k(short) f2k(long) f2d

1st segment 1436 1091 29821 1080

2nd segment 3022 3578 23240 263

3rd segment 2022 565 11754 394

4th segment 4560 3254 46905 1287

5th segment 2544 1928 28026 788
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Figure 5.21 Odometry estimation result of frame-to-frame and frame-to-

keyframe(short) methods with 5th segment of the Bicocca benchmark dataset:

(a) Result of the frame-to-frame method; (b) Result of the frame-to-

keyframe(short) method.
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Figure 5.22 Odometry estimation result of frame-to-keyframe(long) and the

proposed frame-to-dynamic keyframe methods with 5th segment of the Bic-

occa benchmark dataset: (a) Result of the frame-to-keyframe(long) method;

(b) Result of the frame-to-dynamic keyframe method.
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Table 5.5 Avg. computation time (‘Bicocca-2009-02-25b’) [unit: seconds]

Dataset f2f f2k(short) f2k(long) f2d

1st segment 0.031 0.076 0.088 0.064

2nd segment 0.029 0.070 0.093 0.071

3rd segment 0.028 0.058 0.077 0.072

4th segment 0.024 0.045 0.078 0.076

5th segment 0.024 0.056 0.079 0.080

From the above odometry estimation results, it can be verified that the

proposed f2d method has shown the least errors for all the five segments com-

pared with the previous f2f and f2k methods. The average computation time

is shown in Table 5.5. Of course, the f2f method has shown the fastest perfor-

mance among four methods since only the registration algorithm is performed

between two sequential scan data. The other three methods took more compu-

tation time to select keyframes as well as to perform the registration. Overall,

the f2k(long) method requires a longer computation time than the f2k(short)

method because f2k(long) can not converge and fails in the registration due to

too long keyframe update interval. The proposed f2d method shows similar or

slightly longer average computation time compared with the f2k(short) meth-

ods. To summarize, the f2k(long) method has shown the worst errors for all

five segments and the proposed f2d method has contributed reducing the error

accumulation.
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5.5.2 Real World Dataset

Additional experiments are conducted at the 3rd floor of Automation and Sys-

tems Research Institute (ASRI), Seoul National University as described in Fig.

5.23. This is a challenging environment with occlusions caused by two pillars,

various entrance exhibits, and glass walls which are vulnerable to the laser sen-

sor because of distinct reflectivity. Three different real world scan dataset which

Figure 5.23 Experimental environments: The 3rd floor of Automation and Sys-

tems Research Institute (ASRI) at Seoul National University.
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has different robot path were used to evaluate the performance of the proposed

odometry estimation method. Each dataset is named as ASRI No. 1 (which has

no loop closure), ASRI No. 2 (which has single loop closing site) and ASRI No.

3 (which has five loop closing sites). The robot path of each dataset is depicted

in Fig. 5.24. In this figure, the starting position is denoted by black colored

Starting 
position

Ending 
position

Starting 
position

Ending 
position

Starting 
position Ending 

position

(a)

(b) (c)

ASRI No. 1

ASRI No. 2 ASRI No. 3

Figure 5.24 Robot paths of three different ASRI datasets: (a) Path without

loop closure (ASRI No. 1); (b) Path with single loop closure (ASRI No. 2); (c)

Path with five loop closures (ASRI No. 3).
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Table 5.6 Specification of the ASRI datasets

Dataset Travel distance [m] Scans Loops

ASRI No. 1 8.70 883 0

ASRI No. 2 27.14 1484 1

ASRI No. 3 56.72 3226 5

‘×’ symbol and the goal position is denoted by red ‘×’ symbol. The movements

of the robot are presented by arrows with the numbering. The first dataset

ASRI No. 1 has no loop closures and the second and the third datasets, ASRI

No. 2, ASRI No. 3, have single loop closure and five loop closures respectively.

The dataset from ASRI No. 1 to ASRI No. 3 have traveled 8.70m, 27.14m, and

56.72m respectively. The details of each dataset is described in Table 5.6.

In this subsection, these three datasets were used to show the results of

the odometry estimation using the f2f, f2k(short), f2k(long) and the proposed

f2d methods. The two dataset ASRI No. 2 and ASRI No. 3, which include

loop closures, were also used to show the results of the graph-based SLAM by

applying pose graph optimization in Section 5.6.

Fig. 5.25 and 5.26 show the odometry estimation result of the conventional

f2f, f2k(short), f2k(long) methods and the proposed f2d method using the ASRI

No. 1 dataset. Here, the blue points represent the wheel odometry trajectories

and the red points represent the odometry estimation results using the laser

scan data. The black points are laser scan data which are plotted at the es-

timated robot poses. As can be seen from Fig. 5.25 (a), Fig. 5.25 (b) and

Fig. 5.26 (b), three results, f2f, f2k(short) and the proposed f2d, were almost

83



(a)

(b)

Frame-to-frame

Frame-to-keyframe(short)

 start end

 start end

Wheel 
odometry

Laser 
odometry

Wheel 
odometry

Laser 
odometry

Figure 5.25 Odometry estimation result of frame-to-frame and frame-to-

keyframe(short) methods with SNU ASRI No. 1 real world dataset: (a) Re-

sult of the frame-to-frame method; (b) Result of the frame-to-keyframe(short)

method.
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Figure 5.26 Odometry estimation result of frame-to-keyframe(long) and the

proposed frame-to-dynamic keyframe methods with SNU ASRI No. 1 real world

dataset: (a) Result of the frame-to-keyframe(long) method; (b) Result of the

frame-to-dynamic keyframe method.
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similar because the travel distance was relatively small compared with other

two dataset so that the accumulated errors do not show large values. On the

other hand, the odometry estimation result was totally failed for the f2k(long)

method. Keyframe method is usually known as to reduce the error accumula-

tion. However, in this case, the result of the f2k(long) was totally failed because

of too long keyframe update intervals (500mm of translational displacement or

15◦ of angular displacement). Also, the results of the odometry estimation are

shown in Fig. 5.27 and 5.28 for the case of ASRI No. 2 dataset which has single

loop closing site around the initial position. The travel distance was approxi-

mately 3-times long compared with the ASRI No. 1 dataset. As can be verified

from the Fig. 5.27 and Fig. 5.28, the results were obviously different. Similar

to the case of the ASRI No. 1 dataset, f2k(long) method has completely failed

because the keyframe is updated every pre-defined, fixed and too long interval

of translational distance or rotational angle as depicted in Fig. 5.28 (a). Since

the errors were accumulated continuously over times, the proposed f2d method

has shown high quality result compared with the most näıve f2f and the two

kinds of the f2k methods as described in Fig. 5.27 and Fig. 5.28. As can be seen

from Fig. 5.28 (b), the final estimated pose of f2d method is already well closed

with the initial robot pose even without the optimization process. The result

of the third dataset ASRI No. 3 which has five loop closing sites is presented in

Fig. 5.29 and Fig. 5.30. Also in this case, the f2k(long) method has presented

result of failure as in Fig. 30 (a) because of the fixed keyframe update intervals.

The proposed f2d method enhanced the graph quality compared with f2f and

f2k(short) methods. Each result is shown in Fig. 5.30(b), Fig. 5.29 (a) and
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Figure 5.27 Odometry estimation result of frame-to-frame and frame-to-

keyframe(short) methods with SNU ASRI No. 2 real world dataset: (a) Re-

sult of the frame-to-frame method; (b) Result of the frame-to-keyframe(short)

method.

87



Frame-to-keyframe(long)

Dynamic keyframe

(a)

(b)

 start

end

 start
end

Wheel 
odometry

Laser 
odometry

Wheel 
odometry

Laser 
odometry

Figure 5.28 Odometry estimation result of frame-to-keyframe(long) and the

proposed frame-to-dynamic keyframe methods with SNU ASRI No. 2 real world

dataset: (a) Result of the frame-to-keyframe(long) method; (b) Result of the

frame-to-dynamic keyframe method.
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Figure 5.29 Odometry estimation result of frame-to-frame and frame-to-

keyframe(short) methods with SNU ASRI No. 3 real world dataset: (a) Re-

sult of the frame-to-frame method; (b) Result of the frame-to-keyframe(short)

method.
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Figure 5.30 Odometry estimation result of frame-to-keyframe(long) and the

proposed frame-to-dynamic keyframe methods with SNU ASRI No. 3 real world

dataset: (a) Result of the frame-to-keyframe(long) method; (b) Result of the

frame-to-dynamic keyframe method.
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Fig. 5.29 (b), respectively.

Finally, the performance was evaluated by measuring the error between the

estimated poses and the near-ground truth poses. Since the real world data is

almost impossible to obtain the ground truth data, the corner poses of the robot

paths are surveyed and used as the near-ground truth data. The error and the

average computation time for the above experiment results of the odometry

estimation are presented in Table 5.7 and Table 5.8, respectively. From the

above odometry estimation results, it can be verified that the proposed f2d

method has shown the least errors for all the three datasets with slight longer

average computation time compared with the previous f2f and f2k methods.

Table 5.7 Error comparison of the odometry estimation [unit: mm]

Dataset f2f f2k(short) f2k(long) f2d

ASRI No. 1 503 443 3329 404

ASRI No. 2 380 376 7523 211

ASRI No. 3 436 715 8225 369

Table 5.8 Avg. computation time of the odometry estimation [unit: seconds]

Dataset f2f f2k(short) f2k(long) f2d

ASRI No. 1 0.030 0.036 0.047 0.040

ASRI No. 2 0.030 0.040 0.044 0.046

ASRI No. 3 0.030 0.036 0.043 0.043
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5.6 Experiment Results of the Graph SLAM

This section shows the results of the graph-based SLAM with the proposed

pose graph construction method. To perform the graph-based SLAM, the graph

should be constructed by defining the constraints between robot poses. This dis-

sertation have dealt with the pose graph construction method. The odometry

estimation and loop closure detection is based on the laser scan similarity com-

putation method. In addition, the information or the covariance matrices which

describe the uncertainty are required for each constraint to perform the graph

optimization. The covariance matrix of the registration algorithm is computed

by using the Hessian method [35] and the constructed pose graph is optimized

by using g2o [11]. Two dataset ASRI No. 2 and ASRI No. 3 which have loop

closures at least one time are used. The trajectories of the results are depicted

in Fig. 5.31 and Fig. 5.32, respectively. In the above Fig. 5.31 and Fig. 5.32,

near-ground truth is represented by green ‘×’ symbol. The wheel odometry

trajectories are plotted by orange dotted lines and the results of the trajecto-

ries with the proposed odometry estimation method are plotted by blue dashed

lines. The red solid lines show the trajectories of the graph-based SLAM results

after the optimization. For each dataset, three trajectories which are generated

by wheel odometry, f2d odometry and f2d odometry with graph optimization

are compared with the near-ground truth and their errors are described in Ta-

ble 5.9. The errors are computed by averaging all Euclidean distances between

near-ground truth positions and their corresponding position estimates. As

can be verified from Table 5.9, the errors are decreased after the optimization
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Figure 5.31 Graph SLAM result with ASRI No. 2 real world dataset and floor

plan of the the environment. Green‘×’ symbol means the near-ground truth of

the corner points in the robot trajectory. Blue dashed line and red solid line

mean the estimated robot trajectory before and after the graph optimization

respectively.
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Figure 5.32 Graph SLAM result with ASRI No. 3 real world dataset and floor

plan of the the environment. Green‘×’ symbol means the near-ground truth of

the corner points in the robot trajectory. Blue dashed line and red solid line

mean the estimated robot trajectory before and after the graph optimization

respectively.
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Table 5.9 Errors of the graph SLAM using the proposed method [unit: mm]

Dataset Wheel odometry f2d odometry
f2d odometry

with g2o

ASRI No. 2 1057 211 182

ASRI No. 3 929 369 237

Table 5.10 Avg. computation time of the front-end and back-end [unit: seconds]

Dataset Front-end Back-end

ASRI No. 2 0.127 0.58

ASRI No. 3 0.257 0.60

compared with the results before the optimization. In addition, the average

computation times are presented in Table 5.10.

5.7 Discussion

Through the simulations, the results of the odometry estimation were shown

varying the measurement noise. The proposed odometry estimation method

f2d has outperformed the previous f2f and f2k methods. From the simulation

result, the effect was better when the sensor noise was larger since the larger

noise causes more drift for each registration process. In addition, the loop clo-

sure detection was performed by exploiting the proposed laser scan similarity

computation method through the simulation.

In the experiments, the results of the odometry estimation were shown by

using the benchmark dataset, and the real world dataset with different robot
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trajectories. The proposed f2d method has shown more accurate results com-

pared with the results of previous f2f and f2k methods with similar or slight

longer average computation time. Additionally, the results of the graph-based

SLAM were shown by applying the proposed pose graph construction method

and loop closure detection method. The entire graph is optimized utilizing the

g2o algorithm.

In the simulations and experiments, the proposed dynamic keyframe se-

lection method has enhanced the odometry estimation results considering the

geometric similarity between scan data. From the results, it can be verified that

construction of the pose graph with high quality is one of the important part

to attain accurate graph-based SLAM result.

5.8 Summary

This chapter has delineated the results of the simulations and experiments

including implementation setups and useful techniques for implementation.

In Section 5.1, the implementation setups such as software and hardware

platform are introduced. Some useful techniques which can improve the perfor-

mance of the registration accuracy are described in Section 5.2. The trimming

technique can remove the outlier corresponding point set and the GSS can es-

timate the initial alignment between the two scan data before the registration

process.

In Section 5.3 and Section 5.4, the simulation results of the odometry esti-

mation and loop closure detection are presented. In Section 5.5, the experiment
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results of the odometry estimation has shown using the benchmark dataset and

the real world dataset. In addition, the results of the graph SLAM are shown

applying the graph optimization in Section 5.6. Finally, discussion is made re-

garding the results of the simulation and experiment in Section 5.6.
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Chapter 6

Conclusion

This dissertation has proposed a novel pose graph construction method for

graph-based SLAM approach. First, the laser scan descriptor which can rep-

resent the geometrical structure of the scan data compactly was proposed and

the similarity computation method was suggested. Next, dynamic keyframe se-

lection method was suggested to reduce the error accumulation which occurs

during the registration process in the pose graph.

In the preliminary, two subjects have been introduced. The first one is re-

garding the scan registration. In this part, the general registration problem is

stated and its definition is shown. In addition, several widely known scan reg-

istration algorithms, such as ICP relevant, NDT relevant and etc., have been

described, especially the most popular standard ICP and the generalized-ICP

algorithms were stated more detail. Also, various uncertainty quantification

method which is demanded for the graph-based SLAM has shown. Next, the
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graph-based SLAM which is composed of front-end and back-end has been in-

troduced briefly. The back-end optimization problem was defined and also its

solution was presented with Taylor expansion.

The scan similarity computation method has been proposed by using the

laser scan descriptor in Chapter 3. The laser scan descriptor was defined so as

it could represent the scan data compactly. Each element of the descriptor was

computed with least square sum of the error using the nearest bearing neighbor

set by fitting the line, thus it showed large value around the corner or complex

environment. The similarity between two scan descriptor is computed by using

the PCC which could range from −1 to 1, mathematically.

Next, dynamic keyframe selection method has been proposed to enhance

the graph construction quality in Chapter 4. The pose estimation error grows

continuously as times go on during the odometry estimation process since the

scan alignment shows small errors even in case of successful registration result.

Therefore, the reference scan was selected using the scan similarity between two

scan data to alleviate the error accumulation phenomenon. Additionally, loop

closure detection method was shown by exploiting the proposed scan similarity

computation method.

To verify the performance of the proposed dynamic keyframe selection

odometry estimation method, simulations were conducted by using artificially

generated scan data which have the ground truth information. The performance

was analyzed varying the noise of the range sensor measurements and com-

pared with the conventional frame-to-frame and frame-to-keyframe methods.

The loop closure detection simulation was also performed and the similarity
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matrix was shown using the artificial data. Finally, the real world experiments

were performed with various robot paths. The the proposed odometry estima-

tion method is compared with the conventional methods and the results have

shown that the proposed method outperforms the other methods. Also, the

results of the graph-based SLAM were shown by detecting loop closure, ex-

ploiting the scan similarity computation method, when the robot path overlays

with previously visited path.
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초록

로봇이 미지의 목적 환경내를 탐사하거나 사람이 접근할 수 없는 재해 현장에서의

인명구조 같은 임무를 자율적으로 수행하기 위해서는 주변 환경 정보를 알아야

한다. 이러한 환경 인지 과정은 로봇이 자신이 속한 주변 환경에 대한 지도를 작성

함과 동시에 지도 내에서 자신의 위치를 추정하는 ‘위치 추정 및 지도 작성 기술’

이다. 로봇 학계에서 ’위치 추정 및 지도 작성 기술’은 자율적인 로봇 행동을 위해

필요한 핵심 기술 중 하나로 알려졌고 지난 20년이 넘는 기간 동안 많은 연구가

진행되어 왔다. 이는 여전히 활발하게 연구가 진행 중이며, 아직 향상시켜야 할

많은 문제점이 있다.

본 학위 논문에서는 레이저 스캔 정보 간 유사도를 이용해 그래프 기반의 로봇

위치 추정 및 지도 작성을 위한 포즈 그래프 생성 방법을 제안한다. 그래프 기반의

위치 추정 및 지도 작성 기술 중 레이저 센서를 이용한 그래프 작성 전처리 과정에

서 주로 스캔 매칭을 이용한 정합 알고리즘이 이용된다. 스캔 매칭을 이용한 정합

알고리즘들은다음과같은두가지특성을가진다.첫번째특성은두스캔간의중

첩 영역 또는 환경 구조의 기하적인 정보의 유사성에 따라 정합의 성공 혹은 실패

여부가 좌우된다는 것이다. 두 번째 특성은 두 스캔 간의 성공적인 정합이 이루어

지더라도 레이저 센서 정보의 비연속적인 특성과 센서 잡음으로 인해 매칭 오차가

발생한다는 것이다. 우선, 첫 번째 특성을 고려해 환경의 기하적인 정보를 나타낼

수 있는 레이저 스캔 분류기를 제안하고 스캔 간의 유사성을 계산하는 방법을 제

시한다. 또한, 두 번째 특성으로 인해 작성된 포즈 그래프에 오차가 점차 누적되게

되는데이러한오차누적문제를완화시키기위해기준스캔정보를선별하는동적
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키프레임 선별 기법을 제안한다. 추가적으로 제안된 레이저 스캔 분류기를 이용한

스캔 간 유사성 계산 기술을 활용해 루프 클로징을 검출하는 방법도 제시한다.

시뮬레이션을 통해 실제 환경을 모사한 가상 환경으로부터 추출한 실측 위

치 및 잡음 더한 센서 정보를 이용해 센서 잡음의 변화에 따른 주행거리 추정을

수행하고 기존에 많이 이용된 가장 일반적인 방법인 ‘프레임-프레임’ 정합 방법,

‘프레임-키프레임’ 정합 방법과 성능 비교 및 평가를 했다. 또한, 제안된 레이저 스

캔 분류기를 이용한 스캔 간 유사성 계산 기술을 활용해 가상 환경 내 루프 클로징

수행 결과를 보였다.

그리고 제안된 주행거리 추정 방법의 객관성을 보이기 위해 기준 데이터셋을

이용해 실험을 수행했으며, 추가적으로 실제 환경에의 적용 가능성을 검증하기

위해 실제 환경 내에서 다양한 경로로 이동하며 얻은 스캔 정보를 이용해 실험을

수행했다. 기준 데이터셋에서 제공한 실측 위치 및 측량을 통해 구한 근접 실측

위치를 이용해 기존의 ’프레임-프레임’ 정합 방법, ’프레임-키프레임’ 정합 방법과

성능 비교를 했다. 마지막으로 실제 환경 내에서 루프 클로징이 일어나는 경우에

대해 제안 된 포즈 그래프 생성 방법을 통해 그래프를 작성하고 이를 최적화 하는

알고리즘을 이용해 그래프 기반의 위치 추정 및 지도작성 기술 결과를 보였다.

주요어: 위치 추정 및 지도 작성 기술, 포즈 그래프, 주행거리 추정, 스캔 유사성,

동적 키프레임
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