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Featured Application: In this paper, we propose a position and orientation approach that reduces
the image transformation phenomena in advance (i.e., process modification). Thus, this approach
which integrates with image matching techniques that have limitations dealing with image
transformation (i.e., result modification) could be valuable. The advantage of this approach
is that it is not dependent on scene features, and therefore it can be used in situations where the
features in a scene change or when extremely image transformations occur. This approach can be
used as a supplementary approach to assist the feature-based methods.

Abstract: Image matching techniques offer valuable opportunities for the construction industry.
Image matching, a fundamental process in computer vision, is required for different purposes such as
object and scene recognition, video data mining, reconstruction of three-dimensional (3D) objects,
etc. During the image matching process, two images that are randomly (i.e., from different position
and orientation) captured from a scene are compared using image matching algorithms in order to
identify their similarity. However, this process is very complex and error prone, because pictures
that are randomly captured from a scene vary in viewpoints. Therefore, some main features in
images such as position, orientation, and scale of objects are transformed. Sometimes, these image
matching algorithms cannot correctly identify the similarity between these images. Logically, if these
features remain unchanged during the picture capturing process, then image transformations are
reduced, similarity increases, and consequently, the chances of algorithms successfully conducting
the image matching process increase. One way to improve these chances is to hold the camera at
a fixed viewpoint. However, in messy, dusty, and temporary locations such as construction sites,
holding the camera at a fixed viewpoint is not always feasible. Is there any way to repeat and retrieve
the camera’s viewpoints during different captures at locations such as construction sites? This study
developed and evaluated an orientation and positioning approach that decreased the variation in
camera viewpoints and image transformation on construction sites. The results showed that images
captured while using this approach had less image transformation in contrast to images not captured
using this approach.
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1. Introduction

Formally, the era of computer vision started in the early 1970s [1]. Computer vision is defined as a
trick “to extract descriptions of the world from pictures or sequences of pictures” [2]. This technique
assists humans in “making useful decisions about real physical objects and scenes based on images” [3].
According to Horn et al. [4], computer vision “analyzes images and produces descriptions that can be
used to interact with the environment”. In summary, the goal of computer vision is “to describe the
world that we see in one or more images and to reconstruct its properties, such as shape, illumination,
and color distributions” [1]. One of the fundamental processes in computer vision is called image
matching [5]. Image matching is “the process of bringing two images geometrically into agreement
so that corresponding pixels in the two images correspond to the same physical region of the scene
being imaged” [6]. In other words, during the image matching process, two images that are randomly
captured from a scene are compared in order to identify their similarity. “Fast and robust image
matching is a very important task with various applications in computer vision.” [7]. The process of
image matching is required for tracking targets [8], image alignment and stitching [9,10], reconstruction
of three-dimensional (3D) models from images [11], object recognition [12], face detection [13,14],
data mining [15], robot navigation [8], motion tracking [16,17], and more. These applications are
promising in real world problems, and it is possible to leverage them at construction sites to monitor
various activities.

1.1. Image Matching Applications in the Construction Industry

In the construction industry, especially in recent years, image matching techniques have
shown capabilities for addressing different issues regarding information management. There is
abundant research regarding applications of image matching techniques through AEC/FM (architecture,
engineering and construction and facilities management). For instance, to solve issues related to
difficulties in updating as-built and as-is information on jobsites, some researchers have utilized image
matching techniques to create a building information model of the scenes. They have taken images
from different angles, stitched them, and attached the data to these models [12]. Others such as
Kang et al. [18] reported that in a large-scale indoor environment full of self-repetitive visual patterns,
recognizing the location of images captured from different scenes can be confusing. To address this
issue, they applied image matching techniques, which analyzed unique features in captured images,
to retrieve the location. Kim et al. [19] used image matching techniques to compare virtual images
of a construction site with the real construction photographs for the purpose of detecting differences
between the actual and planned conditions of the jobsite. Another application of using image matching
techniques is to detect changes in a scene by comparing features of pictures captured at different
times [20] to estimate the rough progress of a project.

Providing easier access to construction information on a jobsite is another reason to use image
matching techniques. For this purpose, some researchers suggested using augmented reality technology
to superimpose a layer of data (e.g., text, voice, 3D model, image, etc.) over the locations where access
to information is required [21,22]. Marker-based augmented reality (AR) and markerless AR, which
both use image matching techniques, can be used for this purpose. For both methods, the image
matching algorithms need to detect distinct features between live video frames that are captured from
the environment, and a reference image that is already available. In the marker-based approaches, since
the algorithms need to detect the features of a label (e.g., Quick Response Code/QR code), the results
are very robust [1] in contrast with markerless AR, which needs to use the natural features of the
environment that can vary [23,24] (more information regarding AR is presented in Appendix A).

1.2. Problem Statement

In general, there are three main types of algorithms for image matching. The first type is shape
matching algorithms, which look for similarities in the shapes of objects in the images [5]. The second
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type is pixel matching algorithms, which look for similarities in the pixel’s intensity [5]. The third type
is called feature-based matching algorithms [5]. In this type, the algorithm detects the distinct local
features of images, such as corresponding points, lines, and areas [5].

The challenge these algorithms need to deal with is the variation in the context of pictures that
were captured from a scene from different viewpoints. When two pictures are not taken from the same
viewpoint, the position, orientation, and scale of the features (e.g., objects and background) in the
scene are transformed. Thus, these algorithms should detect the similarities between the features that
have been displaced and deformed in the images, and then match them.

In previous decades, to deal with these issues of extracting features, researchers have proposed
many different techniques. Some of these techniques detect image features regardless of transformations
(e.g., translation and rotation) and illumination but not scaling. This group of techniques is known
as single-scale detectors. Techniques such as Moravec detector [25], Harris detector [26], SUSAN
detector [27], FAST detector [28,29], and Hessian detector [30,31] are examples of single-scale detectors.
Other techniques known as multiscale detectors, including Laplacian of Gaussian [32], difference of
Gaussian [33], Harris-Laplace [34], Hessian-Laplace [35], and Gabor-Wavelet detector [36] were later
created. In addition to rotation, translation, and illumination, these techniques consider the impact
of uniform scaling in detecting features, with the assumption that scale is not affected by an affine
transformation of the image structures. Thus, to be able to detect the image features as accurately
as possible, it was necessary to create techniques that could handle non-uniform scaling (change in
scaling in different directions). Scale invariant feature transform (SIFT) is one of the most advanced
versions of these algorithms [1]. SIFT can detect and describe image features [1]. In the first step,
the SIFT algorithm detects the local distinct points on images. In the second step, these distinct points
(keypoints) are converted into histogram vectors based on the image gradient of each point called
keypoint descriptors. SIFT gives value to each of these vectors. In the third step, SIFT compares
these values to match the keypoints. However, this is not the end of the process, as not all matches
conducted by SIFT are correct. There could be some keypoints in two images with equal values but
related to different parts of the scene. For instance, a keypoint on the top of a scene could have equal
value with a point on the bottom of a scene. In this case, SIFT cannot distinguish between them.
Therefore, incorrect matching occurs. These incorrect matches need to be filtered. For the purpose of
filtering the incorrect matches, the fourth step is required. In this step, a technique called RANSAC
or random sample consensus [37] is widely used. This approach divides the corresponding points
into inlier and outlier sets and finds the best portion of points in inlier sets. To ensure this occurs,
first, this algorithm randomly samples two keypoints. The width of the inlier boundary is already
determined for this algorithm. RANSAC counts what fractions of points are located inside of this
inlier boundary. This process is repeated several times for different keypoints. The largest number of
points found as inlier is defined as the best matching pattern, and other matches are removed. Figure 1
illustrates the procedures that SIFT detects, describes, and matches the key points, while RANSAC
filters incorrect matches.

However, image matching algorithms are not fully successful when image transformation occurs
and image viewpoint changes [5,7,38—40]. In fact, increased changes in the image viewpoint can make
the matching process unreliable, since the similarity between objects shown on images reduces [5]. For
example, an image matching algorithm such as SIFT only works well when the difference between view
angles is less than 30 degrees [41]. In addition, if the scaling is too high, the algorithm cannot detect
the key points on the frame and the image matching process does not work correctly. For example,
three images from a scene are illustrated in Figure 2. The first image (Figure 2a) is the reference image
captured. The second image (Figure 2b) is the current frame from the same scene but impacted by
the rotation of the camera (more than 30 degrees). The third image (Figure 2c) is also from the same
scene but is impacted by high scaling. These scenarios can impact cases such as those using markerless
AR that use SIFT and RANSAC during the image matching process. Thus, the algorithm cannot
correctly match the features between two images. In addition, when image transformations take place,
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unrelated and unwanted areas around the scene are also detected. In this situation, change detection
algorithms [42] report these areas as a change in the scene. This result is not accurate in construction
scenarios where change detection algorithms are used to detect the construction progress based on
changes in the image frames.

Feature Description

Image Feature : Image Angle Keypoint * Feature Feature

Captured Detection = gradient histogram descriptor ¢ Matching Correction

First
Image

Second
Image
(Current)

SIFT RANSAC

Figure 1. While SIFT detects, describes, and matches the key points, RANSAC filters incorrect matches
(Adapted from [1,33]).

(a) (b)

Figure 2. Differences between the reference and current images when the camera’s orientation and
position change, which results in transformation of the features of the current images. (a) Reference
frame; (b) Current frame impacted by rotation; (c) Current frame impacted by scaling.

In addition to the difficulties posed by image transformation, there is another scenario whereby
image matching techniques could fail. For example, when a scene is completely changed during a
renovation project, the image matching algorithms cannot match the distinct feature points between
two frames (e.g., before and after renovation), therefore, the image matching cannot occur. Figure 3
shows a scene that is completely changed before and after renovation. This scenario can impact
markerless AR.

(b)

Figure 3. An example of a scene in which its features have completely changed during renovation.

(a) Image captured before renovation (reference image); (b) Image captured after renovation
(current image).
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Another scenario in which image matching techniques fail to work accurately is when features
in two scenes within a location (e.g., a room) are exchanged during renovation. For instance, before
renovation, the reference images were captured from the west wall and north wall. During renovation,
the features of the west wall and north wall were switched. Since a feature-based system can only detect
environmental features and cannot interpret geographical directions, an image matching technique
such as SIFT would fail to generate accurate results during the image matching process. To have a
clear understanding of this scenario, two scenes have been sketched, as shown in Figure 4. Figure 4a
shows a scene before renovation, a door is attached to the west wall, and a window is attached to the
north wall. Figure 4b shows the same room, but this time the window has been moved to the west
wall and the door has been moved to the north wall. In fact, feature-based tracking methods detect
environmental features but not directions. This scenario can impact use cases like markerless AR and
change detection.

West wall North wall West wall North wall

window
door -

(@) (b)

Figure 4. An example of two scenes in one room during renovation. (a) West wall captured (before
renovation); (b) North wall captured (after renovation).

These limitations of the image matching process motivated us to study supplementary ways
(e.g., controlling the image capturing process) to support the image matching algorithms in order to
prevent sole dependency on natural features in the scene.

1.3. Ways to Control the Image Capture Process (Process Management)

The algorithms explained in the previous section that deal with image transformation conduct a
kind of result management, but not process management, on images captured from a scene. Thus,
in addition to using image matching algorithms that aim to identify similarities between images
captured arbitrarily from different viewpoints, a preprocess should be required to control the viewpoint
of the images. With this strategy, changes in viewpoints of pictures are minimized, and the current
image matching algorithms can perform more accurately. The key to capturing two pictures from a
single viewpoint is to hold a camera in a single position and orientation.

One way to provide this condition is to use a fixed point camera approach [19]. In this approach,
for each scene, a camera must be installed with a fixed viewpoint. Therefore, the resulting pictures are
from the same point of view. However, this approach is not practical, especially for chaotic locations
such as construction sites, which are exposed to the movements of workers, vehicles, and materials
that can accidentally block or relocate cameras. Moreover, this method is very costly because a camera
is needed for each scene (Figure 5a).

The second way is to embed a benchmark (point of reference) for each scene on the jobsite
and use the total station approach (i.e., installing the camera on a tripod) when taking pictures. In
this way, crews can retrieve the position and orientation of the camera in different trials. However,
the feasibility of implementing such an idea in a location that is under construction and exposed to
different disturbances, such as the movement of workers and equipment, dust, floor washing liquids,
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or demolishing and replacing floor covers, which could remove any marks and nails, makes this option
unreliable (Figure 5b).

Another way is to use a system that can navigate crews to locate the camera in a reference location
and viewpoint without using a physical reference point or installing a fixed-point camera for each
scene. To locate a camera on a single location and viewpoint, the position and orientation parameter
values of the camera need to be retrieved remotely. However, the question is, “Is there any way to
repeat and retrieve the camera’s position and orientation parameter values remotely on messy, dusty,
and temporary locations like construction sites for the purpose of decreasing image transformation?”

7 zZ
A
Fixed-point
Target
Scepe — — — ——— Camera Target
Scene = — = === * Camera
Ll | X
Tripod
/ <\
Reference
Y ¥ Point
(a) (b)

Figure 5. Holding a camera in a single position and orientation on a jobsite. (a) Using a fixed-point
camera for each scene on a jobsite; (b) Embedding a benchmark (point of reference) for each scene on
a jobsite.

1.4. Research Objectives

This study aims to answer the research question using the following objectives: (1) Identify
different scenarios in which image transformation can taking place due to changes in the viewpoint
of the camera, (2) propose an approach based on localization systems to repeat and retrieve the
camera’s position and orientation in different trials to decrease image transformation, (3) prototype
this approach, and (4) evaluate how this new approach versus the traditional method could reduce
image transformation in terms of accuracy and precision. Measuring precision is necessary because
it shows whether or not the participants can produce and reproduce a constant pattern for taking
pictures from a scene under different conditions. Measuring accuracy is essential because it shows
whether the participants could produce and reproduce pictures close to a reference picture that was
randomly (from different position and orientation) captured. The primary contribution of this paper
to the body of knowledge is to identify a method that can reduce transformation errors in images
captured from a scene at a construction site. This method should support image matching techniques
and improve their chance of success.

1.5. Research Methodology

To achieve the first objective, an illustrative case study has been conducted to identify different
scenarios in which image transformation can take place due to changes in the viewpoint of the camera.
In addition, a literature review has been conducted to identify advanced types of image transformation
and related features. To achieve the second objective, sensor-based tracking systems were reviewed,
and the required position and orientation sensors were identified. A system architecture was proposed
to show how these systems can be integrated and implemented for the purpose of this study. To
achieve the third objective, a prototype based on the system architecture was developed. To achieve
the fourth objective, an experiment was designed and conducted. The following two sections explain
the required background information and investigative methods.
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2. Background Information for Method Development

2.1. Image Transformation

According to Szeliski [1], the first step in matching two images is to detect or extract the distinct
features of these images. However, this is not easy. Feature detection is challenging because when
two images (e.g., the key reference frame and current frame) have been captured from a scene at
different viewpoints, their features such as position, orientation, and scale are not exactly the same.
This phenomenon is called image transformation. Thus, image transformation is impacted based
on the position and orientation of the camera. The position and orientation of a camera depends
on six spatial degrees of freedom, including three degrees of freedom for position (i.e., X, Y, and Z),
and three degrees of freedom for orientation (i.e., pitch, roll, and yaw/head) [43]. Figure 6 illustrates
the coordinate system that can be defined based on six degrees of freedom.

Roll

Y

Figure 6. Coordinate system including six degrees of freedom, three linear and three angular (adapted
from [44]).

2.2. Image Transformation Scenarios: Illustrative Case Study (i.e., Examples of Image-Based Scene
Transformations)

To have a better understanding of camera position and orientation and their impact on image
transformation, an illustrative case study has been conducted. In this case study, a camera was installed
on a tripod with six degrees of freedom. In this first step, a reference picture was captured from a
scene with a fixed camera’s orientation and position. In the second step, the secondary pictures were
captured from a different camera’s position and orientation. For each capture, only one degree of
freedom was applied. In other words, three pictures were captured when the position of the camera
changed in the X, Y, or Z directions with a fixed orientation, and three pictures were captured while
the position was fixed and the orientation changed in the X, Y, or Z directions. The six images captured
in these ways were aligned over the reference picture separately to identify the transformation impacts
and based on the observations, six conceptual diagrams were created, as shown in Figure 7.

The first type is a linear transformation that occurs on the X-axis. This type occurs when the
relative position of a camera changes in the X direction while producing two images. The second type
is a linear transformation on the Z-axis. This transformation occurs when the camera is repositioned
in the Z direction. The third type of linear transformation occurs on the Y-axis. In this type, which
is correlated with scaling, the picture is captured when the position of the camera in the Y direction
is changed. In this type, the size of objects in the image changes. The fourth type is an angular
transformation that occurs around the X-axis. In this type, the orientation of the camera changes,
and the camera is rotated around in the X direction. The fifth type is an angular transformation that
occurs around the Y-axis. In this type, the camera rotates in the Y direction. The sixth type is an angular
transformation that occurs on the Z-axis. In this type, the camera is rotated around in the Z direction.

In the first and second types of transformations, only the locations of objects in the images change.
In the third type, in addition to the locations of objects, the sizes of the objects change. In the fourth
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type of transformation, the locations of objects change. In the fifth and sixth types of transformations,
due to changes in the orientation of the camera, the shapes of objects in the image change. In addition
to these changes, in all these transformations, due to changes in the position of the camera or changes
in orientation, some objects that are captured on the first image disappear and some new objects
are captured.

Change in Camera’s Position and Orientation Reflection on Image

Transformation

i Second Capture
First Capture P in Viewpoint

Z Z

Z

Transformation on X axis .
Y x’"‘ﬂ X ‘r”’. o X
Transformation on Z axis t

- T —

'Y-’ . K %
¥
z

Transformation on Y axis l
Z .

Rotation aroundY axis

Rotation around X axis

Rotation around Z axis

Figure 7. Changes in the camera’s position and orientation can cause image transformation.

Advanced Transformations

In real situations, without using a tripod, these fundamental transformations combine and create
new types of transformations. For instance, if transformations on the X- and Z-axis coincide, it is
called translation. In this type, it is assumed that factors such as image orientation, lengths, angles,
parallelism, and straight lines remain unchanged. In other words, this type of transformation only
has two degrees of freedom. If relative translation and the rotation of the camera lens regarding the
Y-axis occur together, it is called Euclidean (rigid). In this type, factors such as lengths of edges, angles,
parallelism, and straight lines remain unchanged. In other words, this type of transformation has three
degrees of freedom.
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The third type, similarity, occurs when the relative rotation and scale of the second image changes
in relation to the first image. This means that the second picture, in addition to the rotation of the
camera around the Y-axis, was captured from a different position relative to the scene (on the Y-axis).
In this type, angles, parallelism, and straight lines remain unchanged. In other words, this type of
transformation has four degrees of freedom. The fourth type, called affine, occurs when a camera that
takes the second picture rotates around two coordination axes such that parallelism and straight lines
remain unchanged. In other words, this type of transformation has six degrees of freedom.

The fifth type, which is called projective (homography), occurs when a camera rotates around one
or more coordination axes such that only the straight lines remain unchanged. In other words, this
type of transformation has eight degrees of freedom.

The image matching algorithms need to deal with these image transformations and bring them
into agreement with the reference picture. To have a better understanding, Szeliski [1] suggested a
diagram to visualize these different types of transformations (Figure 8).

Z
N Translation Euclidean Similarity Affine Projective
> X
L — Y )
Reference Current
Image Image

Figure 8. Two-dimensional (2D) geometric image transformations (adapted from Szeliski [1]).

2.3. Propose an Approach Based on Localization Systems to Remotely Repeat and Retrieve the Camera’s Position
and Orientation to Decrease Image Transformation (Sensor-Based Tracking Systems)

As was previously indicated, at temporary and messy places such as construction sites, one way
to potentially decrease the impact of image transformation is a system that navigates the crews to hold
the camera in a single position and orientation without using a tripod or a fixed-point camera. For
this purpose, an accurate positioning and orientation system is required. Sensor-based techniques,
independent from vision techniques, could be suitable candidates. In other words, sensor-based
approaches use non-vision sensors to track a scene. Mechanical sensors, magnetic sensors, GPS (Global
Positioning System), and ultrasonic and inertia sensors are some examples of non-vision tracking
sensors. The following paragraph introduces the limitations of these types of sensors.

GPS has low user coverage in an indoor environment (4.5%) [45]. It requires direct lines of sight
from a user’s receiver to at least three orbital satellites [46,47] and its signal accuracy is degraded
by occlusion. Wi-Fi has high user coverage indoors (94.5%) [45], with 15 to 20 m accuracy in indoor
environments [45]. Bluetooth has 75% accuracy for partial coverage and 98% accuracy for full coverage
in a room, while target devices need to be stationary for long periods of time [48]. Ultrasonic sensors
are sensitive to temperature, occlusion, and ambient noise, require significant infrastructure, and have
a low update rate [47]. Infrared is short range and limited because of line-of-sight requirements,
as seen in Active Badge [49]. Radio frequency (type of signals, IEEE 802.11, WLAN) has a median
accuracy of 2 to 3 m [50]. Inertial sensors are prone to drift and require constant recalibration [51].
Radio frequency (type of signals, UWB) emits ultra-wideband signals that can pass through walls and
have high accuracy [52,53].
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Required Position and Orientation Sensors

From these different tracking sensors, the most accurate positioning system could be the system
that works with ultra-wideband (UWB) [54]. The accuracy of this system claims to be (+)10 cm [54].
According to [54], “the accuracy achieved with this technology is several times better than traditional
positioning systems based on WIFI, Bluetooth, RFID or GPS signals.” [54]. Some companies are
developing UWB positioning sensors. One of them is called Pozyx. The sensors produced by this
company include a tag and some anchors (at least four anchors are required). The tag sends and receives
signals to anchor modules through a wireless radio technology called ultra-wideband (UWB) [54].
These signals can penetrate walls in an indoor environment. The anchor modules play the role of
reference points for the tag. In this system, to calculate the position, the distance of one tag module
to each anchor module is calculated based on time-of-flight (TOF) of the waves between the tag and
anchors, where [54]:

Distance = time of flight X speed of light
Speed of light = 299,792,458 m/s

Then, through a method called multilateration [55], the position of the tag module with regard to
anchor modules is calculated. For 3D orientation purposes, some sensors such as acceleration, magnetic
field, and angular velocity are embedded in the tag module, which handles orientation responsibility.
According to the sensor manual [54], each of these sensors has its own limitations, but through
combining the outputs from different types of sensors, 3D orientation is computed accurately.

3. Methods

3.1. System Architecture: Positioning and Orientation

To better understand how these 3D positioning and orientation systems can be integrated and
implemented for the purpose of this study, a system architecture was proposed. As shown in Figure 9,
for the positioning estimations, the tag communicates with four anchors (i.e., reference points) through
ultra-wideband RF signals. For orientation estimations, there are three sensors, acceleration, magnetic,
and angular velocity, that can work together to estimate the tag orientation. The tag needs to be
connected with a computing device such as a tablet to transfer the received data for analyzing and
displaying to users. Using this information, the user can monitor the position and orientation of the tag.
The first challenge is how can the tag be used for navigating the camera lens? The second challenge is
how can data generated from the tag be displayed through a user interface for the purpose of monitoring
the camera’s position and orientation? To meet these challenges, a prototype was developed.

.
[o]

—¥

i Anchor

E .- Accelerator
o7~ Magnetic

| Angular velocity

Anchor Anchor

Figure 9. Positioning and orientation system architecture.
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3.2. Prototype Development

The prototype development included two phases. In the first phase, the positioning and orientation
sensors were integrated with a tablet camera such that the sensors can detect any change in the position
and orientation of the camera. In the second phase, a user interface was created to display information
regarding the position and orientation of the camera so that users could monitor the position and
orientation of the camera. The following paragraphs explain these phases in detail:

Phase 1 To use the tag module for navigating the camera’s lens, the simplest way could be
attaching the tag module to the backside of the tablet in a fixed condition. To execute this idea, tape
holders were used to attach the tag without any degrees of freedom. In this study, since the position
and orientation of the tag relative to the tablet camera remained fixed, the position and orientation
of the tag and camera lens were assumed to be the same. Figure 10 shows how the tag module was
attached to the tablet.

Sensor
Tag

Figure 10. Physical integration of tag and tablet to be used on jobsite.

Phase 2 To be able to display and monitor the positioning and orientation sensors outputs, a user
interface was designed and prototyped (Figure 11). This user interface could collect the data regarding
the position and orientation of the sensor tag and visualize that data in the form of dynamic diagrams
simultaneously. The programming language Python was used to prototype this user interface, with
Microsoft Windows selected as the operating system and Surface [56] selected as the handheld device
to run this user interface. These systems were selected due to their compatibility with the sensors.
Figure 11 illustrates the created user interface. The user interface included indicators that could display
the position and orientation of the camera lens in the room. As shown in Figure 11, on the left side,
two positioning indicators were designed. The first one could show the position of the tablet in the
room on the X-Y axes. The second one could show the position of the tablet on the Z-axis.

On the right side, the orientation indicators are shown (Figure 11). The first one is related to the
rotation of the tablet around the Z-axis, which is called the head. The second one is related to the
rotation of the tablet around the Y-axis, which is called roll. The third one is related to the rotation of
the tablet around the X-axis, which is called the pitch. The zero point on indicators occurred when the
red point stopped at the center of the indicator. The fourth one is not an indicator. It was designed to
illustrate the Cartesian coordinating system axes. This diagram was designed and displayed on the
user interface next to indicators to make sure the participants were aware of the room’s coordination
system during the experiment.

The user, by moving left and right, and forward and backward, could change the XY indicator;
by moving up and down, the Z indicator; and by rotating the tablet, the pitch, roll, and head (i.e., yaw)
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indicators. After investigating the reference location and orientation, the user could look at the scene
through the user interface screen and click the shutter button to capture a picture.

Pasition an XY Position on Z Orientation Head Orientation Roll
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Figure 11. User interface prototype.

3.3. Experimental Testing of the Prototype System

To evaluate how the prototype approach (i.e., sensor-based approach) versus the traditional
approach (i.e., non-sensor-based approach) could result in reducing image transformations in terms of
accuracy and precision, an experiment was designed and conducted. The following sections explain
the experiment design and the associated tasks.

3.3.1. Experimental Design

The experiment included two tasks. The first task was taking a picture from a scene without using
positioning and orientation sensors, whereas the second task was taking a picture from the same scene
but with the assistance of these sensors. The experiment was a within-subject experiment. In other
words, each participant needed to conduct both tasks.

In this experiment, the pictures captured by participants were evaluated based on accuracy and
precision parameters. Accuracy was defined as the capability of each approach to reproduce pictures
that resemble a reference picture (i.e., error in accuracy = average transformations values — reference
value). Our experimenter captured the reference picture from the scene before the experiment. The
camera’s position and orientation to capture the reference picture were decided based on the common
sense of the experimenter. In a real situation, this picture could be the first picture captured from
a scene, and therefore other pictures need to be taken from the same viewpoint later. To measure
errors regarding the accuracy of the captured images in contrast with the reference image, the average
transformation values for each linear direction and angular orientation needed to be calculated
separately. The results show how close the images are to the reference image.

In this experiment, precision was defined as the capability of each approach to reproduce pictures
that resemble with each other (i.e., error in precision = standard deviation). To measure the error in
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precision, the standard deviation of transformation for each direction and angle needed to be calculated
separately. The results show how close the transformation values are to one another.

For this experiment, a scene with unique features was selected (Figure 12). This scene was an
image (172 x 120 cm) installed on a wall in a lab. This scene followed two criteria: (1) The design of
the scene should not provide any measurement tool to the participants when they are conducting
the experiment tasks. Measurements are only for data collection and analysis by the experimenter.
For this purpose, instead of using a checkerboard that has straight lines and potentially could assist
the participants in taking pictures and create bias in individual rating behavior, an image was used
that looked like a broken window without any recognizable assists (e.g., straight lines) in its context.
Although there was not any assist in the context of this image for participants, the design of this
image was symmetrical. The experimenter could use this feature for data collection, measurements,
and analysis purposes. (2) The image was installed inside a large room with an open zone. Therefore,
the participants had enough space to conduct their tests without any physical barriers that could
impact their behavior when capturing pictures.

Scene

Figure 12. The scene in which participants were asked to capture pictures.

3.3.2. Experiment Tasks

To conduct the experiment tasks, paper-based instructions were created and given to the
participants before each task. These instructions included two separate parts. The first part explained
the experiment process for the first task. To conduct the first task, each participant needed to read the
first part of the instructions. Then, the participant received a tablet to take a picture from the scene. For
the first task, the participants needed to use their common sense regarding the position and orientation
of the tablet camera.

The second part of the instruction explained the process for the second task. To conduct the second
task after completing the first task, the participants needed to read the second part of the instructions.
Concurrently, the experimenter needed to equip the tablet with the sensor tag and run the associated
python code to activate positioning so that orientation sensors could make the user interface indicators
available to the participant. Thus, this time, the participant could monitor the position and orientation
of the camera by viewing the indicators. Using these indicators, the participants needed to look for a
reference viewpoint with the following features:

Position — XY =[0], Z =[0]
Orientation — Head = [0], Pitch = [0], Roll = [0].

To achieve the defined position, the participants could walk and change their position in different
directions to find the reference position where XY = (0) and Z = (0). In addition, they could rotate the
tablet around different directions to find the reference orientation where (pitch, roll, head) = (0, 0, 0).
As was previously mentioned, this point of view (position and orientation) was defined based on
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the common sense of experimenter. For this reason, this point of view could not be predictable for
participants. It was not located on a position at the center zone of the room or on an orientation angle
perpendicular to the scene. It was the best image that the experimenter sensed could capture from the
scene. During the second test, the experimenter monitored the participants to ensure they captured the
pictures when the red points in all these indicators stopped on zero (0). For each task, the participants
were allowed to generate only one picture. There were not any time limitations when participants
read the guidelines and conducted the tasks for the experiment. Figure 13 illustrates the coordination
system of the scene.

+7 _ Scene

+ Head

+X
+ Pitch

=¥ + Roll

Figure 13. Cartesian coordination system of scene.

4. Results and Discussion

To conduct the experiment, 37 graduate and undergraduate students were randomly selected. For
each task, 37 pictures were collected. The experiment was conducted at one location within similar
indoor environment conditions and laboratory settings. The reference position and orientation value
were similar for both tasks. To avoid learning effect, the first task was non-sensor-based for all the
participants, because the second task, which involved the sensors, directed the participants to the
defined reference position and orientation. The participants were tested individually to ensure they
would not learn from each other. The pictures collected from the participants were divided into two
groups (Appendix B). The first group included pictures related to the first task and the second group
from the second task. The first group contained 37 pictures taken without using the sensor system,
and the second group contained 37 pictures that were taken with assistance from the sensors.

4.1. Limitations

From 37 images in the second group, ten pictures were discarded due to systematic errors that
the experimenter reported during the experiment. In addition, two pictures from the first group
were discarded due to the extreme camera rotation (90 degrees) around the Z-axis. This skewed
rotation changed the coordination system for two pictures, and therefore the results were not calculable.
Furthermore, in this experiment, the indicator regarding the Z direction (positioning only) was decided
to be off to increase the speed of the system. The initial tests showed that the average transformations
in the Z direction were very similar to transformations in the X direction. Considering this point and
due to technical limitations, the indicator related to Z was decided to be put in the “off” stetting during
the experiment.

A tripod was used for the initial study to understand the relationship between the camera’s
orientation and the ratios. The tripod was equipped with leveling and protractor tools. It was better if
we used a digital one.

It could have been better if we used the original tablet sensors instead of the tag sensors to monitor
the orientation. However, the main issue that we observed in both systems (tag and tablet sensors)
needed recalibration. Any time that the orientation sensors were used, the yaw had a slight error.
Therefore, we decided to use the tag that generated data for both position and orientation.
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The UWB system is a promising method that can penetrate walls. However, this experiment was
conducted inside an open area. Thus, the potential impact of barriers concrete walls, steel structures,
and building infrastructure (e.g., stairs, furniture, machines, etc.) that could have block line-of-sight
were not considered.

The intrinsic parameters of the camera for both tasks were the same. For both tasks, the same
camera with the same zooming level was used. The participants could not change the zooming level.
For extrinsic calibration, manual approaches were used, as are explained in the text. Minor errors
could have be included, but since the same methods were implemented for both groups of pictures
(i.e., sensor-based and non-sensor-based), the results were unbiased.

The scene included a flat image of 172 x 120 cm instead of a 3D object. The reason for this
simplicity was reducing errors in calculations. This 2D scene could be enough to evaluate the precision
and accuracy of the two approaches (sensor-based versus non-sensor-based) in retrieving the position
and orientation of the camera.

4.2. Measuring Changes in Camera’s Position and Orientation

The features in two images can transfer (i.e., displace) if the position and orientation of the
camera that captured those pictures change. In this research study, to understand what type of
transformation results in a certain type of change in a camera’s position and orientation, some
methods were determined. These methods could assist the authors in assessing the causes of image
transformation in different pictures. These methods are described in the following paragraphs:

Change in the position of the camera in the Y direction To be able to measure any change in the
position of the camera in the Y direction, the method illustrated in Figure 14 was used. In this method,
the position of the scene is fixed, but the camera’s position changes. The distance between the current
images in the scene can be estimated where (y —y’=y X i/i’). In this equation, y is the distance between
the scene to the camera that captured the reference picture, i is the distance between two points in the
reference image, i’ is the distance between similar points in the current image, and y’ is the distance
between the reference camera and the current one.

After estimating the distance of the camera to the scene for all pictures, to find the change in
position of the camera, the average distances should be compared with the distance measured regarding
the reference picture (i.e., accuracy) and also with each other (i.e., precision).

Change in the position of the camera in the X direction To measure the change in position of
the camera in the X direction, a reference point was selected at the center of the board installed on
the scene. The distance between this point and the center of the camera lens (i.e., the center of the
picture) was measured for all pictures (Figure 15). Since the scales of the pictures were different, these
distances were converted into a single scale to become comparable. To find the change in position of
the camera, the average distances were compared with the distance measured in the reference picture
(i.e., accuracy) and also with each other (i.e., precision).

Change in the orientation of the camera around the Y-axis (roll) To measure the orientation of
the camera around the Y-axis, a horizontal line that crossed the center of image was drawn. Then,
a protractor was used, and the angle that this line made with the image was measured as rotation
around the Y-axis. To find the change in orientation of the camera around the Y-axis, the average
rotations for each group were compared with the reference rotation (i.e., accuracy) and also with each
other (i.e., precision).

Change in the orientation of the camera around the Z-axis (head) Since the images were
two-dimensional, the rotation angle of the camera around the Z-axis was not easy to measure.
Therefore, other variables were considered. These variables are the length of the left and right sides
of an image that change when the rotation around the X-axis occurs. Turning the camera to the left
expands the left side and reduces the right side, and vice versa (Figure 16). Knowing these principles,
the left and right sides for all pictures from both groups were measured, and then the ratio for each
one was measured (i.e., ratio = smaller vertical side/larger vertical side).
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Figure 14. The method used to calculate the camera distance to the scene (adapted from [57]).
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Figure 15. Distance between center of lens and center of the board installed on the wall.
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Figure 16. How to measure the length of vertical sides. (a) If the vertical sides are parallel; (b) If the
vertical sides are not parallel.

To understand the relationship between the camera’s orientation and these ratios, a separate
test was conducted. In this test, a scene was provided, and a camera was installed on a tripod. The
camera lens was leveled and located in a parallel position to the scene. The camera had only one
degree of freedom around the Z-axis. In this condition, the first picture was captured. Next, the camera
was rotated 10 degrees around the Z-axis, and the second picture was captured. This process was
repeated, and the results were recorded. Using the results, a graph with a regression line was created
(Figure 17). This graph was used to convert the image ratios related to the experimental data to
meaningful rotation degrees.
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Figure 17. Relationship between the image sides’ ratios and the camera’s degree of rotation.

To find the change in orientation of the camera around the Z-axis, the average rotation values of
each group of pictures were compared with the reference rotation (i.e., accuracy) and also with each
other (i.e., precision).

Change in the orientation of camera around the X-axis (pitch) To measure the orientation of the
camera around the X-axis, the same principle and graph used for the Y-axis were applied for this axis.
However, this time, turning the camera around the X-axis could impact the length of the upper and
lower sides of the images. Therefore, the ratio for each image was measured (i.e., ratio = smaller
horizontal side/larger horizontal side) (Figure 18).

To measure the degree of rotation around the X-axis, the graph illustrated in Figure 17 was used.
To find the change in orientation of the camera around the X-axis, the average rotation values for each
group of pictures were compared with the reference rotation (i.e., accuracy), and also with each other
(i.e., precision).
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Figure 18. How to measure the length of horizontal sides. (a) If horizontal sides are parallel;
(b) If horizontal sides are not parallel.

4.3. Results of Camera’s Positioning Accuracy and Precision in the X and Y Directions

The results of the experiment to discuss the accuracy of the two approaches for producing pictures
resembling the reference picture regarding the X and Y directions are presented in Table 1 and are
explained as follows:

Accuracy in the X direction The results of the experiment regarding accuracy (i.e., producing pictures
resembling the reference picture) showed that when the images were captured with the assistance of
positioning sensors, they more accurately resembled the reference picture. In other words, when the
participants did not use the sensors during the first task, the average error, in terms of accuracy in the
X direction, was (30 cm), but when they used the sensors during the second task, the average error
decreased to (0.3 cm).

Accuracy in the Y direction The same situation occurred in the Y direction. In the Y direction, which
reflected scaling, the average accuracy error decreased from (33 cm) to (6.8 cm) when the participants
used a positioning sensor during the second task.

Table 1. Comparison between accuracy and precision of the two approaches regarding
linear transformation.

The Distance between the

Type of Image  Center of Lens and Center of the In the X Direction  In the Y Direction In the Z Direction

Fixed Point on Scene (cm) (cm) (em)

Reference 4471 3305 N/A
image

Avg. 14.7 297 N/A

Min. 0 154 N/A

Group 1 Max. 77 582 N/A

(without sensor) Precision Error (SD) 15.5 112 N/A

Accuracy Error 30 33 N/A

Range 77 428 N/A

Avg. 45 337 N/A

Min. 11 312 N/A

Group 2 Max. 101 366 N/A

(with sensor) Precision Error (SD) 21 13.3 N/A

Accuracy Error 0.3 6.8 N/A

Range 90 54 N/A

So far, this sensor-based approach could produce more accurate results than the non-sensor-based
approach by reducing image transformation in both X and Y directions. The results of the experiment
to discuss the precision of two approaches in producing pictures resembling each other regarding the
Xand Y directions are explained as follows:
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Precision in the X direction The results regarding precision (i.e., producing pictures resembling each
other) in the X direction showed an exciting result. In this direction, precision decreased when the
participants used the sensor-based approach. In other words, the pictures captured during the first
task without sensors had less standard deviation (15.5 cm) as compared with those that were captured
during the second task (21 cm). This result indicates that when the participants wanted to take
pictures from the scene without sensors, based on their common sense, they selected locations in
the X direction that better resembled the reference image (the X direction was parallel to the scene).
Therefore, the degree of repeatability increased. In contrast, since the sensors inherently generated
error, the participants were navigated to the locations in the X direction that were less close to each
other. The results are shown in Table 1.

Precision in the Y direction The results of the experiment regarding precision determined when the
images were captured with the assistance of positioning sensors showed that they were more precise in
the Y direction. In other words, when participants used the sensors during the second task, the standard
deviation in the Y direction decreased (from 112 cm to 13.3 cm). This result showed that in the Y
direction, the positioning sensor during the second task could navigate the participants to distances
that resembled the reference image more than the first task when they used their common sense.

Thus, in the Y direction, the standard deviation when participants used their common sense in
selecting a location in the perpendicular direction to the scene (i.e., Y) was almost six times more
than this value in the parallel direction with the scene (i.e., X). Furthermore, according to the sensor’s
standard manual, the positioning sensor is expected to have errors between +10 and —10 cm. In this
experiment, the average standard deviation of the positioning sensor was measured (21 cm) in the X
direction and (13.3 cm) in the Y direction.

Another useful result that could be extracted from Table 1 is range (range = max — min).
Subtracting the maximum from the minimum revealed that the maximum range occurred in the Y
direction (582 — 154 = 505 cm) when the non-sensor-based approach was used. In contrast, the range
value for the sensor-based approach was 366 — 312 = 54 cm. This result shows that in the worst-case
scenario, the separation of data for the sensor-based approach is ten times better than that of the
non-sensor-based approach. Regarding the X direction, when the sensor-based approach was used,
the maximum range occurring in the X direction (101 — 11 = 90 cm) which was slightly more than
when the non-sensor-based approach was used (77 — 0 = 77 cm).

4.4. Results of Camera’s Orientation, Accuracy, and Precision around the X, Y, and Z Directions

The results of the experiment to discuss the accuracy of two approaches in producing pictures
resembling the reference image regarding the camera’s orientations around the X, Y, and Z axes are
presented in Table 2 and are explained as follows:

Accuracy around the X-axis (pitch) The results of the experiment regarding accuracy (i.e., producing
pictures resembling the reference picture) showed that the results in both approaches are very similar.
While the orientation of the camera around the X-axis for the reference image was measured as 7
degrees, the average reference was 5 degrees for the first group of pictures and 2 degrees for the second
group of pictures. Thus, the average accuracy error for pictures captured without using a sensor is
slightly less (2 degrees vs. 5 degrees) than when the images were captured with the assistance of
orientation sensors. This result shows that using the sensor did not improve the accuracy for rotation
around the X-axis (pitch).

Accuracy around the Y-axis (roll) The results showed that the average accuracy around the Y-axis for
both approaches is the same. While the orientation of the camera for the reference image around the
Y-axis measured 0, the average orientation for Groups 1 and 2 (with and without sensors) measured
the same (1 degree). This result showed that when participants wanted to take pictures from a scene
using their common sense, they could hold the tablet camera almost in the same orientation as when
they used the orientation sensors (Table 2). However, as was indicated in the limitation section, two of
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the pictures captured by participants had 90 degrees rotation around the Y-axis of the tablet. Although
these two exceptional pictures were discarded because of the high statistical skews that could affect the
calculations, this could occur in real situations if crews are not warned in advance.

Accuracy around the Z-axis (yaw) The results showed the average accuracy around the Z-axis for the
sensor-based approach is slightly better than the non-sensor-based approach. While the orientation
of the camera around the Z-axis for the reference image measured 10 degrees, the average for the
non-sensor-based approach was 17 degrees and the sensor-based approach was 15 degrees. Therefore,
the orientation accuracy error for the sensor-based approach (5 degrees) was slightly less than the
non-sensor-based approach (7 degrees). This result indicates that the participants, using their common
sense, can generate results closer to the reference than when they use sensors.

Table 2. Comparison between accuracy and precision of sensor-based and non-sensor-based approaches
regarding the camera’s orientation factors (i.e., pitch, roll, and yaw/head).

. Pitch (Ratio), Yaw or Head
Type of Image Rotation Degree Roll Degree (Ratio), Degree
Reference image 0.97),7 0 (0.96), 10
Avg. (0.98),5 1 (0.93),17
Min. 1),0 0 1),0
Group 1 Max. (0.85), 38 6.5 [90 *] (0.69), 80
ithout isi
(without sensor) Prec1s(1§:r)1)Error (0.03), 7 15 (0.08), 20
Accuracy Error (0.01),2 1 (0.03), 7
Range 38 6.5 [90 *] 80
Avg. (0.99),2 1 (0.94), 15
Min. 1,0 0 (0.99), 2
Group 2 Max. (0.96), 10 45 (0.85), 38
th ..
(with sensor) Prec1s(gg1)Error (0.01), 2 12 (0.03), 7
Accuracy Error (0.02), 5 1 (0.02), 5
Range 10 4.5 36

* Two of the pictures captured by participants had a 90 degrees rotation around the Y-axis of the tablet. Although
these two exceptional pictures were discarded because of the high statistical skews that could impose on the affect
calculations, this can occur again in real situations if the crews are not warned in advance.

In general, the degree of resemblance of the pictures produced by both approaches is very close to
the reference picture. The precision of the two approaches in producing pictures resembling each other
regarding orientations around the X, Y, and Z axes is presented in Table 2 and explained as follows:

Precision around the X-axis (pitch) The result regarding the standard deviation for the sensor-based
approach was less than the non-sensor-based approach (7 degrees vs. 2 degrees). Therefore, precision
(i.e., producing pictures that resemble each other) around the X-axis improved when the participants
used the sensor-based approach. While the precision error for the non-sensor-based approach was
7 degrees, this value decreased to 2 degrees when they used the sensor-based approach. Therefore,
the degree of repeatability of the camera’s orientation and picture resemblance for pitch increased.
Precision around the Y-axis (roll) The standard deviation for both sensor-based and non-sensor-based
approaches was almost the same (1.5 degrees vs. 1.2 degrees). Therefore, the results regarding the
average precision error around the Y-axis (roll) were almost the same.

Precision around the Z-axis (yaw) The standard deviation around the Z-axis reduced from 20 degrees
to 7 degrees when participants used the sensor-based approach. This means the precision error for the
sensor-based approach is less, as the participants could repeat the orientation of the camera regarding
(yaw) with less error when using the sensor-based approach.

The other interesting results presented in Table 2 could be the range values (range = max — min)
of the changes in the camera’s position and orientation when the sample pictures were captured.
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The maximum range in orientation occurred around Y (90 — 0 = 90 degrees) and Z
(80 — 1 = 79 degrees) when the non-sensor-based approach was used. When the sensor-based approach
was used, the maximum range in orientation occurred around Z (38 — 2 = 36 degrees). As was previously
indicated, the SIFT algorithms cannot correctly identify the distinct points if the orientation is more
than (30 degrees). Therefore, based on the results, the sensor-based approach can prevent this issue
during the image capturing phase. Logically, the analysis of the captured images during the image
matching phase by image matching algorithms is errorless.

5. Summary and Conclusions

Due to the wide use of image matching techniques in the construction industry, and the
vulnerability of these techniques to correctly detect and match scene features when extreme
transformations in images occur, this study aimed to investigate how to reduce image transformations.
For this purpose, different scenarios in which image transformation can take place were visualized.
It was shown how these transformations could occur when the position and orientation of a camera
change in three linear directions and three angular orientations. As was illustrated, to reduce image
transformations, changes in the viewpoint (i.e., position and orientation) of the camera needed to be
reduced. For this purpose, different techniques were reviewed, and the most accurate one was selected.
This technique included positioning sensors that worked based on UWB waves, and orientation sensors
such as acceleration, magnetic, and angular velocity. To apply these sensors for the purpose of reducing
image transformation, a system architecture was defined, and a prototype was developed. The
development of the prototype included two phases. In the first phase, the positioning and orientation
modules (i.e., tag and anchors) were integrated with a tablet camera such that these sensors could
detect any change in the position and orientation of the camera. In the second phase, a user interface
was created to display information regarding the position and orientation of the camera such that users
could monitor the location and viewpoint of the camera.

To compare how using the sensor-based approach could be different than a non-sensor-based
approach, in terms of decreasing changes in position and orientation of the camera, an experiment was
designed and conducted. The experiment included two tasks. For the first task, the participants were
asked to use their common sense to capture the best picture possible from a scene. For the second task,
they were asked to capture a picture from the same scene but with the assistance of positioning and
orientation sensors. The images participants generated for these two tasks were evaluated in terms of
accuracy (i.e., producing pictures that resemble the reference picture), and precision (i.e., producing
pictures that resemble each other). The results of the experiment demonstrated that when participants
used the sensor-based approach, a significant reduction in accuracy errors in the X and Y directions,
and also the precision error in the Y direction, was achieved. The precision error in the X direction
was slightly higher when the participants used the sensor-based approach. Regarding the orientation,
the average results for both approaches did not show a significant difference. While accuracy error
was slightly better for the non-sensor-based approach for pitch, it was slightly worse for yaw, and
the same for roll (however, if the two samples with 90 degree rotations were not discarded from data
related to the non-sensor-based approach, the error for this approach increased significantly). For the
sensor-based approach, precession errors were slightly lower for pitch and roll and moderately lower
for yaw.

In conclusion, these results showed that applying the sensor-based approach can control the
camera’s overall position and orientation and reduce image transformation. This can be important for
feature detection algorithms used in applications such as augmented reality and change detections
that use features of the environment in temporary and messy locations such as construction sites,
where using a tripod or fixed-point camera is not possible. This research had technical limitations. The
accuracy and precision of the sensor-based approach could improve. For instance, in this experiment,
only four anchors were used. Using more anchors and even tags could improve the results. By using
more powerful tablets, the time for data processing could be reduced, and the positioning system
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in the Z direction, which for this experiment was off, would be functioning. In future studies,
the pictures produced by these two approaches could be tested by the image matching process to
evaluate how the accuracy of the related algorithms could improve. If these limitations are eliminated
by a sensor-based approach, failure scenarios such as extreme rotation and scaling, eliminated scene,
and scene displacement can be improved.
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Appendix A

Augmented Reality: One technique that can link/combine paper-based and digital-based
environments is augmented reality (AR). AR is “a technology that superimposes a computer-generated
image (model) on a user’s view of the real world, thus providing a composite view” [58]. AR is
a part of the reality—virtuality continuum [59] (Figure Al). According to Azuma [60], AR “allows
the user to see the real world, with virtual objects superimposed upon or composited with the real
world. Therefore, AR supplements reality, rather than completely replacing it.” In other words, AR is
a combination of real-world and digital information through a single interface [21]. Thus, AR is an
appropriate technology that can be used to access detailed information.

I MIXED REALITY (MR) |

< >

REAL AUGMENTED AUGMENTED VIRTUAL
ENVIRONMENT REALITY (AR) VIRTUALITY (AV) ENVIRONMENT

Figure A1. Concept of augmented reality [59].

There are two types of AR techniques, i.e., marker-based and markerless. The following paragraphs
explain the differences between these two techniques:

Marker-based AR (feature-based, artificial markers) In this approach, an artificial marker needs to be
located in the scene or environment as a reference. Then, information about the marker is interpreted
by a handheld computing device (smartphone/tablet) application. Artificial markers are printed and
attached to the locations [1]. Some examples of artificial markers are dot-based markers [61], QR code
markers [62,63], circular markers [64], square markers [65], and alphabetic combination markers [65].
Due to fiducial marker use in the environment, and the fact that these markers are distinguishable
in the environment (physical world), the marker-based tracking approach is very robust with high
accuracy [66—-68].

Markerless AR (feature-based, natural features) This type of AR system uses the natural features of
the environment as references [24]. Depending on the algorithm used for this system, these features
could be edges, corners, segments, or points [23]. In this online approach, features extracted from
current video frames taken from the scene are compared with features extracted from an initial key
frame. Then, correspondence between feature pairs is created. This loop continues until the best match
between features has been computed [1]. If enough numbers of matches are identified, the virtual
data stored in repository is queried and appears on the screen of the computing device, such as a
smartphone or tablet.
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Appendix B

B.1. First Group of Samples

The first group of pictures was taken by 37 participants without using the positioning and
orientation system during the first task. Figure A2 shows the collected data from the first task.
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Figure A2. The first sample group of pictures.

B.2. Second Group of Samples

The second group of pictures was taken by 37 participants using the positioning and orientation
system during the second task. Figure A3 shows the collected data from the second task.
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Figure A3. The second sample group of pictures.
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