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Automatic update of geometrical changes for a digital twin
A workflow to automatically identify and estimate the pose of objects through ob-
ject recognition and photogrammetry

Rikard Karlsson
Department of Electrical Engineering
Chalmers University of Technology

Abstract
Virtual commissioning has become a promising approach to more efficiently develop
production systems. There are however drawbacks with virtual commissioning. As
the systems get increasingly complex the amount of work needed for development
grows, in some cases to a degree that virtual commissioning is deemed too expensive.
By increasing the number of applications of virtual commissioning, it is possible to
outweigh the cost of increasing development complexity. One such feature would be
to automatically update the digital twin, which would extend its lifespan and ex-
pand the possible usages even after the physical commissioning is performed. This
thesis presents a way to automatically identify added or removed objects within an
environment, as well as estimate the pose of objects.
Using images of the environment, a 3D point cloud representation can be constructed
through photogrammetry. By comparing two different point clouds of the same envi-
ronment, it is possible to detect geometrical changes representing added or removed
objects. These geometrical changes are then re-projected back into the images with
the principles of photogrammetry, highlighting where the environmental changes oc-
cur within the images.
The same images from which the point cloud is constructed are also used for object
recognition through the use of a YOLO neural network, creating bounding boxes
in the images of where objects of interest are located. The overlap between the
re-projection and these bounding boxes are then calculated, and used to identify
the geometrical changes. The identified geometrical changes are then matched with
a point cloud of the identified object, where the latter is aligned with the former to
estimate the pose of the added or removed object.
The developed identification metric performs well, but is reliant on good alignment
between the two point cloud instances of the environment.
The pose, estimated with global registration and iterative closest point, is calculated
close to the ground truth as long as the objects have distinct geometrical shapes.
Any uniformity will lessen the accuracy of the estimated pose, sometimes to such a
degree that objects are turned upside down due to their uniform shape.

Keywords: virtual commissioning, digital twin, change detection, point cloud iden-
tification, pose estimation
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1
Introduction

Virtual commissioning has during the last decade risen in popularity as an inte-
grated part in the process of developing new production systems. Studies on the
subject has shown that there are multiple advantages with performing virtual com-
missioning. Lechler et al. [1] has shown that virtual commissioning decreases the
required development time, as well as increasing the quality and e�ciency in pro-
duction engineering. Virtual commissioning also makes it possible to detect faults
in an early stage of development [1] [2], and can also enable tests which has been
deemed too expensive to perform in a real world system [3]. It is therefore a useful
tool to verify and validate the functionality of the system [2] [4]. Additionally, Dahl
et al. [5] has shown that virtual commissioning reduces the time needed for test and
integration during development. To summarize, performing virtual commissioning
is a possibility for a company to both save time and money during development [6].
Virtual commissioning can be performed on a multitude of systems with a varying
degree of complexity. Due to this a recently published paper has been de�ning cat-
egories of virtual commissioning based on the level of integration [7]. According to
this paper, virtual commissioning can be classi�ed into �ve di�erent levels based
on the di�erent implementations that are needed to ful�ll the requirements. The
simplest forms of virtual commissioning aim to emulate a controller for code veri-
�cation, while the highest level requires full simulation of the whole system. The
highest level of virtual commissioning integrates all parts of the system, including
concepts like Human-in-the-loop and visualization.
According to Albo et al. [7], an integrated part of the highest level of virtual com-
missioning is the digital twin. The digital twin aims to bridge the gap between the
physical and virtual environments [8]. By creating a digital twin which is capable of
simulating the whole system, combined with virtual reality, it is possible for humans
to interact with the system. This opens up for the possibility of early stage testing
of human-robot collaboration [1], as well as safe, o�-site training of the workforce
even before the system has been constructed [1][6][9].
While there are clear advantages of high level virtual commissioning, there still exists
drawbacks. As the scope of virtual commissioning increases, so does the complexity
and implementation costs of the digital twin [1][10]. Creating a detailed simulation
model is a tedious, manual task that is deemed to not outweigh the costs [2]. The
usefulness of the digital twin is further diminished over time, since as time progresses
changes to the physical system occurs which increases the gap between the model
and the physical system [11].
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1. Introduction

1.1 State of the art

Recent research in the �eld of virtual commissioning has partly been focused on two
main areas which aims to improve the development and use of virtual commission-
ing.
Firstly there has been proposed concepts which would aid in the construction of
virtual commissioning, reducing the amount of work that needs to be performed.
This includes concepts such as clever component repositories [2], a standardized
way of structuring simulation-crucial information of each component. These clever
components is proposed to contain information such as CAD and kinematic models,
description of dynamic behavior, and control and safety logic.
Secondly, some research has been focused on how to extend the usability of the
virtual model beyond the development phase. Especially the possibility of real time
simulation alongside production has been discussed to extend the possible use cases
of virtual commissioning after physical commissioning has taken place [12]. Up-
dating the virtual model with data from the real system, for example the wear of
components in the physical system, allows for better simulations and predictions
[13] [14].
To realize this continuous update of the virtual environment, the use of so called
anchor points have been proposed [11] [15]. By de�ning references within the phys-
ical system it is possible to update the virtual model to match the current state of
the physical system. These anchor points can be divided into the di�erent domains
of software, electrical and mechanical depending on their nature, allowing multiple
ways of synchronizing the digital model with the physical system.
There has also been methods developed which aims to listen in on the actions per-
formed by the physical system [16]. By sequencing these actions into operations, it
is then possible to determine if the system ever deviates from its de�ned model.

1.2 Problem formulation

The state of the art research mentioned above aims to aid the development of virtual
commissioning by either:

A: Reducing the amount of work needed to perform virtual commissioning

B: Broaden the usage of virtual commissioning and digital twins

The digital twin is a centerpiece within each of these aspects, and developing and
updating the digital twin is a task which requires a lot of work.
If a method to automatically update a digital twin could be developed it could
reduce the amount of work that has to be performed during early stages of vir-
tual commissioning, as well as increasing its usefulness once the physical system is
operational.

2



1. Introduction

1.3 Purpose and aim

This thesis aims to propose and verify a work�ow which is capable of identifying
geometrical changes to an environment; namely if an object has been added to
or removed from the environment and where the object is or was positioned. The
objective is to produce results that has the possibility of being used to automatically
update a digital twin.

1.4 Research questions

To be able to determine if the proposed work�ow ful�lls its purpose, the results
should aim to answer the following research questions:

1. Is it possible to create an automated process for the intended purpose? If so,
what are the prerequisites?

2. Is it possible to identify a geometrical change in an environment as an object,
and if so to what certainty?

3. How accurate can the pose of an object be estimated?

1.5 Delimitations

This thesis does not intend to produce a fully automated system, but prove that
by combining the selected principles a satisfactory result is achievable. Some of the
included principles have their own varying degree of performance, but for the sake
of evaluating the proposed work�ow these principles have been assumed to have a
100% accuracy.

3
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2
Problem deconstruction

The main problem presented in Chapter 1 can be deconstructed into a few underlying
problems, each with the possibility to be solved separately. These subtasks are
presented in this Chapter, along with a short presentation of existing methods to
solve each subtask.

2.1 Information acquisition

To be able to analyze anything related to an existing environment, the �rst thing
that needs to be done is to detect its current state.
There exists many di�erent methods of acquiring geometrical information of an
environment, all with their di�erent advantages and limitations. A property they
all share is the possibility to produce point clouds, which is a common way storing
data of 3D objects and surfaces.
A few of the most common methods of acquiring geometrical information of an
environment are presented below.

2.1.1 Laser triangulation

The laser triangulation technique consists of a laser and a camera, with a �xed
known pose relative each other. The laser projects a line onto an object and the
camera captures the distortion of the laser, which is illustrated in Figure 2.1.

Figure 2.1: Illustration of laser triangulation and how a laser beam distorts around
a surface

5



2. Problem deconstruction

By knowing the relative pose of the laser with respect to the camera, it is possible
to triangulate the surface of the scanned object from the distortion. The scanning
can either be done through turntables and a �xed laser and camera, or by manually
moving the laser and camera over the object. Note that in both cases the relative
pose between the laser and the camera is �xed. The main advantage of the laser
triangulation technology is the accuracy. With an accuracy on the scale of microm-
eters, it can produce a good representation of the object.
The main drawback is the small scanning area. Only the area onto which the laser
is projected can be detected at each time instance, making the time needed for
scanning scaling with the size of the object. Another drawback is how the scanning
process is performed. The scanning takes place in close proximity to the object
itself, making scanning of a large environment a tedious and time consuming task.
During this time any part or object related to the scan has to be �xed, since any
movement will render the scan useless.
Since the laser has to pan over all surfaces, there is no simple way of applying this
scanning method in an automated fashion for objects of varying shapes and size.

2.1.2 Structured light

Scanning methods based on structured light are of a similar nature as the laser tri-
angulation in the sense that it measures the deformation of a light-based projection
onto an object. The di�erence lies in the type of pattern projected; where laser
triangulation only projects a laser line or dot, the structured light instead projects
a two dimensional structured image. Like the laser triangulation method, the shape
of the object is then calculated through triangulation based on the distortion of the
projected structural image.

Figure 2.2: Method of structured light scanners

The main advantage of structured light is the larger �eld of vision compared to laser
triangulation. This reduces the time needed to capture any relevant geometry. A
drawback of the structured light method is, just like the laser triangulation, the need
of the object in question to be in a �xed position during scanning. It also requires
the scanner to pan over all objects and surfaces which are of interest, and the time

6



2. Problem deconstruction

required to perform a scan scales with the area that needs to be covered.

2.1.3 Time-of-�ight laser scanners

Just like the laser triangulation, time-of-�ight laser scanners utilizes a laser and a
receiver to detect objects in the surroundings. The di�erence lies within how the
laser is utilized; while a constant laser is emitted in laser triangulation, the time of
�ight scanners instead send out a laser pulse. The time it takes for the laser to be
re�ected on a surface, bounce back and be registered by a receiver is then timed,
which can be used to calculate the distance traveled by the laser in that direction.
This is repeated multiple times, where each successful measurement represents a
single point in the point cloud.
Compared to laser triangulation and structured light, which moves the scanning tool
around the object, the time-of-�ight scanners have a �xed point in space from which
the scanning is performed. The data gathered from each scan will therefore be the
environment from that point of view, no matter the distance.
Due to the technology, once the scanner has been placed into the environment it
will need to send out multiple impulses to capture the point of view from this ex-
act position. This is performed automatically, compared to previously mentioned
methods which needs to pan over the object of interest.
Since this method scans the environment from one speci�c point in space, objects
might obscure anything which is positioned behind them from the point of view
of the scanner. Therefore the scanning equipment has to be moved to multiple
locations to capture the whole environment. In addition to multiple scans, a few
reference points also needs to be placed into the environment. These are used to
locate the relative position between the scans, so that a complete representation of
the environment can be constructed.
The number of scans needed to create a good environment representation di�ers
based on the complexity of what is to be scanned, as well as the area that is in-
tended to be covered. Due to this each scanning session needs to be planned out
ahead based on the current scenery. Like the previous methods the area scanned
needs to be immobile for the scanning to work. Since each scan usually takes a few
minutes to complete, this scanning process can become time consuming.

2.1.4 Photogrammetry

Another way of creating a spacial representation of an environment is through pho-
togrammetry. Photogrammetry is the technique to create a 3D model from 2D
images by utilizing the principles of the pinhole camera model (equation 2.1, illus-
tration in �gure 2.3) and extracted features from the images. The foundation of the
pinhole camera model states that there exists global coordinatesU which can be
transformed into the local, image pixel coordinatesu through multiplication with
the camera matrix P.
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2. Problem deconstruction
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The camera matrix P further consists of the following components: a 3x3 cali-
bration matrix K , which contains information needed for converting between pixels
and world coordinates a 3x3 rotation matrixR, representing the orientation of the
camera relative the world coordinate frame a 3x3 identity matrixI a translation
vector C, representing the translational movement of the focal point of the camera
in global coordinates.

P = KR [I j � C] = KR
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By analyzing and detecting features in each image, these features are used to match
images which are taken from positions in close proximity to each other. Then, by
utilizing these features alongside RANSAC and triangulation, the relative position
from which each image is taken can be calculated.

Figure 2.3: Illustration of feature matching in photogrammetry

The main drawback with photogrammetry is that it needs images to overlap to be
able to �nd matching reference points, and the images needs to be processed to
know if they create a good enough result.
Like the previously mentioned methods, photogrammetry needs the environment to
be still during the data gathering. Any deviations or con�icting poses will not be
recognized as part of the environment, and could in worst case be completely left
out. Compared to laser scans, photogrammetry is more �exible since a camera isn't
�xed in space the same way a laser is. Since it is easier to move around it can be
easier to capture some intricate details which might only be visible from one point
of view.
There exists a few di�erent software which can create a point cloud through pho-
togrammetry, for example Reality Capture and Alice Vision.

8



2. Problem deconstruction

Another drawback of photogrammetry is that it is lighting sensitive. Varying light
within images will produce di�erent features, and too dark environments might
completely omit feature detection. The accuracy of the resulting point cloud also
depends on the resolution of the images, since a low resolution increases the uncer-
tainty of the location of the point in the real world.
The time it takes to complete a photogrammetry session depends mainly on two
things. First, the level of detail detection increases time consumption. Since at
least two images is needed of the same area to be able to calculate the depth, an
object with a lot of intricate details will need a lot of images taken from many dif-
ferent angles. This will slow down the process considerably.
Secondly photogrammetry has an advantage over the previously mentioned meth-
ods, namely the possibility of using multiple cameras at the same time. As long as
no parts are moving in between the shots, there is no limitation on how many that
can be used at the same time. Therefore the time needed for data gathering with
photogrammetry mainly comes down to the cost of the cameras that should be used.
If the relative positioning of the cameras is known, it could also help speed up the
processing. Even clustering cameras together, and thereby knowing their position
relative each other, could be of great help reducing the processing time.

2.2 Change detection

Since the goal is to be able to detect geometrical changes that has occurred in an
environment, a comparison between two instances created at di�erent times needs
to be made.
As mentioned in the beginning of 2.1, a common way of representing 3D objects
is through point clouds. Due to this, special tools has been developed to aid in
analyzing point clouds. These are mainly divided into either programming libraries,
like PCL, or specialized software such as Cloud Compare.
By aligning the two instances of point clouds and selecting one of them as a reference,
the distance between the closest points within the point clouds can be calculated.
Comparison of point clouds has previously been researched at Chalmers [17]. This
thesis compared the accuracy of photogrammetry with a time-of-�ight laser scan by
calculating the distance to the closest point between the point clouds. The deviat-
ing points occur mainly to the di�erent detection ratio between the two methods,
which in turn shows that both capturing methods is capable of creating an accurate
representation of the environment.

2.3 Identi�cation

To be able to tell a computer what object has been added to or removed from the
real environment, there needs to be some sort of identi�cation process. This is
commonly done through a trained neural network, which is a proven method for
computers to identify objects from digital media.
A known method of accomplishing this is through computer vision. They have time
and time again showed promising results in digitally being able to detect and classify
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objects appearing within images.
The main drawback with a neural network is that it needs a lot of images for train-
ing. These images needs to be annotated based on the level of detection, ranging
from general content word tags to de�ned bounding boxes or segmentation of im-
ages. This is a time consuming and labor heavy task, in some cases being borderline
futile.
To reduce the work needed for annotating images, research have tested if synthetic
images can be generated and used to train a neural network. In [18] it is shown that
this is indeed possible, but not without its drawbacks. The main di�erence is the
reduction in prediction accuracy, which can be attributed to the rendering quality
of the images.
Even though there is a reduction in prediction accuracy, one can argue that the
reduction of work associated with automatically generated images and annotations
outweighs the drop in accuracy.

In [19], a method of identifying objects within a point cloud is presented. This is
done by projecting the point cloud into 2D depth images. These images are con-
structed from planes either cutting through the point cloud, or evenly positioned
and spread out on an encapsuling sphere.
The same procedure is performed on objects of interest. Using the projected 2D
depth images from the object, features are extracted which is used for identi�cation.
By matching features between the environment and object point clouds projections
it is possible to detect within each image where an object of interest is located. This
area is highlighted and projected back into a 3D environment. The objects location
is then determined from the overlap between the projected areas.
Since the pose of the planes which the point clouds are projected into is known, once
a match between object and environment is found an orientation of said object can
be estimated. This is achievable since the pose of each image is known, and through
a chain of transformations the orientation of the object within the environment can
be estimated.
Even though this method is capable of detecting objects within an environment,
there are a few drawbacks with using this method to detect changes in an envi-
ronment. Primarily there exists no coordinate system, which makes the calculated
position only relative the whole point cloud. Secondly the accuracy of the estimated
pose is dependent on the spread of the generated 2D depth images. Thirdly it has
to be known what object is sought or all objects of interest will be marked. This is
typically not the purpose of detecting changes to an environment, where an unknown
object should be identi�ed. As a fourth remark, when searching for all objects of
interest the computational time scales with the size of the analyzed environment.

2.4 Pose Estimation

To be able to automatically update a digital twin it is also necessary to be able to de-
termine the pose of the objects that are the source of the geometrical changes. there
exists mainly two di�erent methods which allows a computer to do this manually,
which is either through the use of a trained neural network or by manipulating and
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2. Problem deconstruction

matching the geometrical data of objects that are stored in a point cloud format.

2.4.1 Neural network

Neural networks can be used to estimate the pose of an object in a similar way to
object classi�ers. By training a neural network to identify certain feature points
on an object, a computer is capable of estimating the pose of an object from a 2D
image.
The main drawback with this method is that it requires a lot of data to train
such a network, and to the authors knowledge there has not been any attempts at
training such a network on synthetic data. Therefore, for the purpose of integrating
such a network in the work�ow, a lot of training data would have to be manually
generated. Coupled with the accuracy and reliability of the pose estimation from
such a network, this method has been removed as a viable option at the current
time.

2.4.2 Point cloud data manipulation

Point clouds generally contain a lot of data and information themselves. Since each
point in the point cloud represents a distinguishable instance within the environ-
ment, it can be assumed that points with similar features should be located in close
proximity to each other. This can be used as a reference when comparing and align-
ing point clouds with each other.
Global registration is a method which aims to roughly align two point clouds with
each other. This can be done in many ways, but the common denominator is to
identify features related to the points in the point clouds and then use RANSAC
on these points. Global registration is a method which is best suited to roughly
estimate the pose of an object fast, but is ine�cient for �ne tuning.
Another way of comparing point clouds is the iterative closest point (ICP). As it
name entails, it iterates through a comparison between two point clouds based on
the distance between the closest point in the other point cloud. By making small
adjustments to the aligned pose in between each iteration instance, the point cloud
alignment can be �ne tuned.
A known drawback with ICP is the possibility of reaching a local minimum. This
mainly occurs when trying to align point clouds without similar starting positions.
By using global registration to estimate a rough alignemnt, and ICP to �ne tune
the pose, it is possible to avoid the local minimums which might occur when only
running a ICP algorithm.
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3
Proposed work�ow

Taking all methods and techniques presented in Chapter 2 into consideration, the
identi�cation and change detection process stands out with its limited options. For
identi�cation, all methods uses some form of computer vision applied on images.
This leads to images being a core component of the developed method. In the case
of detecting geometrical changes, it is possible as long as the environment is repre-
sented in a point cloud format.
All methods which is capable of detecting the geometry of an environment can
produce point clouds as the output format. Even though laser triangulation and
structured light is capable of producing accurate representations of the environ-
ment, both of their applicability is limited based on the need of an operator. A
general way to automate these methods does not simply exist.
As can be shown in [17], both time-of-�ight scanning and photogrammetry are ca-
pable of producing similar results. Due to this photogrammetry is to be preferred
since images is needed for identi�cation and can be reused. The time needed to
scan an environment with a time-of-�ight scanner scales with the complexity of the
environment, while the time needed to capture photographs of the environment can
be reduced by using multiple cameras at the same time. Using cameras can also be
considered less invasive, since they are easy to remove from the environment should
it be needed.

Based on these arguments, and the sub-problems presented in Chapter 2, the method
to detect changes in an environment can be divided into three sub-processes. Fol-
lowing is a more in depth presentation of these processes.

3.1 Prerequisites

For the intended method to function, a few assumptions based on the performance
of previously presented state of the art research have been made.
Firstly it is assumed that there exists some sort of clever component repository,
containing a CAD �le of each object of interest. Secondly it is assumed to exist
a neural network which is capable of detecting these objects within images. For
convenience, it is also assumed that this network is capable of identifying each
object with 100% success rate, as long as a reasonable part of the object is visible
within the image.
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Figure 3.1: Diagram of input data processing work�ow

3.2 Processing of input data

Compared to the information acquisition mentioned in 2.1, the processing of input
data also includes all the work that needs to be prepared for the proposed work�ow
to function. This work is mainly related to the object classi�er used for identifying
the objects of interest.
For full automation of the proposed method, an external trigger is needed to initiate
the process. This trigger can favorably be connected to an anchor point, and is
hereon assumed to exist.

Figure 3.2: Diagram of input data processing work�ow

3.2.1 Photogrammetry

Once the trigger is activated, new photographs of the environment is captured.
By using these images and photogrammetry, a point cloud representation of the
environment can be generated. Due to familiarity, previous use and the accuracy of
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the software, Reality Capture, created by Capturing Reality, have been used when
developing this work�ow.
For reference and scaling of the environment, a reference sheet has been used. This
reference sheet will be placed within the environment, creating a plane of four points
with known distance to each other. This ensures that the point clouds will have the
same size, which is crucial for further analysis.

3.2.2 Object classi�cation

Alongside the photogrammetry, the photos will be used to identify any objects of
interest. The intention is that this should be done by passing each image through
the pre-trained neural network, which generates bounding boxes of all identi�ed
objects according to the YOLO notation. The neural network is intended to have
been trained on synthetic images created from the CAD-�les of the objects that are
relevant to the environment, as stated in 3.1. By doing so the developed work�ow
will have a focus on automating the process.

3.2.3 Point cloud comparison and clustering

The newly generated point cloud of the environment is now compared with a his-
torical point cloud of the environment. Even though the coordinates of the points
generated in each photogrammetry session are di�erent, the distance between the
points representing the same object in the same position is short [17].
By comparing the two point clouds it is possible to create a scalar �eld associated
with the compared point cloud, representing the distance to its closest neighbor in
the reference. By �ltering the points based on this distance it is possible to omit all
but the deviating ones. These points then represents some sort of geometric change
that has occurred within the environment.
The detection of deviating points is closely related to which point cloud is used as
the reference. By comparing the new point cloud with the historical one, any added
object will be detected. By changing the comparison order, and use the newly gen-
erated point cloud as reference instead, an object that has been removed can be
detected in the same fashion.
It is safe to assume that �ltered points that are positioned closed to each other
belong to the same object. Therefore the deviating points are grouped together
based on the distance between them, generating clusters of points which is assumed
to represent an object.
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3.3 Identi�cation

Figure 3.3: Diagram of identi�cation work�ow

When the deviating points have been separated into clusters of geometrical change,
each cluster has to be analyzed to determine if it is an object of interest. This is
done by projecting the deviating points back into the photographs of the environ-
ment through reversed photogrammetry. Then a 2D bounding box is generated for
each cluster by extracting the maximum and minimum pixels in x- and y-direction,
encapsuling all 2D points of that speci�c cluster.
Once all the clusters have been re-projected, the 2D bounding boxes from the YOLO
neural network is imported. By calculating the intersection over union (IoU) be-
tween the neural network bounding boxes and the cluster bounding boxes, each
cluster of deviating points can be matched with an identi�ed object of interest. The
IoU is calculated for the re-projection of clusters in all images, from which a mean
overlap is calculated.

To properly identify the relevant clusters, while also avoiding faulty identi�cations,
an identi�cation metric is created. This metric is the product of the IoU and the
ratio between the number of times bounding boxes overlap and the number of times
an object occurs within all the images.

metric = IoU �
nr _ overlaps

nr _ occurrences
(3.1)

Figure 3.4: Illustration of IoU, intersection over union
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This metric weighs in favor of a high level of overlap, while limiting faulty identi�-
cations that can occur when an object is positioned in such a way that it perfectly
obscures the real object that is responsible for the geometrical change.

3.4 Pose estimation

After the clusters representing the objects of interest have been identi�ed, the next
step is to estimate the pose of the object. Each cluster is paired with a point cloud
of the identi�ed object, where the cluster is used as a reference. As described in
section 2.4.2, a combination of two algorithms is used to estimate the pose. First a
global registration is performed to estimate a rough transformation, which is then
improved upon with ICP.

Figure 3.5: Diagram of pose estimation work�ow

Once an estimation of the pose have been made, the resulting transformation matrix
can be forwarded to a software which updates the digital twin.
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4
Test case generation

To test the performance of the proposed work�ow a simple test environment was
created, which contains up to �ve pre-selected objects. These objects are a power
drill (PD), a robot vacuum (RV), a manual vacuum (MV), a �re extinguisher (FE),
and a drone case (DC). To generate a few di�erent test cases from the environment,
some of the objects were either added to, removed from or re-positioned within the
environment.
For each test case a number of photos were taken using an Olympus PEN E-PL9[20].
These images will be used for creating a point cloud representation of the environ-
ment, as well as input for the identi�cation process. Due to limited time for this
thesis all images were manually annotated. Since the output from the neural net-
work is already assumed to have a 100% accuracy this won't a�ect the results, and
the intention of this thesis is to evaluate whether or not an automated process for
the intended purpose can be developed.
For creation of the point clouds the software Reality Capture was used. It was cho-
sen due to its performance and familiarity with the interface as well as the possibility
to export the camera poses, which are needed to re-project the deviating points back
into the image.
Since a point cloud database doesn't exist, the objects used in these test cases were
scanned using a handheld 3D scanner. The three objects used for testing were either
scanned using an Artec Eva Lite[21] or an Artec Space Spider[22], creating a point
cloud representation of these objects.
After generating these test cases, before testing the identi�cation and pose estima-
tion process, a comparison was made between each captured setup of the environ-
ment to make sure that the process would be able to �lter out the object of interest.
In this chapter the data from these comparisons will be presented.

4.1 Benchmarks and measurements

To validate the accuracy of the point clouds, a reference setup was created. This
setup was �rst scanned with a FARO time-of-�ight laser scanner, before photos were
taken which were used to create a similar point cloud through photogrammetry.
By comparing these two point clouds the deviations in distance could be measured,
which can be seen as a benchmark of the accuracy of the photogrammetry-generated
point clouds.

19



4. Test case generation

Figure 4.1: Histogram of deviation between photogrammetry and laser scan

As can be seen in Figure 4.1, the mean deviation between the point clouds generated
from photogrammetry and time of �ight laser scan is just above 4mm. This is in
line with the �ndings from [17], which shows that it is possible to generate point
clouds with the expected accuracy with the test setup.

4.2 Test case description

Each point cloud generated for the test cases were compared with the point cloud
of the reference setup that was created through photogrammetry. This was done
to try and emulate a real world application, since the comparison is intended to be
done with point clouds generated from photogrammetry.
The distance between the points in the point clouds was then calculated. The
distribution of distance deviations was then used to create four �ltering thresholds.
Any points in the compared point cloud with a distance to its closest match in the
reference point cloud less than this threshold is then �ltered out, leaving only the
deviating points. These thresholds were set atmean, mean + 0.5 std dev, mean + 1
std devand mean + 1.5 std dev, which later will be used to determine if a particular
threshold while �ltering the point clouds is preferred.
For each test case a reference transformation matrix was manually extracted by
aligning the object point cloud with the object in the environment generated by the
time of �ight laser scan. This transformation matrix was then converted from a 4
by 4-matrix into a pose of rotation (roll, pitch, yaw) and translation (x,y,z), which
is used as ground truth when comparing the automatically calculated poses. This
conversion is done for clarity purposes, since it is easier to interpret rotational and
translational changes.

4.2.1 Added object

The �rst test case consists of detecting an object that has been added to the envi-
ronment. In this case a blue manual vacuum has been added, which can be seen in
Figure 4.2b.
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(a) Reference environment. (b) Environment with added object.

Figure 4.2: Images of added object

All objects were kept in the same position, with the same orientation, except for
the manual vacuum. After comparing the two point clouds, the following histogram
and thresholds were generated.

Figure 4.3: Distance distribution
between point clouds, added object

Table 4.1: Filtering thresholds, added
object

Threshold Distance (m)
mean 0.029284

mean + 0.5 std dev 0.082098
mean + 1 std dev 0.134912

mean + 1.5 std dev 0.187726

Compared to the benchmark, the mean and standard deviation is relatively large.
This could be due to the size of the added object, the vacuum has a height of
approximately 60cm. When looking at the di�erent �ltering thresholds, it can be
determined that parts of the vacuum will be present among the �ltered clusters.
Lastly, the manually acquired reference pose is presented in Table 4.2, where the
origin is placed on the calibration sheet that is visible in the upper left corner of the
images.

Table 4.2: Reference pose, added object

X-dir (m) Y-dir (m) Z-dir (m) Roll Pitch Yaw
+1.009 +2.120 +0.333 64.11 -5.41 -39.29
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4.2.2 Removed object

The second test case is to detect an object that has been removed from the envi-
ronment. In this case a powerdrill has been removed, which can be seen in Figure
4.4.

(a) Reference environment. (b) Environment with removed object.

Figure 4.4: Removed object

Taking a closer look at the distance distribution, all values are smaller compared to
when the manual vacuum was added to the environment. This further strengthens
the theory that the threshold is dependent on the size of the object of interest, since
the powerdrill is smaller than the manual vacuum.

Figure 4.5: Distance distribution
between point clouds, removed object

Table 4.3: Filtering thresholds, removed
object

Threshold Distance (m)
mean 0.005546

mean + 0.5 std dev 0.016216
mean + 1 std dev 0.026886

mean + 1.5 std dev 0.037556

Table 4.4: Reference pose, removed object

X-dir (m) Y-dir (m) Z-dir (m) Roll Pitch Yaw
+0.700 +1.230 +0.090 62.05 -0.79 -128.82
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4.2.3 Re-positioned object

If an object is present in both the before and after point clouds, but not located in
the same position, it can be assumed that the object in question has been moved.
This will result in the same object being detected when searching for both added
and removed objects, and the same principles can be extended to include this type of
change to the environment. For this test case, the powerdrill was moved to another
position in the environment.

(a) Reference environment. (b) Environment with re-positioned
powerdrill.

Figure 4.6: Re-positioned powerdrill

First the new point cloud was set as reference, to detect if any object of interest has
been removed. The calculated distance deviations are of a similar magnitude as the
case when the powerdrill was removed which is what to be expected, since in both
cases the same object has disappeared compared to the reference.

Figure 4.7: Distance distribution
between point clouds, before object
re-position

Table 4.5: Filtering thresholds, before
object re-position

Threshold Distance (m)
mean 0.005726

mean + 0.5 std dev 0.0164235
mean + 1 std dev 0.027121

mean + 1.5 std dev 0.0378185

Since the position of the powerdrill is identical to before it was removed, it will in
this case have the same reference pose as before removal.
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Table 4.6: Reference pose, before object re-position

X-dir (m) Y-dir (m) Z-dir (m) Roll Pitch Yaw
+0.700 +1.230 +0.090 62.05 -0.79 -128.82

Now swap the comparison reference to the old point cloud to detect any added
objects. As can be seen in the histogram in Figure??, some deviation is detected.
Compared to the thresholds used to �lter the before point cloud, these are of a
larger magnitude even though the same object is used. This could be explained by
looking at the upper end of the distance distributions of the two comparisons. The
largest distance deviation in Figure 4.7 is about 24cm, while the scale in the after
comparison reaches 70cm. This could be due to a higher level of noise within the
after-point cloud, which also explains the higher �ltering threshold. in this case.

Figure 4.8: Distance distribution
between point clouds, after object re-
position

Table 4.7: Filtering thresholds, after ob-
ject re-position

Threshold Distance (m)
mean 0.008558

mean + 0.5 std dev 0.024672
mean + 1 std dev 0.040786

mean + 1.5 std dev 0.0569

Table 4.8: Reference pose, after object re-position

X-dir (m) Y-dir (m) Z-dir (m) Roll Pitch Yaw
+0.881 +1.773 +0.086 63.19 -1.02 87.45
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