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Abstract

With the development of automatic robot control and smartphone-based aug-

mented reality applications, methods for camera pose estimation from image

sequences taken by an RGB camera have attracted numerous attention re-

cently. To estimate the camera pose from an image sequence, it is necessary

to obtain the 3D structure of the environment and the 3D shape of the target

object in the image sequence. The method of estimating both the 3D struc-

ture and the camera pose simultaneously is called Simultaneous Localization

and Mapping (SLAM) and has been extensively studied recently. On the

other hand, it is known that more robust camera poses can be obtained by

using a previously obtained 3D structure.

This thesis proposes a method for improving the accuracy of camera

pose estimation by obtaining a 3D structure of the target in advance and

a novel method of visualization using the pre-measured 3D shape. First, a

robust estimation of the relative camera poses is proposed using a pre-built

3D structure of the environment. The proposed method describes a solution

to the problem of scale-mismatch in 3D space caused by online estimation of

camera trajectories on a pre-built 3D structure. Next, this thesis proposes

a novel method that focuses on extending visualization techniques by ap-

plying pre-measured 3D shapes to the estimation of relative camera poses.

The second method shows a method of superimposing physical quantity dis-

tributions acquired by a camera with different modalities on a 3D map of

the environment as estimated by a normal visible light camera. This allows

users to visualize the 3D structure of the temperature distribution. The

third method proposes a novel interactive visualization technique to present

assembly tutorials in 3D space from an RGB image sequence. This approach

utilizes connections between the parts and the relative pose from the camera

to a given 3D object.

In this manner, this thesis describes how to apply pre-measured data

to the estimated relative RGB camera poses in three different situations and
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uses the results to improve the accuracy of camera pose estimation and apply

them to visualization.
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Chapter 1

Introduction

1.1 Overview

Recently, many devices, such as robots, cars, and smartphones, have been

equipped with various devices, such as GPS, Lidar, and IMU in addition

to an RGB camera. There are many types of RGB cameras: stereo, wide-

angle, and fisheye cameras. By measuring the environment, these sensors can

be used to estimate the self-pose of devices. Estimating self-pose is useful

for efficient robot movement, applications such as augmented reality (AR),

and obstacle detection in the environment. However, the more sensors a

device has, the more expensive it becomes, thus the number of sensors and

the type of cameras vary depending on the cost. When considering sensors’

selection for applications, an RGB camera is among the preferred candidates

for selection. This is because they are mounted on many devices and provide

numerous pieces of information. Using only a monocular RGB camera not

1



Chapter 1. Introduction 2

Figure 1.1: Outline of this thesis. This represents the 3D space assumed
by this thesis. (a) performs the camera pose estimation on a pre-built 3D
map. In addition, (b) and (c) are the proposed visualization methods using
relative camera poses.

only reduces the cost and eliminates the need for sensor synchronization, but

it also reduces accuracy and limits what can be done.

Estimating the camera poses from an RGB image sequence requires

obtaining the 3D structure of the environment and the 3D shape of the

target object. Visual Odometry (VO) and visual Simultaneous Localization

and Mapping (vSLAM) [20, 16, 17, 51], which are methods for simultaneously

estimating the camera poses while measuring the 3D structure, are one of

these methods and have been studied extensively. These methods use only

a series of images for camera pose estimation to maintain real-time. On

the other hand, it is known that a more accurate estimation of camera pose
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can be achieved by combining a previously obtained 3D shape. Therefore,

this thesis proposes a method for improving the accuracy of camera pose

estimation by obtaining a 3D structure of the target in advance and a novel

method of visualization using the pre-measured 3D shape. In addition, this

thesis also solves the scale problem that arises when using pre-measured 3D

shapes to estimate the current camera pose.

Figure 1.1 represents the three main categories of using the relative

camera poses in this thesis. Using the obtained 3D shapes in advance, this

thesis proposes a method for improving the accuracy of camera pose estima-

tion and a novel method of information visualization. First, Figure 1.1(a)

describes a method to improve the accuracy of camera pose estimation using

the pre-built 3D structure of the environment. The relative poses from the

static environment to the camera are estimated here. This is described in

Chapter 2. While Figure 1.1(a) is concerned with improving the accuracy of

camera pose estimation, Figures 1.1(b) and 1.1(c) represent a novel method

focusing on extending the visualization technique by applying pre-measured

3D shapes to the relative camera pose. Chapter 3 describes a method of

superimposing physical quantity distributions acquired by cameras with dif-

ferent modalities on a 3D map of the environment as estimated by ordinary

visible light cameras. Consequently, the temperature distribution is visual-

ized on the RGB image using a 3D structure (Figure 1.1(b)). The relative

poses from the camera to the static environment are estimated here. Finally,

Figure 1.1(c) estimates the relative pose from the camera to a given 3D ob-
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ject. Using this approach, Chapter 4 proposes a new visualization method

to present instructions in 3D space from RGB image sequences. The rela-

tive poses from the camera to the dynamic objects are estimated here. In

this thesis, the moving objects excluding the camera and the fixed objects

are defined in the world coordinate system as dynamic and static objects,

respectively.

1.2 Thesis Outline

This thesis comprises the following chapters. In this thesis, since the relative

camera poses are required in all chapters, each chapter does not refer to the

poses of the original object.

Chapter 2 describes the trajectory estimation of the current RGB

camera in a pre-built 3D map. By estimating the camera pose in the pre-built

3D space, more robust poses can be estimated than ordinary VO and SLAM,

and the data registered in the 3D space can be obtained using the camera

position. In general, VO and SLAM are used to estimate the camera pose in

real-time from a continuous image sequence. However, when estimating the

camera pose using VO and SLAM, the scale of the estimated 3D structure

always differs because the estimated 3D space depends on the initialization

step size. Thus, the scale of the estimated space mismatches that of the pre-

built space. Therefore, this chapter proposes a method for estimating the

camera trajectory using VO under a 3D space (the global map) generated in
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advance using SfM. The proposed method re-estimates the camera poses on

the pre-built global map using the input frame of a VO with high similarity

to the images for the environment map. Based on the re-estimated camera

poses, the trajectory estimated by the VO is recomputed on the scale of

the global map. The proposed method shows that it is possible to estimate

camera trajectories using the VO on an environment map generated by a

priori observations and also shows that it is possible to estimate the camera

pose more robustly than ordinary VO and SLAM. The content of this chapter

is based primarily on [92].

Chapter 3 proposes a method to visualize different physical quan-

tity distributions on a 3D structure obtained from an RGB camera image

sequence using pre-measured positional relationships between cameras of dif-

ferent modalities. When calibrating the relative poses between cameras, the

length of one side of the calibration board can be used to obtain the real scale

of the relative poses between cameras. On the other hand, as mentioned ear-

lier, when only a monocular RGB camera is used for camera tracking, the

resulting camera poses do not correspond to the real-world scale because

they are relative. In general, when using cameras of the same modality, the

tracking scale can be fixed to the real world by initializing the tracking from

the distance images obtained by stereo matching between cameras. On the

other hand, when using cameras with different modalities, it is not possible to

relate the relative poses of the cameras to the obtained 3D space because it is

not possible to estimate the distance images by stereo matching. Therefore,
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this chapter proposes a method to solve this problem for RGB and thermal-

infrared cameras, and to superimpose the temperature distribution obtained

by a thermal-infrared camera on the 3D structure obtained by VO. Using

a group of images obtained from both RGB and thermal-infrared cameras,

depth images are generated by multi-baseline stereo with poses obtained from

the VO, respectively in advance. Temperature distribution can be superim-

posed on the 3D structure estimated from VO using the mutual information

of the obtained depth images. In this manner, this chapter shows a method

to visualize the temperature distribution superimposed on a 3D structure.

The content of this chapter is based primarily on [93].

Chapter 4 proposes a novel interactive visualization technique to

present assembly tutorials in 3D space from an RGB image sequence. This

approach utilizes connections between the assembly parts and the relative

pose from the camera to a given 3D object. This method enables inter-

active visualization by estimating the relative pose from the camera to an

object with a given 3D shape. As an example of visualization using such a

given object pose, this chapter proposes a method to visualize the assembly

instructions of an object in 3D space. These assembly instructions are usu-

ally written in a manual or with instructional videos uploaded to YouTube.

However, by estimating the relative poses of objects from the camera, such

tutorials can be visualized in 3D space and presented clearly. This chapter

proposes to generate 3D AR tutorials from 2D video input by estimating the

relative pose of the RGB camera to an object. The video input is analyzed



Chapter 1. Introduction 7

using a 3D model with an assembly graph. The usefulness of this method

was demonstrated by comparing the tutorials with videos. The content of

this chapter is based primarily on [91].

Finally, Chapter 5 provides conclusions of this thesis and some sug-

gestions for future work.



Chapter 2

Camera Trajectory Estimation
in Pre-built Global Map

2.1 Introduction

Real-time camera pose estimation is an essential function for AR systems in

registering 3D content to the scene. A scene size can vary from a desktop

to a city scale, and depending on the scale, the feasible hardware for camera

pose estimation also changes. Since outside-in tracking becomes impractical

in wide areas, AR systems with wide scalability rely on inside-out tracking.

Stand-alone inside-out tracking frameworks, such as VO and vSLAM,

use vision sensors, i.e., a camera, to achieve pixel-wise registration in the

user’s view. However, VO accumulates errors over time and drifts from the

original location. Although SLAM can mitigate this error by detecting re-

visits in a scene and attempting to cancel the accumulated errors, it suffers

from the drift before the loop close detection. This makes location-based

8
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Figure 2.1: Registering a locally growing VO. (a) to a globally optimized
scene map (b). Since both maps are in individual scales and individual
coordinate systems, the proposed method registers the VO to the scene map
by reducing such differences at run time (c). This allows the location-based
AR system using the VO to retrieve AR contents registered in the scene map.

AR error-prone, especially in wider areas, since the drifted position triggers

unrelated AR content.

Since VO and SLAM provide only temporal personalized scene track-

ing to AR, scene registered content can be created only at the runtime and

will be paused in the next trial. Therefore, to enable a consistent AR ex-

perience on a daily basis, AR developers need to register their content to

pre-built common-scene maps, and AR systems are required to match their

executing VO or SLAM to the scene map to access pre-built content. Con-

sequently, the scene map creation must be done in a stage earlier than the

user’s AR experience.

To satisfy these AR-specific needs, this chapter proposes a new cam-

era pose registration method using VO with a pre-built scene map. The

proposed method enables feeding a pre-built scene map to a VO. In this
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method, a locally running VO can refer to the preserved scene map’s in-

formation immediately after the execution. This means that this tracking

framework can bootstrap the VO within the scene map scale and update the

current camera pose with pose graph optimization without closing the VO’s

trajectory loop by itself. Figure 2.1 shows snapshots of a globally optimized

scene map (Figure 2.1(a)) and a locally growing VO map on different scales

(Figure 2.1(b)). The proposed method recalculates the scale difference of the

VO and the scene map on the fly and continues updating the VO map when

the scene map is available (Figure 2.1(c)). Contributions of the proposed

method are summarized as follows:

• A camera tracking framework that automatically registers the local

user’s VO map to a pre-built scene map relying only on a color camera.

With this, the user can receive AR content in the scene map within the

adjusted scale immediately after the method finds a matching between

the current undergoing VO map and the world map. Additionally, this

can mitigate drift errors that would be accumulated over time with

solely the VO.

• An approach to match the scale between the VO map and a scene map

to provide scale-consistent content in the AR space.

• The results of quantitative evaluations, demonstrating the superiority

and the limitations of the proposed method.

One can find several similar approaches that combine VO and a pre-
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built scene map [59, 65]. The major difference is that such approaches

rely on the inertial measurement unit (IMU), i.e., visual-inertial odometry

(VIO) [60], for stability and the absolute scale factor, whereas the proposed

method does not, i.e., VO receives only a video stream.

2.2 Related Works

Camera pose estimation methods for AR using a color camera are divided

into three major approaches: VO, SLAM, and pre-built map-based tracking.

VO and SLAM: VO [20, 16] is a camera tracker that gives pixel-wise content

registration in the AR view. As VO is designed to optimize the poses and

the map regarding several latest frames, it suffers from drift errors over time.

SLAM [17, 23, 51] is an alternative designed to reduce drift errors with a

global optimization process such as Bundle Adjustment (BA) and a loop

closure scheme [75].

Regardless of the global optimization process, both approaches use

temporally built maps to track the scene. The reason behind this is that VO

and SLAM provide different scale factors in every trial depending on how

the user moves the camera. This prevents AR applications from fetching

pre-built content. VIO is one of the choices used to overcome the scale

difference issue, as it provides a real-scale map. Several approaches [59, 65]

have already proposed such methods in the last few years. GPS can also be

a tool to obtain a real-scale map in SLAM [80]. In contrast to these sensor
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fusion approaches, only a monocular camera is relied on to minimize the

hardware required for AR systems in this method. To this end, this method

uses a pre-built map and estimates a scale from the locally running VO and

the pre-built scene map.

Pre-built Map-Based Tracking: Location-based AR applications must

have an interface to link the camera pose and the location to trigger location-

specific AR content. One popular approach to achieve this is to register the

camera within a preserved scene map to have access to the map-registered

content.

Landmark database-based approaches use maps built with Structure

from Motion (SfM) to estimate camera poses in the map by linking observed

feature points and those in the database map [74, 81, 37]. Thereby lacking

feature point matching results in the tracking failures. This approach uses

VO which keeps tracking the camera using its online local map. PTAMM

can relocalize the camera in multiple local maps distributed in a scene [12].

This approach is only applicable to room-scale scenes, where no loop closure

scheme is required, due to the limited scalability of the core SLAM method.

This method can scale from a desktop environment to a city-scale environ-

ment with the empowerment of the state-of-the-art VO.
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Figure 2.2: Method Overview.

2.3 Method

This chapter proposes a method capable of registering and refining a tra-

jectory of a locally running VO using a scene map optimized in advance,

potentially with higher accuracy than what näıve VO and SLAM can pro-

vide. To this end, this chapter proposes a framework that provides an SfM

scale in ongoing VO and proposes to match and optimize the VO trajectories

in an SfM-scale map.

2.3.1 Method Overview

Figure 2.1 shows an overview of the proposed method. Given a global map

of scene G that contains frame depth maps in the scale sSfM, poses, and Bags

of Words (BoW) database [22], a camera starts exploring the scene, and VO

estimates the trajectory in its own scale map sVO. When the framework

detects the best match of the incoming frame to a frame in G, it calculates

the corresponding pose in the SfM scale. Given a collection of such poses,
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the proposed method optimizes the current VO trajectory through graph

optimization. Although this approach best fits VO, VO could be replaced

with SLAM without losing generality. SLAM is a framework that includes

map optimization by itself, so VO is the minimum configuration for the

proposed method.

2.3.2 Global Scene Map Generation Using SfM

Given M images, a map G is constructed using SfM before actual VO track-

ing starts. As the maps generated by SfM [66] are known to be accurate

compared to the ones created by SLAM and VO due to their global opti-

mization nature, the global map G is not updated during VO tracking. On

the other hand, the VO map is optimized at runtime to match the map to

the stable global map. Such a global map comprises color frames ISfM, depth

maps at each frame DSfM, and associated frame poses T SfM. Hereafter, this

chapter denotes the ith(< M) color frame, depth frame, and their pose as

ISfM
i ∈ ISfM, DSfM

i ∈ DSfM, and TSfM
i ∈ T SfM, respectively. In addition, the

proposed method uses BoW with ORB features [63], F SfM
i ∈ FSfM, detected

at each frame Im to relate the frames in the global map ISfM with the frames

given to VO, i.e., the global map is defined as G ∈ {ISfM,DSfM, T SfM,FSfM}.

Note that Ti represents the 4× 4 pose matrix consisting of a 3× 3 rotation

matrix and a 3× 1 translation vector.
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2.3.3 Pose Estimation of VO on Global Map

As the baseline length at the initialization of a monocular VO is unknown

in most cases, such a VO estimates a camera trajectory and a corresponding

map in an arbitrary scale given at a bootstrapping stage based on the step

width [16]. Although a stereo VO [87] can use a calibrated baseline length

between the two cameras to obtain a scale, fitting the scale to that for a

global map is another issue, unless these scales are calibrated in the real

unit [60, 85]. Instead of bootstrapping VO from scratch, DSfM is used to feed

the scale of G, i.e., sSfM, to VO. Given a VO keyframe IKF ⊂ IVO and its

BoW vector FKF, a depth frame DSfM
i that has a frame index i is searched,

satisfying the following condition:

1− 1

2

∣∣∣∣ F SfM
i

|F SfM
i |

− FKF

|FKF|

∣∣∣∣ > tBoW, (2.1)

where tBoW is a user-given threshold.

If multiple frames are obtained, the top several frames are used in

the order of the highest score. Once such a frame index is found, 3D points

are calculated from the depth map DSfM
i . Detecting and matching feature

points in ISfM
i and IKF give their 2D–2D correspondences, and the unpro-

jected 3D points at such feature points in ISfM
i give 3D–2D correspondences

between ISfM
i and IKF. Solving the perspective-n-point (PnP) problem with

a RANSAC robust estimator gives the pose of the keyframe IKF, TKF, in

scale sSfM.
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Among the 2D points from which 2D–2D matching is obtained, the

points where the depth image DVO obtained from the VO has a value is used

to obtain the relative scale sVO→SfM of the VO and the global map G. When

VO uses the localization function, the same feature points obtained from

the global map and VO are used. However, this method matches the SIFT

feature points used for SfM with the point of direct reference to the pixel

value used for VO. The 3D point clouds created from SfM and VO cannot be

treated as the same points. Therefore, it is necessary to recalculate the pose

using such a matching-based depth image and scale correction to reduce the

drift error.

In the frames processed with matching, let T̂KF be the camera pose

obtained by solving the PnP problem and TKF be the camera pose estimated

by VO. With the depth value d estimated by the VO, the image coordinate

i = (u, v, 1)> of the VO can be expressed as tVO = dKVO−1
i for the corre-

sponding VO camera coordinate system. With this, the transformation to

the camera coordinate system of SfM can be expressed using the following

equation:

(
tSfM

1

)
' TSfM−1

T̂KFTKF−1
(

tVO

1

)
, (2.2)

where the third component of tSfM represents the depth of each pixel in the

SfM image coordinate system, which is denoted by dVO
p . Let be the depth

value obtained by SfM for the corresponding pixel and the relative scale can

be calculated using the following equation:
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sVO→SfM =
1

n

∑
p∈Ω

dSfM
p

dVO
p

, (2.3)

where p ∈ Ω represents a pixel p in the two-dimensional plane Ω of the image.

Here, the pixels p are only those pixels that have obtained 2D–2D matching

in solving the PnP problem and have a value of DVO. The total number of

pixels satisfying the condition is n. DVO is the depth image obtained by the

VO and is sparser than the one obtained by the depth sensor.

2.3.4 Keyframe Pose Refinement

In the keyframe matched with ISfM ∈ ISfM by BoW, solving the PnP problem

with 3D–2D enables the camera pose to be obtained in scale sSfM. Further-

more, sVO→SfM is used to convert from the camera pose of VO to the global

map for frames without a camera pose corresponding to the scale sSfM from

the 3D–2D correspondences. Frames that are corrected for poses are divided

into two groups: the frames from the current frame to the latest matching

frame with similar frames (active frames) and the frames before that (inactive

frames). The following equation is applied to the active frames to convert

them from the VO coordinate system to the corresponding global map coor-

dinate system. Note that j is the index of the frame to be transformed, and

i is the index of the frame for which matching is obtained.

TVO→SfM
j := sVO→SfMT̂KF

i TKF
i

−1
TVO

j , (2.4)
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where TVO→SfM represents the camera pose in the global map coordinate

system and TVO represents the camera pose in the VO coordinate system.

The depth value obtained in frame j is also corrected to the scale of the

global map by sVO→SfM.

In addition, graph optimization is used to correct the camera poses for

inactive frames. The graph structure is constructed by connecting adjacent

inactive frames. Consequently, an edge is constructed as ei,i−1, for the ith

keyframe, as follows:

ei,i−1 = ((TKF
i−1)−1TKF

i )((T̂KF
i−1)−1T̂KF

i ), (2.5)

where T̂KF
i represents the ith estimated pose from the PnP solver and TKF

i

represents the ith estimated pose from VO. The following pose graph is op-

timized using the g2o algorithm [38]:

F(x) =
∑
〈i〉∈N

eT
i,i−1Ωi,i−1ei,i−1, (2.6)

x∗ = arg min
x

F(x), (2.7)

where N is the last matched keyframe index, x∗ = (T′0, ...,T
′
N) is an array of

refined poses, and Ωi,i−1 is an information matrix. Equation (2.7) is optimized

with the Levenberg Marquardt algorithm. Note that the first keyframe pose,

i.e., T0, is fixed, whereas the other poses are not.
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Figure 2.3: Graph optimization. Graph optimization using an environ-
ment map (left) and a matching result (right).

2.4 Experiments

The proposed method was validated using the public datasets of two different

kinds, and the results were compared to those of state-of-the-art approach

Direct Sparse Odometry (DSO) [16]. Through the evaluations, it is demon-

strated how the proposed approach is capable of mitigating accumulative

drift errors in VO with the help of pose updates using a scene map.

2.4.1 Implementation

SfM is performed using COLMAP [66] to generate an environmental map G.

There are two ways to generate depth images of COLMAP: photometric and

geometric. This method uses the geometric depth image [67]. In addition,

ORB features were computed for each frame and created an image database

using DBoW3. In order to reduce the drift error against the camera pose

at the time of the shooting, the captured images were thinned out from the

consecutive image sequences by an amount of one out of every five images to

be inputted to COLMAP.



Chapter 2. Camera Trajectory Estimation 20

Figure 2.4: Registering a VO map. (a) to a scene map (b) in the KITTI
dataset sequence 05. (c) Both maps are matched regarding the coordinate
systems and the scales.

2.4.2 Datasets

The KITTI dataset is a large dataset of in-vehicle stereo cameras driving

through a city. Eleven image sequences are provided in the EuRoC MAV

dataset, including stereo images, IMU data, and ground truth of the camera

trajectory. The image sequences were taken in three different environments;

Machine Hall provides five different sequences, Vehicon Room 1 provides

three different sequences, and Vehicon Room 2 provides three different se-

quences.

2.4.3 Results of ATE with Sim(3)-alignment

The proposed method was validated by measuring the absolute trajectory

error (ATE) in the EuRoC MAV dataset. The ATE contains only VO
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Table 2.1: APE in the EuRoC dataset (RMSE)

Sequence Proposed Method DSO (Colmap)
VO\G MH01 MH02 MH03 MH04 MH05 – –
MH01 – 0.046 0.069 0.058 0.069 0.280 (0.031)
MH02 0.029 – 0.049 0.074 0.054 0.270 (0.017)
MH03 0.124 0.173 – 0.254 0.185 0.630 (0.036)
MH04 0.249 0.258 0.344 – 0.068 0.572 (0.049)
MH05 0.104 0.150 0.272 0.085 – 0.509 (0.045)
VO\G V101 V102 V103 – – – –
V101 – 0.148 0.200 – – 0.344 (0.141)
V102 0.080 – 0.094 – – 0.631 (0.049)
V103 0.830 1.242 – – – 1.009 (0.063)
VO\G V201 V202 V203 – – – –
V201 – 0.105 × – – 0.262 (0.030)
V202 0.142 – 0.052 – – 0.589 (0.025)
V203 × 1.544 – – – 1.611 (0.029)

keyframes since such keyframes are the optimized ones. Note that the re-

sultant trajectories were optimized with respect to the ground truth using

Sim(3)-alignment, i.e., Umeyama Alignment [79]. Table 2.1 shows the quan-

titative results of Machine Hall and Vehicon Rooms 1 and 2, respectively.

The cross marks in the tables show there were not enough matching points

between the input and global map frames and this method failed to boot-

strap. Figure 2.1 and Figure 2.4 show qualitative comparisons of a global

scene map, a VO map, and a registered VO map in the global scene map in

EuRoC Machine Hall and in KITTI sequence.

Instead of using the SfM results in Figure 2.5, the global map was gen-

erated from ground truth camera pose using GPS and depth images using

LIDAR. Figure 2.5(b) is a distance image created from LIDAR, and Fig-
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Figure 2.5: Registering a VO map in the global map generated by
LIDAR. (a) Output results for VO in the global maps created by LIDAR
in the KITTI dataset. (b) Depth image obtained from LIDAR. (c) Dense
depth image by filtering.

ure 2.5(c) was created by making it dense using a bilateral filter. The result

of the proposed method is shown in Figure 2.5(a).

Moreover, Figure 2.6 shows the results of alignment and scaling for

all five Machine Hall sequences using this method with MH01easy as the

environmental map.

2.4.4 Results of ATE Without Sim(3)-Alignment

One of the advantages of this approach is that it can fit the scale of VO

to the global scene map automatically. This section finally demonstrates

how the trajectory errors accumulate in näıve DSO and how this approach

can reduce the errors. VO, in the proposed framework, initializes the scale
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Figure 2.6: Result of all sequences in the EuRoC Machine Hall
dataset. Results of trajectory estimation using the same environment map
for all sequences of the EuRoC Machine Hall dataset

factor using an SfM depth map and updates it when the framework finds

matching between an observed frame and preserved frame in the scene map.

For fair comparisons, the näıve DSO is bootstrapped with the SfM depth

map but does not update the scale in the later frames. Figure 2.7 shows the

frame-by-frame differences in ATE of each tracking.

One interesting observation from Figure 2.7 is that the color gradients

of this approach show some spikes even though it achieves lower errors across

the frames. These spikes were observed as jumps right after the pose updates

when VO is pulled back to the global scene map every time VO matches one

of the global scene map frames. However, through this process, this approach

significantly reduces the number of accumulative errors of VO. This should

be troublesome for AR applications. For example, annotations registered in

the map will always shift in the AR view when the matching happens. Thus,
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Figure 2.7: The trajectory error accumulation. The error accumulation
with the proposed method and DSO in the KITTI dataset. ATE was calcu-
lated between the estimated poses and the ground truth poses at runtime.
While this approach can keep the ATE significantly lower than the näıve
DSO, some spikes occur before the pose update.

new pose update rules should be designed to change these system-oriented

pose updates to the user-oriented pose updates, to reduce the user’s mental

load.

2.5 Summary

This chapter proposed a method to register a locally running VO to an ex-

isting scene map. The proposed method refines upcoming camera poses by

referring to a prepared global scene map from SfM, and registers the esti-

mated VO trajectory to the scene map using pose graph optimization on the

fly. This approach enables the reuse of a pre-built map, which potentially

contains AR contents, to solve the scale ambiguity problem of VO and to

reduce accumulative errors of VO. The results using public datasets demon-
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strated that this approach could reduce the accumulative errors of VO.

Limitations

Since this method corrects the VO trajectories by referring to the measure-

ment results of the pre-built global map, the errors of the pre-built global

map propagate to the accuracy of the corrected VO trajectories. In other

words, the method assumes that the pre-built global map is accurate, and

therefore the method is not designed to compensate for errors in the pre-built

global map. Furthermore, it is assumed that the images that are inputted

to VO are relatively similar to the ones used to create the pre-built global

map in terms of the lighting environment and capturing angle. If the lighting

conditions differ, BoW-based similar image retrieval cannot produce accurate

results. In case the capturing angles differ, the matching process does not

provide enough corresponding points or may detect wrong correspondences,

which may cause errors.



Chapter 3

Pose Estimation between
Different Modality Cameras

3.1 Introduction

Thermal-infrared cameras measure infrared rays emitted from any object

and can use this ray information to estimate the object’s temperature. This

temperature, which cannot be retrieved from RGB cameras, is valuable infor-

mation that induces many applications in industrial domains and academic

research. Indeed, thermal-infrared cameras can be used to detect gas leaks,

fires, abnormalities in electronic apparatus, and so on. Most of these issues

are difficult to be detected by visible light; thus, thermal-infrared cameras

constitute a precious tool in these cases. However, thermal-infrared cameras

also have some drawbacks. In practice, the materials used to produce the

thermal-infrared camera lenses usually make their field of view narrow com-

pared to the standard RGB camera lenses. Moreover, textures perceptible

26
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in the visible spectral domain (i.e. captured by RGB cameras) are likely lost

in invisible light. Since the human eye deals with visible light, it is often dif-

ficult for humans to understand thermal-infrared images due to this texture

alteration.

These issues would be easily solved if it was possible to perfectly su-

perpose a thermal-infrared image with its corresponding RGB image. This

is feasible only if both RGB and thermal-infrared cameras share the same

optical center (i.e., the same position). Some specific cameras, such as the

one used in [94], can simultaneously capture RGB and thermal-infrared im-

ages. However, in standard situations, RGB and thermal-infrared images

are captured using different cameras. This chapter addresses the problem

of effectively associating thermal data with its corresponding RGB counter-

part for visualization purposes. Contributions of the proposed method are

summarized as follow:

• An accurate thermal-infrared camera calibration process.

• The overall process to superimpose thermal-infrared data on 3D recon-

struction from the RGB images, including the specific problem of find-

ing the unknown projective scale between RGB and thermal-infrared

cameras.
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3.2 Related Works

This chapter considers the situation where the acquisition device comprises

at least an RGB and a thermal-infrared camera. In a standard situation,

two or more cameras cannot share the same position. Thus, the matching of

these data requires some geometric computation.

A feasible way to proceed comprises adding a 3D sensor to the thermal-

infrared and RGB cameras to handle these geometric constraints. Borrmann

et al. [7] used a laser scanner and an RGB camera. Due to its heavyweight,

the laser scanner is attached to the RGB camera and mounted on a wheeled

robot. The robot moves around the scene and performs laser scans repeatedly

to generate a 3D RGB map. For each scan of the scene, the robot also

acquires the corresponding 3D thermal map. While this method performs

well, both the laser scanner and the robot are very expensive. Moreover,

the need for a wheeled robot prevents the acquisition process from being

conducted in scenes comprising stairs or other low-quality paths.

A cheaper alternative is to use an RGB-D sensor to generate a 3D

model of the scene. Vidas et al. [83] and Matsumoto et al. [45] mounted

a Kinect with a thermal-infrared camera on a hand-held stereo rig. They

obtained a 3D structure of the scene using KinectFusion [52]. Although this

method performs well in indoor situations, low-cost depth sensors, such as

Kinect, usually fail in outdoor environments where sunlight affects the depth

value acquisition [32, 3]. Moreover, the size of the acquired scene is usually
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limited to small areas using KinectFusion.

Ham et al. [26] computed the geometry of the scene using the SfM

technique [1] and superimposed the thermal information on the resulting 3D

structure. This system uses only an RGB camera and a thermal-infrared

camera, and thus handles both indoor and outdoor scenes. However, the

calculation cost of the 3D reconstruction from the SfM is significant. Indeed,

SfM combines all images of the considered sequence to match them, meaning

that the generated 3D point cloud is accurate; however, this process induces

a significant computational cost.

This chapter proposes a method combining an RGB camera with a

thermal-infrared camera. As discussed in [26], this setup does not include any

depth sensor and thus supports outdoor scenes. VO is used instead of an SfM

approach, therefore the calculation cost is lower than in [26]. Moreover, this

chapter proposes a robust calibration process for thermal-infrared cameras

and an accurate camera relative pose for a more efficient thermal to RGB

mapping.

3.3 Method

This chapter presents a method to generate RGB-T images (RGB plus Ther-

mal) by superimposing thermal information obtained from the thermal-infrared

camera onto the RGB images.

More specifically, the proposed system comprises four stages: first, an
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Figure 3.1: Overview of the proposed method.

RGB camera and a thermal-infrared camera are attached to a stereo rig and

calibrated using a common calibration board which can be simultaneously

detected from both cameras. Second, the RGB camera captures a set of

images of the scene with which a 3D structure of the environment is generated

at runtime. In the third step, the projective scale is estimated between the

3D structure and the calibration board using depth images generated from

both RGB and thermal-infrared camera sequences. Finally, the thermal map

and the RGB-T images are generated using the 3D structure computed from

the RGB images and the estimated scale. An overview of the whole process

is depicted in Figure 3.1.
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3.3.1 Camera Calibration

(1) Calibration Board Issues

Camera calibration is a well-known process for cameras. This process, which

usually requires point correspondences between images, has been widely stud-

ied for RGB images but appeared more challenging for thermal-infrared cam-

eras due to the lack of textures. Assuming that the calibration process is

performed using a calibration board, the thermal-infrared camera hardly de-

tects the calibration pattern. Indeed, a thermal-infrared camera measures

the temperature from the infrared rays emitted by objects. The locally emit-

ted infrared light intensity depends more on the object temperature than the

object color. Although it is true that black objects absorb and emit enor-

mous infrared energy than brighter objects, in practice, a thermal-infrared

camera cannot detect a checker pattern if the calibration board temperature

is uniform across the black and white parts.

A general way to make the board detectable by the thermal-infrared

camera is to heat the calibration board to make the re-emitted light signif-

icantly hotter than the intrinsic object temperature. Matsumoto et al. [45]

used a hairdryer to heat the calibration board, while Ham et al. and Wein-

mann et al. [88, 26] used a set of lamps. Some other methods proposed by

Prakash et al. and Saponaro et al. [57, 64] used a flood lamp to heat the

calibration board. However, Vidas et al. [82] suggested that the use of a flood

lamp is comparatively inaccurate.
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In this method, the calibration board was designed from a printed

chessboard pattern and the black plastic tape was placed on the black parts

of the board. Then, a freezer was used to cool the calibration board. Heating

the board with a lamp is also a good way to proceed; however, using a freezer

is more convenient in our case.

The resulting image obtained after heating or cooling still presents

some very blurred textures, as shown in Figure 3.2. This blur occurs be-

cause the board temperature quickly tends to diffuse from one cell to the

next. Thus, after the heating or cooling process, the measured temperature

gradually diffuses from a black part to a white one.

This blur is a serious issue for the calibration process not only for

accuracy, but also for any automatic chessboard detection. The proposed

method first estimates the camera lens distortion parameter using the plumb

line method. Next, an initial estimation of the checker pattern corners is per-

formed. These estimated points are significantly refined using a non-linear

process involving constraints such as cross-ratio and vanishing point consis-

tency. Note that the proposed method uses the pinhole camera model [28]

for both the RGB and thermal-infrared cameras.

(2) Distortion Correction

The camera lens distortion correction is performed only once per camera

unless the lenses are changed or manipulated (zoom or strong refocus). The

plumb line method described by Devernay and Faugeras [15] is used to correct
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Thermal Infrared Image RGB Image

Figure 3.2: Blur on the thermal-infrared camera image. The top row
shows images of a calibration board captured by both a thermal-infrared
camera and an RGB camera. At the bottom row, a zoomed corner on a
thermal-infrared image and an RGB image are compared. It is more difficult
to detect a thermal-infrared image than an RGB image because of the blur.

the lens distortion by making straight lines of the scene also straight in the

image. This method requires a set of points assumed to be aligned in the real

world. The proposed method manually extracts these points from building

images that contain good straight lines with strong thermal contrasts with

the sky. The method defined in [15] non-linearly computes the fine radial

distortion parameters such that the selected points become aligned. The

resulting images present an excellent correction, as depicted in Figure 3.3.

This radial distortion correction procedure is strongly required for the next

steps of the camera calibration process.
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Figure 3.3: Estimation of distortion parameter. (Left) A set of points
supposed to be aligned in the real scene and their least-square fitted line.
(Right) Corresponding undistorted image.

(3) Initial Detection for Corner Refinement

A calibration chessboard is easily detected using automatic tools provided by

OpenCV [8]. This tool automatically detects the corner of the chessboard and

is widely used to calibrate RGB cameras. However, for the thermal-infrared

camera, the inherent blur (Figure 3.2) drastically decreases the corner de-

tection accuracy. The corner detection is clearly inaccurate and messy for

thermal images. Since a good accuracy in camera calibration is required

for the thermal to RGB mapping, the next section describes a chessboard

detection refinement process.

(4) Corner Refinement Based on Line Intersection

This process starts from an undistorted image of the calibration chessboard

obtained from the earlier described process. Thus, every corner of the checker-



Chapter 3. Pose Estimation between Different Modality Cameras 35

Figure 3.4: Initial detection and refining the points. Refined corner
points should lie along straight lines in the left image. The center image
shows the refinement of the points. Blue points are the points detected by
OpenCV, red points are the refined points, and the right image shows the
lines drawn connecting the corners.

board pattern should be detected such that each point lying on the same row

(respectively column) should be aligned. The corner points are refined using

line intersection optimization inspired by the method proposed by De la Es-

calera and Armingol [13]. This method performs the least square fitting of

the lines from the “inaccurate” detected corners instead of using the Hough

transform on the image.

Naturally, these first estimated lines are inaccurate due to the blur

on the thermal-infrared images, see Figure 3.4 (left). However, they can be

considered an initial guess for the first step of this refinement process. These

lines are transformed to fit the neighboring maximum gradient of the image

intensity, computed only in the orthogonal direction of the lines. In other

words, the lines are transformed to lie in the middle of the blur between the

black and the white cells of the chessboard. Since the maximum gradient

point set may include outliers, the line fitting is performed with RANSAC



Chapter 3. Pose Estimation between Different Modality Cameras 36

line fitting. Finally, the corner points are estimated based on the intersection

between each row and column.

(5) Corner Refinement Based on Geometric Constraints

First, let P denote the set of corners initially detected on the calibration

board and refined in the previous section. The next step of the proposed

refinement involves a non-linear process. Indeed, the proposed method also

optimizes the corners’ position according to both the cross-ratio extracted

from each chessboard cell and the vanishing points of the chessboard rows

and columns, respectively.

Cross Ratio. Corner points are placed at constant intervals on the chess-

board and thus should satisfy some constraints of cross-ratio. The cross-

ratio is a perspective invariant defined in the invariance theory of cross-

ratio [95, 28]. If the points A, B, C, and D are collinear in space, the four

corresponding projected image points A′, B′, C ′, and D′ are also collinear.

The cross-ratio of two sets of any such consecutive four points from any

row (or column) of the chessboard are identical and satisfies the following

equation:

ρ̂ =
AC

CB
/
AD

DB
=
A′C ′

C ′B′
/
A′D′

D′B′
. (3.1)

In practice, it is possible to measure how the detected points satisfy this cross-

ratio constraint by a cost function Ccross(P) inspired by a method proposed
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by Ricolfe-Viala et al. [61]. This cross-ratio cost is equally divided into two

costs dedicated correspondingly to rows and columns constrains:

Ccross(P) = Crows
cross(P) + Ccols

cross(P),

where Crows
cross(P) and Ccols

cross(P) are computed in the same way. For brevity, let

us explain only the computation of Crows
cross(P). According to the cross-ratio

constraint, each four successive points of a row should lead to the theoretical

cross-ratio ρ̂ defined by any consecutive points on the chessboard. Let Qrows

be the set of all combinations of four consecutive points q = A,B,C,D of P ,

extracted only from the rows of the calibration board. The cross-ratio ρ(qi)

of each qi ∈ Qrows is defined as:

ρ(qi) =
AiCi

CiBi

/
AiDi

DiBi

.

Then, the cross-ratio cost function dedicated to the row points can be defined

as:

Crows
cross(P) =

1

card(Qrows)

∑
qi∈Qrows

(
1− ρ(qi)

ρ̂

)
. (3.2)

The same procedure holds for Qcols with:

Ccols
cross(P) =

1

card(Qcols)

∑
qi∈Qrows

(
1− ρ(qi)

ρ̂

)
. (3.3)

Vanishing Points. As for the cross-ratio cost function, the vanishing point

cost function is partitioned into two costs since a calibration board contains

two main vanishing points:

Cvanish(P) = Crows
vanish(P) + Ccols

vanish(P).
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Here, the chessboard row vanishing point is considered. The cost function

procedure starts with estimating the vanishing point (xv, yv) computed as the

least square intersection of all lines extending each row. Then, the vanishing

point cost Crows
vanish(P) is defined as the average distance from this vanishing

point to these lines. Since each of those lines should pass throw the vanishing

point, the average distance from the lines to the vanishing point should tend

to zero if the corner points are accurately positioned. More specifically, let

ri = (ai, bi, ci)
> be the Hessian form of the ist row and V the set of rows of

P , then the cost to minimize can be expressed as:

Cvanish(P) =
1

card(V)

∑
ri∈V

|aixv + biyv + ci|√
a2
i + b2

i

. (3.4)

The denominator transforms the line equations in their normalized Hessian

form. Moreover, note that this formulation is not used when the calibration

board is orthogonal to the principal ray of the camera since, in this situation,

the vanishing points would lie at infinity, which is incompatible with our

vanishing point scoring method. Figure 3.5 depicts both the cross-ratio and

the vanishing points’ constraints.

Data Fidelity Term. Using only the two first terms would lead to a set of

points perfectly aligned and with the perfect distances from one to the next,

but not necessarily consistent with the calibration board since the refined

points could freely move anywhere. Thus, to maintain a certain consistency

between the points and the calibration board, a data fidelity term Cdist(P)

is added. This cost simply defines the `2 distance d(xi, x̂i) from any original

point x̂i computed in the earlier process to its corresponding refined points
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A’
B’ C’

D’

DCBA

Figure 3.5: Constraints of cost function. The left figure describes the
cross-ratio constraint satisfied by Equation (3.1). The right figure shows the
vanishing point of the calibration board.

xi ∈ P :

Cdist(P) =
1

card(P)

∑
x∈P

d(xi, x̂i). (3.5)

Global Cost Function. The final cost function to optimize the chessboard

corner position estimation can be described as the weighted sum of the three

first cost functions:

C(P) = arg min
P

(
Cvanish(P) + αCcross(P) + βCdist(P)

)
, (3.6)

where α and β are given parameters. Once the corners are refined by mini-

mizing the weighted sum of Equation (3.6), these refined points are used to

calibrate the camera parameters using Zhang’s method [96].
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(6) Deciding the Weights α and β

The weights α and β of Equation (3.6) were decided experimentally. A vir-

tual chessboard comprising a set of points regularly arranged was generated

and transformed using a random but realistic perspective transformation

(homography). Then, Gaussian noise was added to these points. For a large

set of values for α and β, many noised virtual chessboards were generated

and this algorithm was run. The pair (α, β) that reconstructed the best the

original virtual chessboard was selected on average over all virtual noised

chessboards.

3.3.2 Relative Scale Between the Point Cloud

Any 3D models generated by a monocular RGB camera are built and defined

at an unknown scale. Since the thermal-infrared images are back-projected

on the 3D model obtained by DSO, this unknown scale should be estimated.

In practice, this scale is also the scale that relates to a depth map generated

from the RGB image to the corresponding depth map generated from the

thermal-infrared images. This chapter defines how to estimate the scale of

the DSO point cloud in the stereo rig coordinate system and how to back-

project the thermal-infrared images on this point cloud.

DSO divides frames into two types: keyframes for which a depth map

is computed, and the other frames just used to refine the depth map gener-

ated by the keyframes. These depth maps are used to superimpose thermal
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information on the 3D structure. For a given keyframe, the depth value of

each pixel x refers to a 3D point that can be projected on the infrared ther-

mal image on x′. This projected point x′ corresponds to a thermal value that

can be associated with the pixel x in the RGB image.

More precisely, let Irgb express an RGB image and Iir a thermal-

infrared image. The depth maps of DSO are sparse so that some pixels obtain

values and others do not. Image coordinates are denoted by x = (x, y, 1)>.

A general back-projection function [28] to convert the RGB image coordinate

to a 3D coordinate according to the depth d in the DSO depth map is given

by:

X(d) =

( (
KR

)−1
(dx−Kt)
1

)
. (3.7)

Considering that Prgb defines the coordinate system of the stereo rig, Prgb =

Krgb[Id|0] and Pir = Kir[Rir|tir], where [Rir|tir] is the relative pose between

the two cameras, usually with the arbitrary constraint ‖tir‖2 = 1. Since it

is a back projection from Prgb = Krgb[Id|0], the back-projection function

simplifies to :

P′rgb(x, d) =

(
dK−1

rgbx

1

)
, (3.8)

where Krgb is the intrinsic matrix of the RGB camera. Then, the following

equation is used to project the DSO depth map onto the thermal-infrared

image to read its thermal intensity value:

x′ = Mrgb irP
′
rgb(x, d), (3.9)
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𝑠′𝐭
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t : Default translation parameter
𝑠𝐭 ∶ Translation parameter multiply correct scale
𝑠′𝐭 ∶ Translation parameter multiply wrong scale

Figure 3.6: Variation of back-projection by different scales. The red
circle represents a 3D object of the scene with a certain arbitrary scale. The
translation t between the two cameras initially subject to ‖tir‖2 = 1 can be
scaled with the fine-scale factor s to fit the 3D reconstruction from the first
camera.

such that the pixels of the RGB image can be associated with the corre-

sponding pixels in the thermal-infrared image:

Irgb(x)↔ Iir(x
′). (3.10)

However, since the relative pose of the thermal-infrared camera in the RGB

camera coordinate system must be defined taking the scale into account, the

relative pose transformation Mrgb ir from Prgb at scale s is defined as follows:

Mrgb ir = Kir

[
Rir stir

]
. (3.11)

Here, tir is a translation vector corresponding to the position of the thermal-
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infrared camera in the stereo rig coordinate system. Since tir is defined at

an arbitrary scale (here ‖tir‖2 = 1), it can also be defined at any other scale

with the scale factor s. Moreover, the 3D structure and thus the depth values

provided by any monocular RGB SLAM are also defined at an unknown

scale; thus, the DSO point cloud cannot be projected to thermal-infrared

camera images unless a common scale factor can be determined between

the 3D structure and stereo rig coordinate systems. In this process, the 3D

structure scale factor can be fixed to its default value and the scale factor s

of the stereo rig that fits the best to the 3D structure is explored, as depicted

in Figure 3.6.

Figure 3.7 shows projection results from the DSO point cloud to

thermal-infrared images using different scales s in Equation (3.11), vary-

ing the parameter s. In this method, the scale of the point cloud generated

by a monocular RGB camera is estimated, and the point cloud is accurately

projected onto thermal-infrared images using the scale.

Thermal and RGB values have different modalities, and thus cannot

be compared directly. The proposed method compares RGB and thermal-

infrared images with depth values, since depth is a common modality. In this

method, a depth map is generated from both the RGB and thermal-infrared

images using a multi-view stereo (MVS) algorithm [54, 56]. A depth map

is generated using several images near focus frames and the trajectory of

the camera obtained from DSO. A patch for each pixel is generated, then

the score is obtained by comparing the patch and other frame patches using
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Figure 3.7: Result of back-projection to thermal-infrared images us-
ing different scales. The top left is a reference RGB camera image. The
other images are generated by back-projection of the DSO point cloud using
different scales. The bottom left image shows the accurate scale.

zero-mean normalized cross correlation (ZNCC). The depth value di of pixel

i is determined from all possible depth values D using the following equation:

di = arg min
d∈D

C(i, d). (3.12)

Equation (3.13) describes the score of the ZNCC where C expresses the

ZNCC score of the patch centered in pixel i with a certain depth value d.

C(i, d) = −
∑
j∈Ip

(
Ip(j)− Ip

) (
I ′p(j)− I ′p

)
σ(Ip) σ(I ′p)

. (3.13)
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Figure 3.8: Generating a depth map using a multi-view stereo
(MVS) algorithm. The top left shows a reference RGB camera image,
and the bottom left shows a reference thermal-infrared camera image. The
right images show the result of MVS using each image.

This score is calculated by comparing a square window Ip in depth image I

and a square window I ′p in depth image I ′. Ip(j) and I ′p(j) describe the

intensity value at pixel j. Finally, Ip and σ(Ip) refer to the mean and the

standard deviation of the window Ip. Figure 3.8 shows some results of depth

maps generated from both RGB and thermal-infrared images.

The depth map generated from the RGB image sequence is succes-

sively translated to thermal-infrared camera coordinates by Equation (3.11)

by iterating on t. The translated RGB depth map and the thermal-infrared

depth map are compared using the mutual information defined in [71, 84].
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This mutual information is often used to compare images of different modal-

ities. In this case, this modality variety can be expressed as the difference

in accuracy between the RGB and thermal camera depth map computation.

Indeed, thermal-infrared depth maps are always significantly worse than the

depth maps built from RGB images. The translation t leading to the best

depth map overlap defines the scale s. Equation (3.14) describes the mutual

information score:

MI(Irgb, Iir) = η
(
H(Irgb) +H(Iir)−H(Irgb, Iir)

)
. (3.14)

In Equation (3.14), Irgb is the patch converted by Equation (3.10) using given

scale s, and η describes the ratio of appearance of the RGB depth map on

the thermal-infrared camera coordinate after converting. H(I) describes the

appearance ratio of depth i on the depth image I, and H(I, I ′) describes the

two dimensional appearance ratio of depth i on the depth image I and depth

j on the depth image I ′:

H(I) = −
∑
i∈Ω

pI(i) log
(
pI(i)

)
, (3.15)

H(I, I ′) = −
∑
i∈Ω

∑
j∈Ω

pII′(i, j) log
(
pII′(i, j)

)
, (3.16)

where i, j ∈ Ω represents pixels i and j in the two-dimensional plane Ω of

the image. Figure 3.9 shows the variation of the mutual information scores

with different scales s. The green curve is the average score for each scale.

The optimal scale can be estimated uniquely as a global maximum from this
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Figure 3.9: Variation of the MI score with scale. The green curve is the
average score for each scale. Some samples are used to estimate the scale,
and the average of the score is obtained. The red vertical line is the place
where the score is maximum, and the blue vertical line is the ground truth
obtained by the experiment.

graph. This scale is a valuable information to correctly superimpose the

temperature data on the point cloud.

3.3.3 Generating RGB-T Image from the Point Cloud

At that stage, a point cloud computed by the RGB camera and the correct

scale between this point cloud and the stereo rig referential is obtained. Thus,

it is possible to project associating with each point an RGB value as well as

a thermal value.

In practice, the point cloud generated from DSO is sparse; thus, the
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Figure 3.10: RGB-T image. The left shows the result of overlaying a 2D
mesh on the image, and the right shows the result of generating an RGB-T
image.

thermal information may have to be interpolated, where the point cloud is

not dense enough. Thus, the 3D point cloud is first back-projected on the

targeted RGB image using the camera pose provided by DSO. Second, tri-

angle meshes are generated from the projected point cloud using Delaunay

triangle division [36, 40]. Then, each triangle vertex is back-projected on

the thermal image using Equation (3.9) to compute the right texture coor-

dinates of each triangle in the thermal image. The final rendering involves

superimposing the dense thermal textured mesh back-projected onto the cor-

responding RGB image. Figure 3.10 shows an example of an RGB-T image

built with this process.
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Figure 3.11: Camera rig. Left: thermal-infrared camera. Right: RGB
camera.

3.4 Experiment

3.4.1 Experimental Setups

In these experiments, a Flea3 in Point Grey monocular RGB camera and a

PI640 Optris thermal-infrared camera were mounted on a hand-held stereo

rig, as depicted in Figure 3.11.

3.4.2 Calibration Refinement

The calibration refinement process was evaluated as follows. At first, the

cameras were calibrated with the non-optimized chessboard corners detected

by OpenCV, then the reprojection error on each camera is computed; i.e. the

average distance from each detected corner in the image and the projected
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Table 3.1: Calibration RMS in pixel.

Initial Refined
Thermal 1.498 0.631
Stereo 1.235 0.759
RGB 0.172 -

corner with the projection matrix. Second, this process was repeated with

the refined chessboard corners. Table 3.1 shows these reprojection errors.

Although the reprojection error of the thermal camera is still not as accurate

as for the RGB camera, the calibration reprojection error of a thermal camera

is noticeably improved, roughly by a factor of two, in the reprojection error

of the thermal camera calibration.

3.4.3 Thermal Maps and RGB-T Images

The final RGB-T images are computed by superimposing thermal informa-

tion on the RGB-images. The thermal data are rendered with a color map

with red, green, and blue gradation, where red indicates high temperature

and blue indicates lower temperature. For this experiment, thermal maps

from both outdoor and indoor sequences were generated. Figure 3.12 shows

the resulting generated thermal maps.

In the outdoor sequence, the building equipment and the asphalt ex-

posed to the sunlight got a high temperature, and thus appeared in red. The

cars parked in the shadows of buildings had a lower temperature and were
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> 35℃< 17℃ > 35℃< 10℃

Figure 3.12: Thermal maps. Left: outdoor sequence generated by 1,330
pairs of RGB and thermal-infrared images. Right: indoor sequence with
1,264 pairs of RGB and thermal-infrared images.

rendered in blue. The indoor sequence shows the high temperature of the

displays in red and the low temperature of the beverage rendered in blue.

RGB-T images were also generated from various scenes. Fig. 3.13

shows the resulting RGB-T images and reference RGB images.

3.4.4 Evaluation of the Estimated Scale

This chapter describes the evaluation of our scale estimation method and

its accuracy. Figure 3.14 shows the environment used to evaluate the scale.

In this experiment, a calibration board of known length was reconstructed.

Using the scale estimated by this method, the estimated size of the calibration
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Figure 3.13: RGB-T images from various scenes. These images are
generated from three different sequences.

board was compared with the actual size.

First, a thermal map was reconstructed as usual, as shown on the left

of Figure 3.14, and then the calibration board was reconstructed in the right

part of the figure. Second, the point cloud was reprojected to the image

capturing the calibration board, and the points on the corners of each cell of

the calibration board were picked up. The points were very noisy, therefore

the outliers that were not on the plane of the calibration board were removed

by RANSAC, and an estimated length L̂ of each cell side was computed:
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Table 3.2: Mean and standard deviation of the relative error between the
estimated scale and the ground truth.

Average Standard deviation
Scene1 -0.1026 0.0048
Scene2 0.0719 0.0386

L̂ = s‖t‖. (3.17)

Next, the average length of the cell on the scale of the DSO point cloud

was estimated. Using Equation (3.17), the scale was converted to the actual

size. The mean relative error against the actual size L was calculated using

Equation (3.18):

ε =
L̂− L
L

. (3.18)

Considering the randomness of RANSAC, the process was repeated 100

times. Table 3.2 tabulates the mean and the standard deviation of the rela-

tive error. The indoor and outdoor scenes were evaluated in two sequences.

3.5 Summary

This chapter visualizes temperature more effectively by generating a thermal

map and RGB-T images using 3D structures obtained from DSO. Further-

more, the results of this method are demonstrated using indoor and outdoor
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Estimate the scale Evaluate the scale

Figure 3.14: Evaluation of the estimated scale. The reconstructed en-
vironment includes a calibration board. First, the scale of the point cloud
is estimated. Second, the estimated scale and the actual scale are compared
using the side of the calibration board.

scenes.

The proposed method, first, calibrates an RGB and a thermal-infrared

camera using a calibration board that can be detected by the thermal-infrared

camera. Then, temperature information is superimposed onto the generated

3D structure using the extrinsic parameter between both cameras. Since a

scale in 3D space is needed, this method uses the depth images obtained by

MVS to estimate the scale. Moreover, an RGB-T image is generated using

Delaunay triangulation to generate an RGB-T image that can superimpose

temperature on an RGB image that yields the insufficient number of 3D

points from the DSO to create a triangular mesh. Thermal maps and RGB-

T images can be generated using the proposed method.
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Limitations

If the distance between the light axes of the cameras is small, the method may

be unnecessary. For example, in the case of using cameras whose light axes

are even closer than those used in this experiment, the error in visualization

may not be a problem even without using this method. However, this method

can be effective when more accurate results are required or when results are

required for objects close to the camera. In this method, the camera is aligned

offline using the 3D structure obtained from the captured images. This is an

implementation limitation, and depending on the implementation, this part

could be done online.



Chapter 4

Object Pose Estimation toward
AR Applications

4.1 Introduction

In AR technology, recognizing each object and estimating the relative pose

from the camera to the object is as important as estimating the pose of

the camera in the environment. It is necessary to estimate the pose of an

object from a camera in a dynamic environment where the pose of each

object changes in the world coordinate system. By tracking the relative pose

from the camera to the dynamic object, it can be used to add AR effects

to dynamic objects and improve the accuracy of camera pose estimation in

dynamic environments. In this chapter, dynamic object tracking is applied

to assembly and disassembly procedures as one of the use cases of relative

pose estimation of objects in dynamic environments.

Traditionally, assembly and disassembly procedures are communicated

56
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using textual descriptions that are often combined with a series of images for

illustrating motions [46]. As complex manipulations are difficult to visualize

in a series of images, illustrations are often complemented with video instruc-

tions [48]. Such video tutorials are widely available on the Internet and an

abundant source of information.

Following video tutorials may be challenging, when the user’s current

viewpoint is not aligned with the one in the video [9]. Interactive 3D tutorials

utilize object tracking to overcome the issue of mismatching viewpoints [25]

by presenting 3D instructions that are aligned with the user’s current view

of the object. This enables users to perceive both the real-world object and

the associated instructions, from a single viewpoint. However, creating 3D

animations for this kind of interactive tutorial is often difficult and, thus,

quickly becomes time-consuming and expensive.

This chapter proposes a novel approach for retargeting assembly video

tutorials, which allows us to obtain a complete and detailed instructional 3D

tutorial that also encompasses small and occluded parts. The extracted

instructions are presented in an AR magic mirror setup [19], as shown in

Figure 4.1. The method of instruction extraction is based on the princi-

ple of assembly-by-disassembly [14], which is commonly used in assembly

planning [34]. Assembly-by-disassembly determines the assembly steps by

disassembling the object of interest and reverting the calculated sequence.

This method follows a similar approach and parses the input video in reverse,

starting with the completely assembled object and analyzing its disassembly.
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Figure 4.1: Video annotated assembly tutorial. The proposed system
converts an assembly video tutorial into a 3D animation of a video textured
3D model and annotates it with the corresponding video sequence. These
video labels provide missing details, such as tools and complex motions that
are required to perform the actions.

Therefore, by reverting the determined removal sequence, the actual assem-

bly steps which are used to generate the proposed instruction visualization

are retrieved. This simple but effective idea allows tracking the removal of

parts instead of having to detect the presence of new parts, which provides

significant benefits to object detection and tracking. A major advantage

is that direct observations are used in the input video for object tracking,

whereas previous approaches had to rely on object detection using synthetic

3D renderings [86].

The proposed approach extracts complete assembly instructions in-

cluding manipulations of visually undetectable parts by tracking the tar-

get objects and presents them as animated 3D instructions. The proposed
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method achieves this by combining 2D segmentation-based 3D object track-

ing with queries of an assembly graph [35] of the target object that encodes

blocking relationships between parts and allows us to identify small or oc-

cluded parts in the video. The presentation of 3D instructions is enhanced by

annotating the object with video sequences from the input video tutorial to

preserve details, such as complex assembly motions, tool usage or non-rigid

object deformations. To make interactive 3D AR tutorials widely available

to users, the proposed method also aims for a practical setup that uses com-

monly available hardware such as laptops and TVs for presenting assembly

instructions. In addition, a typical smartphone is utilized for tracking the

assembly pose, to align the viewpoint shown in the AR mirror with that of

the user.

The proposed method is the first to automatically generate compre-

hensible and complete 3D visualizations from video tutorials containing dif-

ficult to-detect parts and complex object manipulations. In summary, the

proposed method makes the following contributions:

• A novel approach for extracting complete 3D assembly instructions

from a video tutorial utilizing the 3D object tracking and the object’s

assembly graph.

• A novel visualization technique for assembly instructions combining

3D animations with video information to encompass all information

from input video tutorials. Video annotations provide information on

otherwise undetectable manipulations.
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Figure 4.2: Animating the 3D assembly model. (a) Given a 3D model
of the object of interest, (b) its assembly graph is constructed, (c) and ob-
ject parts which are large enough to be detected are identified. (d) After
detecting the removal of large parts, the blocking information is used in the
assembly graph to infer the removal of small parts, which cannot be detected
otherwise. The detected order of removal is used to generate a 3D animation
that encodes the removal actions as depicted in the video.

• A practical approach for an AR tutorial setup using commonly available

hardware by utilizing a smartphone for object tracking and a monitor

as an AR mirror.

• The completeness of the extraction and visualization approach by per-

forming a user study comparing against typical video tutorials.

This approach relies on model-based tracking of parts in a video frame.

Hence, it relies on video data of certain quality, e.g. with large enough depth

of field and little motion blur.
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4.2 Related Works

Due to their spatial anchoring, assembly instructions are ideally suited for

AR applications. In comparison to traditional media, AR systems have been

shown to reduce mental workload, improve task performance [76] and lo-

calization [30]. Users following AR instructions not only benefit from an

improved spatial understanding, but also from comprehensible instruction

visualization [33].

Advances in 3D pose estimation and tracking [58, 90] have opened up

new possibilities for scene understanding, and enabled the design of sophis-

ticated AR assembly tutorial systems. With this motivation in mind, this

method introduces an end-to-end approach to automatically generate AR

tutorials from input videos and apply them to real-world assembly applica-

tions.

AR assembly tutorials are traditionally realized using rule-based sys-

tems [18] and scripting languages [11, 39]. However, assembly instructions

can also be inferred from a 3D CAD model directly [47, 44, 2, 35], for instance,

by calculating blocking relationships and creating an assembly graph contain-

ing information about the assembly sequence of all parts. This method inte-

grates assembly graphs into the proposed system to support the extraction

of assembly sequences from input videos and to identify small or occluded

parts.

More recent approaches extract assembly instructions from existing
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sources, for instance, by analyzing written manuals [48, 69, 68] or video tu-

torials that demonstrate the procedure. Gupta et al. [25] investigated the

creation of assembly tutorials for Duplo blocks by allowing a user to demon-

strate assembly instructions via a semi-automatic authoring system. The

proposed approach is related to this category of demonstration-based au-

thoring and uses video tutorials as input. Using video as a source expands

the applicability of the proposed approach due to the wide availability of such

content in online platforms. In a recent work, Mohr et al. [49] presented a

similar system that extracts AR tutorials for tools with surface contact. Sim-

ilarly, the proposed method also extracts instructions from unmodified input

videos, but this section broadens the scope to support general instructions

for the assembly of complex objects.

This system has the goal to reduce extraneous cognitive load by auto-

matically creating effective assembly instructions from input videos. There-

fore, the design principles suggested by cognitive load theory (CLT) research

is adopted to create effective assembly instructions. Instructions are seg-

mented into steps, so that, in each step, only a single major part and its

fasteners are attached. Using segmented 3D animations allows users to fol-

low instructions at their own pace. Free viewpoint changes are allowed to

avoid occlusions, improve part visibility and enable users to align the view-

point of the 3D instructions with their own viewpoint. To improve realism,

inpainting techniques apply the texture of the input video to the CAD parts.

Additional details are provided by registering the original instructional videos
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in 3D. This method visualizes the video viewpoint relative to the 3D assem-

bly using a 3D view frustum indicating the view direction of the recorded

video. Such viewpoint visualizations support the spatial orientation of users

[77] and communicate viewpoint locations [72].

4.3 Method

4.3.1 Determining the Assembly Sequence

This section provides an overview of the system for generating a free-viewpoint

animation. Input to the proposed system is a video tutorial and a 3D model

of the object of interest (Figure 4.2 (a)). The 3D model must be structured

such that individually movable parts can be distinguished. The proposed

system animates each of the parts following the assembly procedure that is

demonstrated in the input video.

Step 1 - Computing the Assembly Graph. The assembly graph is used

to support the detection of the removal of assembly parts in the video. To

identify unblocked parts that can be removed, blocking relations are com-

puted between all parts of the 3D model. The blocking information is stored

in a directed acyclic assembly graph (Figure 4.2 (b)), which represents the

parts of the object as nodes, and blocking relations between parts as edges.

The assembly graph is computed using the approach presented by Kerbl et

al. [35], which detects blocking relations by analyzing the 3D.

Step 2 - Extracting the Assembly Sequence. The assembly sequence is
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computed from the input video by analyzing the video frames in reverse or-

der, thus, observing the disassembly of the object and detecting the removal

of object parts. Hence, inverting the observed disassembly sequence provides

us with the actual shown assembly sequence. For each disassembly step, the

assembly graph is used to identify all currently removable parts in the 3D

model (Figure 4.2 (c)). Then, the six degrees of freedom (6DOF) pose of the

object is computed in order to project all of its parts into the corresponding

video frame. These projections are used to generate a 2D footprint of each

part and to initialize a segmentation-based tracker. To detect a part’s re-

moval, the current removable parts are projected while tracking the assembly

and the probability of each part’s existence is calculated at the location of

its expected 2D footprint. Once a part has been removed, the probability in

the corresponding 2D footprint decreases significantly, providing a reliable

measure for removal detection. When a part is detected as deleted, add it

to the assembly sequence and remove it from the 3D model and assembly

graph.

This process iterates, until the assembly graph is empty. However,

since the proposed method relies on the 2D footprint based on projection,

only the presence of a sufficiently large, object part that provides a detectable

footprint can be monitored. Therefore, in each frame, the detectability of all

detachable parts is tested by first measuring the size of the 2D footprint in

image space. Undetectable parts are marked as potentially removed in the

assembly graph, so that blocked, but detectable parts become removable.
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Note that an undetectable part is added to the assembly sequence only after

the removal of a larger part that it blocks is detected.

Since multiple undetectable parts may block a single detectable part,

the correct removal order of the undetected part must be determined, as

shown in the video. Their removal order is inferred by segmenting the user’s

hands and tools from the video and analyzing the positions relative to as-

sembly parts, assuming they are removed sequentially using hands and tools.

Step 3 - Generating Step-by-Step Animations. Once a complete dis-

assembly sequence has been computed, visual instructions are generated to

communicate the assembly actions. Commonly used assembly visualizations

such as motion lines and 3D animations [53] are generated by translating

each part in the direction where no other parts block the removal. When

multiple directions are possible, this method follows the approach of Li et

al. [42] and selects the direction that allows the part to escape the assembly

bounding box the fastest (Figure 4.2 (d)).

(1) Model Registration

This approach is based on the registration and tracking of an existing 3D

model of the assembly in the video. This approach aims at a wide range

of assembly tutorials. Therefore, it focuses on common RGB video formats.

An image-based tracker [58] that tracks the 2D segmentation and the 6DOF

pose of a 3D object simultaneously is employed.
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Figure 4.3: Registration. (a) The assembly is registered to the last frame
of the input video. (b) This approach uses a segmentation of the object, (c)
and a neural network to derive the camera orientation from the segmentation.
(d) Using the estimated orientation the object of interest is rendered, and
subsequently detected its bounding rectangle. The bounding rectangle of
the segmentation is also computed in the input frame, and the distance of
the camera is derived from the ratio of the sizes of the rectangle. (e) The
resulting translation and rotation are employed to register the assembly.

Initially, using GrabCut [62], an object mask MN of the fully as-

sembled object O is generated at the last frame N of the input video IN

(Figure 4.3 (b)). Subsequently, the initial 6DOF pose of O is derived from

the mask MN . For pose estimation, a convolutional neural network (CNN) is

trained with renderings of O (Figure 4.3 (c)). In order to remove misleading

color information, both the training renderings and the runtime segmenta-

tion are converted to binary image masks. Note that this is similar to the

approach of Wu et al. [90]. However, in contrast to Wu et al., the translation

is estimated separately, using only the bounding rectangle of the mask MN .

The translation can be detected separately since it is possible to rely on the

very precise mask MN generated by GrabCut. Hence, the network is focused
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on the estimation of the rotation only, which significantly reduces the size

of the network and the amount of data required for training. This 3DOF

pose was trained with approximately 10% of the training data required for

state-of-the-art 6DOF pose estimation techniques [90].

Rotation. The training data of the network is generated by rendering the

object’s 3D model from various camera positions on its bounding sphere

(Figure 4.3 (c)). Each training image is cropped using the bounding rectangle

that encloses the rendering and subsequently resizes it to 224 × 224 pixels

to match the size of the CNN input structure. The separation of rotation

and translation allows us to set up a small network. The proposed network

consists of only five convolution-and-pooling layers with Rectified Linear Unit

(ReLU) activation and one fully connected layer. The first convolution layer

uses a 5 × 5 kernel, while other convolution layers use a 3 × 3 kernel size.

After every convolution, a max-pooling operation down-samples the image to

the half of its size. The loss function makes use of a standard mean squared

error in quaternion space.

Translation. For the full pose, the translation that aligns the segmented

object mask MN with the mask MR of the rendered object is calculated. MR

is generated by rendering O, using the estimated rotation RN and an initial

distance d from the center of O. An initial distance d is chosen so that the

rendering contains the entire object. Both masks represent the projection of

the object under the same rotation and thus show very similar shapes, while

differing in size. To align both masks, the ratio of the longest edges of both
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bounding rectangles is computed, and the translation is adjusted accordingly

(Figure 4.3 (d)).

Evaluation. This pose estimator requires only a small set of images for

training and generates results that are sufficiently accurate to initialize in-

cremental tracking. This is demonstrated on the LINEMOD dataset [31],

from which 10,000 images were used for training and 1,000 for testing. Ten

objects were used from the dataset. Symmetric objects that make the pro-

posed pose estimation ambiguous were excluded. The overlap of the ground

truth masks and estimated masks of a 3D model was measured. The over-

lap and the standard deviation were 81%(±12), which is substantially larger

than what has been reported for initializing image based pose tracking [58].

(2) Removable and Detectable Part Selection

After the 3D model of the object to the video is registered, monitoring its

removable parts is started. Removable parts are identified by searching the

assembly graph for nodes without outgoing edges. The resulting list con-

tains all parts that can potentially be removed from the assembly at the

current point in time. However, some parts contained in this list may not

be detectable in the camera view due to their small size in image space.

Therefore, the detectability of the parts is determined under observation by

computing their footprint in image space. Parts are removed from the list

which are too small to be detected (a part is considered too small if its

footprint is smaller than 25 × 25 pixels). Afterwards, the list of removable
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Figure 4.4: Tracking and removal detection. Masks are generated for a large
object used for tracking by configuring each tracker with all but the removable
part, in addition to the entire assembly. (a) The example shows the resulting
three trackers for two removable parts. (b) From the input frame, (c) the
probability of all tracker is computed and the one with the highest value
is used, i.e. the one without the removed part, for updating the camera
pose. (d) The camera pose is used to project removable parts (illustrated in
red), (e) and the probability of their existence in corresponding footprints is
computed.

parts is updated by searching for parts that have now become removable.

This process is repeated, until no footprint in the list of removable parts is

considered being too small. The size test of the part under consideration is

repeated and they are re-categorized when their detectability state changes.

The rest of this chapter discusses the tracking and detection of removable

parts that have a sufficiently large footprint. Smaller parts are inferred from

the removal detection of these larger trackable parts.
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(3) Tracking

After the assembly is registered and its initial 6DOF pose is determined,

the proposed system tracks the rigid 3D assembly using the approach of

Prisacariu and Reid [58]. The methodology is a probabilistic framework for

simultaneous region-based 2D segmentation and 2D-to-3D pose tracking us-

ing a known 3D model (here, a rigid 3D assembly). Given such a model,

the relative pose from the camera to the object is estimated by maximizing

the discrimination between the statistical foreground and background ap-

pearance models based on color histograms via direct optimization of the

3D pose parameters. However, since the observed object is disassembled in

a video tutorial, its 3D shape changes over time. This will eventually lead

to tracking failure. To improve tracking stability, the previously determined

removable parts list is used. Multiple trackers are employed, one for each

removable part, and the tracker is used with the highest confidence for up-

dating the pose of the entire assembly.

Since the stability of each tracker improves with the number of pix-

els covered by the observed object, the aim is to maximize the footprint of

the tracked parts. Therefore, the current assembly is tracked without a re-

movable part, instead of tracking a single removable part in isolation. This

approach is applied for each removable part of a frame, thus, running mul-

tiple object tracker instances in parallel, each ignoring a different removable

part (Figure 4.4 (a)). One of these trackers will not be affected by the re-

moval of a part, because the tracked assembly configuration matches the real
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configuration after the part has been removed, thereby improving its track-

ing stability. To further improve stability, this method copes with hands

occluding the assembly by performing hand and tool segmentation using the

approach of Li et al. [41] and excluding such pixels from the input frame of

the trackers.

Among all trackers, the one which is finally used for updating the

pose of the entire assembly is identified by comparing their confidence. The

confidence is derived from their energy terms, after pose optimization has

been completed for the current frame. This method follows the formulation of

the energy term by Prisacariu and Reid [58], which uses a level set embedding

of the pose, and the likelihood models Pf and Pb. The likelihood models use

color histograms, for calculating the probability of a pixel x to fall within the

foreground region f and the background b. Note that the smaller the energy

gets, the more confident the estimated pose becomes.

(4) Removal Detection

The removal of a part is inferred from the probability of its 2D projection

to cover the part in the video frame. Therefore, each removable part Ok

is projected to image space, using the current pose of the assembly, and

generates the footprints Ω(Ok) (Figure 4.4 (d)). To compensate for hand

occlusions, pixels from Ω(Ok) that intersect with the hand segmentation

Ω(H) are removed, i.e., Ω′(Ok) ≡ Ω(Ok) \ Ω(H). A frame for a part Ok

is skipped if more than n percent of the pixels in Ω(Ok) are occluded by



Chapter 4. AR Instruction 72

Figure 4.5: Sequence refinement. If multiple small parts block a large
part, their order of removal is unknown. To refine the removal order for such
parts, this method additionally searches for the user’s hands and tools in the
corresponding video sequence. (a) Scaled hand masks are used to compute
the overlap projection of small parts, and (b) the order of their removal is
inferred from the order in which the hands overlap the parts. This example
shows four screws that have been ordered based on the overlap of the hand
masks with the projected footprint of the screws.

the user’s hands. The probability P (Ok) is calculated over all pixels in a

footprint of a removable part (Equation (4.1)):

P (Ok) = 1/|Ω′(Ok)|
∑

x∈Ω′(Ok)

(Pf (x)− Pb(x)). (4.1)

It is considered a part to be removed, if its probability P (Ok) falls below

a threshold tremoved. To compute P (Ok) the current foreground likelihood

model Pf and background likelihood models Pb is needed for a pixel at x in
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the region Ω′(Ok). Since the likelihood models change over time, they are

kept updating for a tracker if its confidence value is higher than a thresh-

old ttrack. The results in this chapter were generated using ttrack = 0.70,

tremoved = 0.15, and n = 50. This current implementation processes input

videos at approximately 3 frames per second (fps) on a system using an Intel

Core i7-7700 CPU, 32 GB RAM and an NVIDIA GeForce GTX 1060 GPU.

Optimizations such as multi-threading can further improve the performance

of the multi-objects tracking and the removal detection.

(5) Sequence Refinement

After detecting the removal of a larger part Olarge, the smaller parts that may

have not been detected are searched for. Since only unblocked parts can be

removed from the assembly, it is assumed that any part that blocked Olarge

must have been removed before. Thus, the assembly graph is used to identify

all parts Osmall that block Olarge and that have not been removed yet.

Since multiple parts Osmall may block Olarge, the removal order of

all Osmall must be determined as shown in the video. This is derived from

analyzing the user’s hands movement and the tools they are using. It is

assumed that the user is removing a part using a tool or with their hands

directly. This allows the user to infer the removal sequence from the locations

of the user’s hands and tools relative to the parts of the object. The hand

and tool segmentation [41], and the footprint of all Osmall are computed in the

frames between the one where the removal of the current large part Olarge is
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detected and the one where the previous large part is detected. If no previous

part exist, it starts from the last frame of the input video.

The footprint of a part Osmall is computed by projecting its corre-

sponding 3D model into the video frame using the estimated camera pose.

Then, the overlap between a projected part and the hand and tools masks

is computed and is assumed that the user is removing the part Osmall with

the largest overlap. If two or more parts Osmall overlap with the same mask,

they are grouped and shown their instruction simultaneously, instead of con-

secutively. Figure 4.5 illustrates this approach.

4.3.2 Visualization

Generating virtual 3D animations from the input video allows us to create

free-viewpoint instruction visualizations. An interactive AR mirror is used to

align the user’s viewpoint of the physical object with the virtual 3D instruc-

tion view shown in the mirror. The proposed setup requires a monitor and

a 3D object tracker attached to the physical assembly to update the virtual

camera during user interaction. Instead of relying on 2D segmentation-based

3D object tracking that is typically error-prone, an additional tracking device

is used. Inspired by the approach of Mohr et al. [50], an off-the-shelf smart-

phone is employed, which this method attaches to the assembly to enable its

tracking (see Figure 4.6).
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(1) Texturing

To minimize cognitive load, the appearance of the 3D model is matched to

the one in the video by using pixel colors from the video and applying them

to the model texture. A texture atlas for each part is created and it is filled

by projecting the pixel from a video frame onto the object using the esti-

mated camera pose. Since the user’s hands often occlude the object during

the interaction, hand pixels are excluded before a frame is used. Video tu-

torials usually show the object of interest from multiple viewpoints. Since

the camera pose is tracked, video frames can be projected onto the 3D as-

sembly to fill the texture atlas. Only video frames where an object has been

identified are projected. Some parts may not be visible, in which case an

inpainting solution is additionally used to estimate missing pixel colors from

those within the texture atlas [5] (Figure 4.7 (a)).

(2) Video Label Extraction

A video label is a cropped video excerpt focusing on the interaction with a

part. The label is especially useful to communicate actions that are otherwise

challenging to visualize in a 3D animation, such as tool usage or non-rigid

object deformations. In such cases, the video label is able to present direct

visual explanations of interactions. In order to focus the content of the video

label, frames which do not show any actions are removed, and the remaining

frames are cropped to the area that shows the assembly part in addition to the

user’s hands and tools that have been used to manipulate it. In particular, the
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Figure 4.6: AR visualization. A common smartphone can be utilized
for tracking the object-of-interest, and widely available displays can also
be utilized as an AR mirror. In this example, the user follows a video-
annotated AR tutorial that has been generated from a video tutorial showing
the assembly of a motor on a laptop screen. The tutorial includes fastening
small screws and coiling of a wire. These operations are presented as video
annotations, as they cannot easily be extracted with current computer vision
techniques.

video is searched for hands and tools using the feature descriptor presented

by Li et al. [41] that is already used for sequence refinement. The result is

used to produce a pixel mask, which is referred to as the action mask and,

consequently, frames are removed where no action masks appear.

To focus on the content of a video label, the center cl and the radius rl

of the most important area are calculated. First, the contours of parts, hands,

and tools [73] are detected. When a tool and a hand, or two hands have been

detected, their masks are combined and treated as one. Subsequently, the
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minimal enclosing circles are computed on each contour. The centers of the

part and the hand regions are obtained as cp and ch, and the radii of the

circles, which enclose the masks as rp and rh, respectively. Finally, the video

label center cl and its radius rl are calculated using Equation (4.2) and (4.3).

To stabilize video label regions over time, rolling average filtering is used for

cl and the median of rl is computed throughout the video sequence. See

Figure 4.7 (b), (c) for an example. This current implementation calculates

video labels at approximately 37 fps (see above for PC details).

cl = (rl − rp)
ch − cp

||ch − cp||
+ cp, (4.2)

rl = (||ch − cp||+ rh + rp)/2. (4.3)

(3) Video Label Placement

Labels are visualized as annotations of the object of interest. They consist of

a circular representation of the video and a thin anchor line which connects

the video with the object.

Dynamic placement. Labels are initially placed on a plane in 3D space [78],

at the point where the corresponding video frame was captured from (Fig-

ure 4.8 (a)). However, as a 3D video label disappears when the user explores

the object from the side or the back, the video is presented on a 2D billboard,

which is placed on the bounding circle of the object, when the 3D label leaves

a predefined viewing cone (55°) (Figure 4.8 (b)).
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Figure 4.7: Texture filling and label extraction. (a) To visually align
the 3D animation with the video label, the texture of the 3D model is filled
by projecting video pixels from the tracked camera onto the object. (b) The
information is focused on video labels by cropping the input video to the
circle that encloses the user’s hand, tools, and the part that is assembled.
(c) The center and radii of the detected part (yellow) and hand-and-tool
(blue) are used to focus and stabilize the video label region (green).

Thus, depending on the current viewpoint, it automatically switches

between the 3D and the billboard placement. However, based on user feed-

back in a pilot study with three participants, the placement strategy is to be

updated. All users raised the issue of overlap of the video and the object,

when the virtual camera is aligned with the one in the video in the 3D presen-

tation. This eventually obstructs their view of the object. Even when videos

show more information than the 3D animation, all users mentioned they felt

insecure about the instruction when the 3D animation was not visible any-
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more. In addition, all of them commented on the distracting motion that is

introduced by the moving label. This is in line with the findings of Madsen

et al. [43], who study the impact of label motion on user performance. It

was initially wrongly assumed that the 3D placement would allow users to

anticipate the movement of the label and therefore not be distracted.

Static placement. To compensate for label motion and object occlusion,

the placement strategy was refined. The label was first placed in the corner of

the display (Figure 4.9) and disabled positional updates. In addition to video

labels, a 3D cone visualization and a 3D camera icon are presented, which

indicate the 3D camera pose and the field of view that was used for capturing

the video (Figure 4.8 (c) shows a screenshot that includes the camera icon

and the view cone).

While the static placement was well received in a second pilot with the

three users, the position was criticized as being too far away from the object.

The users reported that the distance made it difficult to look at both, the

3D animation and the video, simultaneously. Therefore, the static placement

was kept but the label center was moved to the point where the object’s up

vector intersects its scaled bounding circle. The proposed final placement

strategy avoids motion and occlusion, and the placement on the up vector

enforces alignment between the object and the label, therefore bringing the

whole content to the user’s view.
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Figure 4.8: Label placement. (a) The video is placed on a plane in 3D
space using the estimated pose of the video camera. In addition, a 3D cone
is rendered to indicate a predefined field of view and to connect the label
with the object. (b) A 3D label is displayed only when the virtual camera is
in the field of view. For all other camera positions, the center of the label is
projected to the scaled bounding circle of the object. This causes the label
to move on a circle around the object when the camera is outside the viewing
cone. (c) Based on user feedback, the placement strategy was refined. To
avoid label motion and occlusions, the label is placed on the object’s up
vector, at a fixed distance outside its bounding circle. It is placed close
enough to observe both, the 3D animation and the video. To indicate the
camera pose a 3D camera icon is added.

4.4 Experiment

The results of this approach were validated to automatically create step-by-

step AR instructions from an input video in a user study where participants

followed these instructions to assemble an object. The extracted AR instruc-

tions was compared to the baseline method of using traditional video tutorials
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to investigate if this approach generated a complete set of instructions from

the input video. The evaluation also allowed us to collect subjective feedback

regarding the usability and cognitive load of the system. This AR visualiza-

tion follows established guidelines for optimal instruction design and, thus,

uses step-by-step instructions, animations and free viewpoint changes to re-

duce a user’s cognitive load. Due to these design guidelines, it was expected

the AR condition to be superior to a video tutorial in a typical assembly

task.

Design. A within-subject study was designed with an independent variable

“instruction method” with two conditions: video and AR. The video con-

dition corresponded to a video tutorial without zoom effects or cuts. The

video showed the assembly from a viewpoint defined by the video’s author.

As is typical with current online video tutorials, the video did not automat-

ically pause playback between assembly steps. However, users could pause

the video at any time. In AR, users worked with the presented AR mirror

system. The system paused automatically at each segmented instructional

step, and users could manually forward by pressing a button on a keyboard.

Furthermore, users could freely change the viewpoint.

Task completion time (TCT) was measured, i.e., time to finish the as-

sembly, the total number of assembly errors, cognitive load as mental effort

using the commonly used rating scale of Paas [55], usability with the System

Usability Scale (SUS) [10], task load using the NASA TLX questionnaire

[27], and overall preference. If not indicated otherwise, numerical values in
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Figure 4.9: Apparatus. (a) In the study, a 50 inch screen was employed in
front of the user. (b) Exploded view of the assembly used in the study.

the text of this chapter are reported in the format “mean (sd).” For the pro-

posed study, 16 participants (2 female, X =27.8 (3.85) years) volunteered.

On a scale from one to five (best), the mean of self-rated AR experience was

3 (sd=1.03, median=3), and the mean of the handicraft work experience was

2.93 (sd=0.99, median=3). 6.25% of participants rated AR experience as 1,

31.5% as 2, 18.75% as 3, 43.75% as 4. Hence, the majority of those partici-

pants had at least intermediate AR experience. All the participants except

one had a computer science background. One participant had an engineering

background and self-rated AR experience of 3, thus, also experience with

AR.
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Apparatus. Video and AR conditions were displayed on a 50 inch screen.

The screen was located in front of the assembly area. Participants were

seated in front of the screen and followed the presented instructions. Users

had to assemble a car model with 34 parts attached to a wireless IMU for

tracking. In the video condition, they could interact with the video and

navigate between assembly steps in the AR condition using a computer mouse

and a keyboard with labeled buttons for video controls.Figure 4.9 shows the

apparatus.

Procedure. After filling out an informed consent form and demographics

questionnaire, the participants familiarized themselves with the system using

a trial assembly. To avoid learning effects, the object used in the trial task

was different from the one used in the main task. If they were familiar with

the interfaces of both methods, they started the task with one instructional

method. The participants were instructed to be fast and accurate. After

completing a condition, they filled in the mental effort, SUS, and NASA

TLX questionnaires and continued with the remaining instructional method.

After completing the final task, they filled out the preference questionnaire.

The starting order of the instruction method was counterbalanced.

After assembling half of the car model, the participants continued assembling

the car using the other instruction method. This procedure was followed,

because using the same toy car allows us to generate comparable quantitative

data between both instruction methods. In this study, both halves of the car

have been assembled using both methods an equal number of times in order
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to compensate for differences in assembly complexity. The overall mean of

these measurements is calculated for each instruction method.

Hypotheses. It was expected that the AR condition would outperform the

video condition with respect to TCT (H1) and the total number of errors

(H2) due to the design of the system that takes into account research from

instruction design and CLT. Consequently, it was also expected to see better

usability (SUS) (H3), less mental effort (H4), less task load (NASA TLX)

(H5) and overall preference (H6) for the AR condition.

Results. The data were evaluated using a significance level of 0.05. As

the data did not fulfill the normality requirements, it was analyzed using

Wilcoxon signed-rank tests; effect sizes are calculated as r = Z√
N

, as proposed

by Fritz et al. [21]. The analysis was performed using the statistics software

R.

Wilcoxon signed-rank tests revealed statistically significant differences

in mental effort (video 3.9 (1.9); AR 3.0 (1.0); Z=2.36, p<0.05, r=0.42), SUS

(video 70.5 (14.3); AR 86.3 (8.2); Z=2.9, p<0.01, r=0.51) and the factor

temporal demand of the NASA TLX (video 48.1 (24.3); AR 28.4 (22.1);

Z=2.42, p<0.05, r=0.43). There were no significant differences in TCT (video

183 (43); AR 182 (51)), error (video 0.6 (1.5); AR 0.5 (0.8)) or raw NASA

TLX (video 37 (18); AR 31 (13)).

Differences in assembly complexity between the two halves of the car

were checked by calculating Wilcoxon signed-rank tests for each instruction
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method and assembly half. The tests did not reveal statistically significant

differences.

Discussion. There was no statistically significant difference in TCT and

the number of errors. Therefore, H1 (TCT) and H2 (error) are rejected.

However, the subjective results clearly demonstrate the advantages of this

AR system over traditional video tutorials. H6 (preference) is accepted,

as 100% of the participants preferred the AR system over the traditional

video tutorial. 62.5% of participants had a self-rated AR experience above

3. Therefore, this strong preference for the AR condition cannot be fully

explained by a novelty effect, but is an indicator of the perceived superiority

of the AR condition over video only. Based on the result of the statistical

evaluation, hypothesis H3 (SUS) and H4 (mental effort) are accepted. The

superior mean SUS score of 87 for this AR system indicates a usability rating

above the average score of 70, that according to the analysis of Bangor et

al. [4] translates into the adjective “excellent.” The participants also had to

invest significantly less mental effort in solving the tasks using the proposed

AR system.

These positive results for the AR condition are underlined by the

qualitative feedback of the participants. As unsolicited feedback in an un-

structured after-study interview, 37.5% of the participants stated that the

AR visualization was easy to understand and very clear. Furthermore, 50%

of the participants positively remarked on the additional interactivity and

viewpoint control in the AR condition that it allowed them to better un-
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derstand the task and assembly shapes. 19% of the participants explicitly

mentioned the video annotations and stated that they were especially useful

to understand the details of the instructions, when the 3D rendering was not

sufficiently clear. These observations indicate that the proposed algorithm

for extracting assembly steps and the visualizations work as expected.

The results confirmed observed that the video inpainting of the 3D

parts shown in the instruction animation supported the participants in iden-

tifying the corresponding real-world parts during the assembly task. In the

interview, only a few participants (12.5%) explicitly pointed out the advan-

tages of visualizing assembly parts with the same texture as the real-world

parts. However, throughout the assembly tasks, 37.5% of the participants

mixed up two similarly colored parts, thereby making the same assembly

errors. This clearly indicates that the participants used the parts’ visual

appearance to identify the subsequent part and highlights the value of using

inpainting for the 3D visualization.

While a statistically significant difference was not found in the NASA

TLX, H5 is accepted partially as the test revealed a significant difference in

temporal demand. This difference may be explained by the design of the

instructions. 25% of the participants stated that they were less pressured

by the AR condition due to the presentation as step-by-step instructions

compared to the video condition that had to be paused manually. In the

video condition, the participants usually tried to work at the speed of the

video. Hence, the video was subjectively found to be putting more pressure
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on the participants than the step-by-step instructions of the AR condition.

The difference of temporal demand between AR and video instruc-

tions may also explain the lack of a significant difference in TCT. According

to the proposed observations and the participants’ feedback, in the video

condition, the participants tried to work at the speed of the video without

pausing it, while they took their time in the AR condition and investigated

the instructions from different viewpoints. Hence, the participants sped up

their interaction in the video condition, while they slowed down in the AR

condition, thus, influencing the TCT. Furthermore, the lower mental effort

for the AR condition indicates that understanding and following step-by-step

AR instructions was easier than following the video tutorial, even though the

latter could have also been paused on demand.

Overall, the evaluation showed that the users were able to complete

the tasks with both video and AR instructions. This indicates that the

extracted instructions and generated visualizations of the proposed system

are complete so that users can follow the generated instructions without diffi-

culty. One major advantage of the AR mirror approach lies in the interactive

visualization of assembly steps most notably of small and occluded parts. In

such cases, video tutorials require zooming in on small parts, or a change

of camera angles, which leads to a mismatch between the user’s view of the

real-world object and the video’s viewpoint. Videos are also often edited to

cut between viewpoints, which requires additional mental rotations from the

viewer. The interactive viewpoints of AR facilitate this reorientation as is
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indicated by the user feedback and the decreased mental effort. In addition,

the 3D animation of the assembly instruction naturally avoids occlusions,

e.g., by hands or tools. A future study should isolate the impact of these

factors by controlling occlusions in the video and by controlling viewpoint

discrepancies between the video and the real-world object.

The usability of the video condition was rated as 70.5 (SUS), which

corresponds to average usability and the adjective “good” [4]. This shows

that the video condition was perceived positively despite its limitations. Us-

ability could likely be improved by segmenting the video like in the AR con-

dition. It was noticed that the participants rarely used the pause button on

the video. This is in line with the results of Biard et al. [6], who additionally

showed that users performed better when videos were automatically pausing

between steps. Interestingly, the participants did not remark upon such a

feature for videos in the proposed unstructured after-study interview but re-

quested additional AR features such as more animation control (e.g., speed),

or a preview of the next steps. However, although segmented video instruc-

tions may improve in terms of temporal demand, the participants would still

be required to mentally align the video viewpoint with the real object and

the video would suffer from occlusions (e.g., by the author’s hands), both of

which may contribute to increased mental effort. A future study should iso-

late the effect of instruction segmentation for videos on the task performance

when compared to the AR mirror system.
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4.5 Summary

This chapter shows that a method for estimating the relative pose of a camera

to the target object in a dynamic environment is applied to generate AR

content and this approach successfully extracts assembly instructions from

video tutorials. Given only a video recording and the object’s 3D model, the

object’s assembly steps are inferred in their correct order by estimating the

3D assembly poses from the camera. This method takes inspiration from the

technique of assembly-by-disassembly and parses input videos from end to

beginning to facilitate object extraction. Furthermore, the object’s assembly

graph is utilized to identify the manipulation of small or occluded parts. The

completeness of the extracted instructions was evaluated in a user study that

demonstrated that users were indeed able to follow the generated instructions

and to complete the assembly tutorial.

In the following, a series of design recommendations for visual in-

structions of retargeted videos are enumerated. Generally, this AR mirror

instruction visualization caused less mental effort and, thus, cognitive load

than a common video tutorial. This is a result of grounding the proposed

design in findings from current state-of-the-art: (1) this chapter shows as-

sembly instructions segmented into step-by-step animations that are shown

at a speed chosen by the user [6, 70]; (2) this chapter allows users to control

the viewpoint of the instructions so that they are always aligned with the

corresponding real-world object [24] and can be used to resolve occlusions or
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to reorient during the task [29]. This chapter adds to the current research,

as this method is the first to introduce (3) video annotated AR instructions

combining free viewpoint navigation and detailed instruction visualization.

Video annotations are essential to capture assembly steps that cannot easily

be extracted with current computer vision algorithms (e.g., tool usage, com-

plex assembly motion, non-rigid object deformations), while AR instructions

enable aligning the viewpoint of the real-world assembly with the visualiza-

tion. Furthermore, the proposed user study clearly showed that color is a

strong cue during users’ visual search for the next assembly part [89]. This

aspect needs further investigation in the context of video retargeting, as

(4) video texturing is a useful tool to visually align the virtual 3D instruc-

tions with the real-world scene and, thus, facilitates visual search. However,

a future system must consider visually similar assembly parts and provide

automatic guidance to resolve similarities of color and/or shape that could

induce assembly errors.

Limitations

This approach processes detailed assembly videos. Currently, this system can

process videos that show objects that are continuously manipulated in a series

of video frames without interruptions. While cuts in the video can be han-

dled by reinitializing the object tracking, stop-motion sequences or slideshows

will require frequent reinitialization, which decreases usability. Furthermore,

while this system can detect small parts, it relies on the trackability of larger
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parts. For optimal detection results, content providers should take care of

appropriate lighting, improving contrast to the background and calibrating

the recording camera. This system currently does not use audio information

from the video. However, a combination of extracted video annotations and

voice overlay could further enhance the presented information. Also, this

experiment was conducted on a car model in the environment shown in Fig-

ure 4.9. However, it is necessary to experiment with various kinds of objects

and environments to make the method more applicable.



Chapter 5

Conclusion and Outlook

In these studies, three types of relative poses of a camera to the environment

were categorized and their problems and solutions were described for each of

them.

Chapter 2 described a robust estimation of the relative camera poses

using a pre-built 3D structure of the environment. When the camera pose

was estimated in a pre-created 3D space, a problem occurred since the scale

of the current camera pose differed from the original 3D space. Therefore,

in Chapter 2, the scale was recalculated from the camera poses obtained by

VO. In addition, the camera poses were recalculated in all frames by graph

optimization so that the camera trajectory could be estimated on the pre-

built 3D structure.

Chapter 3 showed a method of superimposing physical quantity dis-

tributions acquired by cameras with different modalities on a 3D map of the

environment as estimated by a normal visible light camera. This allowed

92
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users to visualize the 3D structure of the temperature distribution.

Chapter 4 proposed a novel interactive visualization technique to

present assembly tutorials in 3D space from an RGB image sequence. Chap-

ter 4 also proposed a method for generating a 3D AR tutorial from a 2D

video input by knowing the relative poses of a color camera to an object.

The video input was analyzed using a 3D model with an assembly graph.

The usefulness of this method was demonstrated by comparing the proposed

tutorials with video.

Throughout the three chapter, a method for improving the estimation

accuracy of camera pose and a new visualization method were proposed using

pre-measured 3D shapes.

Future Work

These methods can be further developed to measure 3D space with

higher accuracy and richer data. Such developments are expected to im-

prove the accuracy of automatic robot driving and expand the range of AR

applications. This chapter discusses two possible applications based on the

proposed method.

One direction is to expand the elements comprising a pre-built map

as described in Chapter 2. Figure 5.1 shows a specific implementation. The

appearance and disappearance of an object are detected from the difference

obtained by comparing the label on the current camera image with the pre-

viously obtained label on the 3D structure. Instance segmentation is used
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Figure 5.1: Object detection using global map. (a) 3D reconstruction
using VO, (b) The global map with object labels, (c) Output registration re-
sult of VO on the global map, (d) (left) VO input, (middle) Object detection
result, (right) Global map input image used for comparison.

to associate an instance label for each object with a 3D point in the pre-

built global map. There are many possible applications of using a pre-built

global map in such a manner. For example, when visualizing the temperature

distribution as a three-dimensional structure in Chapter 3, it is possible to

identify the abnormal parts of the temperature distribution more efficiently

by combining the method of Chapter 2 with a pre-map that includes the

locations to be observed in advance. Also, when assembling objects in Chap-

ter 4, the assembly tutorials can be performed more efficiently by preserving

the locations of parts and other objects on the pre-built global map in ad-

vance. One of the most important points is how to update the pre-built map.
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As mentioned in Chapter 2, this thesis does not describe how to update the

pre-built map. However, a method to update the pre-built map with each

observation and add new data is mandatory when considering such an ap-

plication. How to update and apply the data will be an issue that needs

to be considered further in the use of maps. In addition, considering the

applications for smartphones, the issue is how to reduce the data size of the

pre-built map.

The other direction is to combine the method of estimating the rela-

tive poses from the environment to the camera in Chapter 2 and the method

of estimating the relative poses from the camera to the object in Chapter 4

to measure 3D space. It is possible to combine the pre-built map created in

Chapter 2 with the dynamic object pose estimation method in Chapter 4.

This method is considered effective in estimating the camera poses and the

object poses even under dynamic environments. In a dynamic environment,

estimating the camera poses from a series of images using an RGB camera

is expected to be more accurate than the previous method of estimating

the camera poses using an RGB-D camera, which ignores dynamic objects.

Moreover, the application of camera position and pose estimation can be ex-

panded by registering objects incrementally through Dynamic Scene Under-

standing, as opposed to the existing label-based methods such as Chapter 4

and Figure 5.1.
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[17] Jakob Engel, Thomas Schöps, and Daniel Cremers. LSD-SLAM: Large-

scale Direct Monocular SLAM. In European Conference on Computer

Vision (ECCV), pages 834–849, September 2014.

[18] Steven Feiner, Blair Macintyre, and Dorée Seligmann. Knowledge-Based

Augmented Reality. Communications of the ACM, 36(7):53–62, July

1993.

[19] Mark Fiala. Magic Mirror System with Hand-held and Wearable Aug-

mentations. IEEE Virtual Reality Conference, pages 251–254, March

2007.



References 99

[20] Christian Forster, Matia Pizzoli, and Davide Scaramuzza. SVO: Fast

Semi-Direct Monocular Visual Odometry. In IEEE International Con-

ference on Robotics and Automation (ICRA), pages 15–22, May 2014.

[21] Catherine O. Fritz, Peter E. Morris, and Jennifer J. Richler. Effect Size

Estimates: Current Use, Calculations, and Interpretation. Journal of

Experimental Psychology: General, 141(1):2–18, February 2012.
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