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Abstract

Due to the rising use of Machine Learning in the tech industry the last decade
and the increasing amount of publicly available data, the demand for data and
Machine Learning scientists has grown as well. The lack of resources prevents
many companies from utilizing Machine Learning strategies in their projects.
This thesis explores a workflow at SiB Solutions with the goal of creating and
maintaining several image data sets used for adapting Machine Learning models
for various use cases. However, the workflow is currently deemed unfeasible due
to the amount resources required to operate. In order to propose improvements
to the workflow, the components of the workflow are analyzed and the issues of
the components are identified. The issues identified are mainly large amounts
of manual labor, high competence requirement due to lack of manageability of
data sets. An improved workflow is proposed for each of the components by re-
searching causes and solutions the the issues. The result is a proposed workflow
that is fully automated with the exception to two cases: manual correction in
cases where the automatic data pipeline makes mistakes and when a special cus-
tomization of the data set, beyond the regular customization of the workflow, is
required. An examp]e imp]ementation is made for the components of the work-
flow that are deemed to be the major sources of inefficiency as a proof of concept.
The automated workflow, along with the addition of easily interpretable data set
specifications, provide the ability to effortlessly generate and recreate data sets,
provides improved management of the data sets. Thus, the amount of required
resources to operate the workflow, in terms of time and competence, is reduced.

Keywords: MSc, CS, Machine Learning Workflow, Object detection, Image Processing,

Data-driven workflow, Data Science, Image Data Sets
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Chapter 1

Introduction

In the modern world of computer science, the concept known as “Big data” [1] introduces new
challenges that pertain to the management of the vast amount of data that has become widely
available with modern information collection and distribution. In the context of image and
video data, in order to properly utilize all the information collected by various systems, com-
panies and software systems have come to rely on automatic processing by machine-learning
(ML) for automatic detecting and classification of objects. Companies within various in-
dustrial fields have started to utilize this type of processing. Examples of such fields include
video-surveillance [2], medical imagery analysis [3] and automatic vehicle control [4]. Fur-
thermore, image processing techniques such as object detection and image classification has
become more accessible to the general public within the last decade. This is, to a great extent,
due to large companies such as Google [5] and Facebook [6] supporting ML through the de-
velopment of high-level frameworks that enable more accessible utilization of ML techniques
for automatic media processing [7].

In regards to image processing using such frameworks, a ML model is a neural network or
algorithm tuned through the provision of training data which adapts the parameters of the
model to make predictions about unseen input dataina speciﬁc use case(8] PP- 14-15]. Such
models are utilized by the high-level frameworks to effectively process data [9]. But in or-
der to fully utilize the effectiveness of intelligent ML processing, the ML models, require a
massive amount of training data to reach their full potential in terms of accuracy of the pre-
dictions [10]. This leads to collections of image training data, also known as training data
sets, to become increasing]y 1arge in size due to the number ofimages required to ef‘Fective]y
adapt the model. Apart from size, another challenge is to effectively manage such data sets
as more data is added. As data is continuously added to the data set, the expanding data sets
become harder to manage. Notably, in terms of processing massive amounts of incoming data
in order to verify and utilize it to expand existing data sets. The purpose of the verification
is the detection of invalid data, for example, data that is either presented in an incorrect for-
mat, mislabeled or has been incorrectly placed into data set. This is important since adding




1. INTRODUCTION

invalid data can have a notably negative impact on the accuracy of the model when used to
conceive a ML model . Thus it becomes necessary to prevent this by managing the data
sets more carefu]ly with method such as version control and Verifying the data before ap-
proving it for admission into the data set. However, if it is done through backing up the data
set at various points, it means storing multiple version of the same data set which is is often
already impractically large.

This has prompted the creation of management tools for handling the storage and version
control of large data files that can be utilized for casier management of image data
sets. While tools like this has greatly contributed to remedy the issues, there are still critical
issues related to the management of data sets left to solve. Mainly the process of extending
the data set and the generation of subsets from the data pool. Both of which require a sub-
stantial investment in terms of time and knowledge of the process.

This highlights a core issue for the many industries relying on ML advancement: high la-
bor cost for data management and an extensive need for technical expertise in the ML and
data science area. 2017 IBM published a report describing how the demand for data
science skill is rising alongside technology but the job market cannot supply the demand in
relation to this issue. Further, many recent news-articles and reports claims that
the increasing shortage and rising demand for AI/ML engineers and data scientists indicates
that the cost imposed by utilizing ML strategies makes it inaccessible to many industries and
companies due to competence shortage.

An initiative to continuous]y improve ML models has been dubbed Automated machine
learning (AutoML ) and has gained popularity in recent years. The goals of which par-
tially aims to remedy the issues related to the lack of expertise and labor cost by automating
the iteration process of creating a ML model for specific function . The main objective
is described as the ability to make decisions in a data-driven, objective, and automated way
to solve the provided issue p- ix]. The user would simply provide data and gain a solu-
tions to the problem. In other words, it strives to effectively eliminate the need for human
involvement in the process beyond the initial setup and problem definement.

Phase 1. Data Pipeline Phase 2. Model Building

- = ===

Figure 1.1: The general high-level workflow of the AutoML initia-

tive. Source:

The figure above visualizes a high-level simplified workflow of the AutoML iteration pro-

cess from incoming raw data to a tuned model. The second phase, labeled “Phase 2: Model
Building”, of the simplified workflow consists of the generation and tuning of the model
used for predictions. However, this thesis applies to the following case, where the model is
already created and tuning is implemented by one of the mentioned high-level ML frame-
works. Therefore, the area prone for improvement is the data pipeline specified, defined as

the first phase of the workflow described in the paragraph below.




1.1 PROBLEM SUMMARY

The first phase, labeled “Phase 1. Data Pipeline”, consists of the three following substeps:
Processing the data by extracting all information required for generating the data set in the
“Data Preprocessing” step, defining the the features of the data in the “Feature Extraction”
step and finally selecting which features the model should eventually learn to recognize in the
“Feature Selection” step. These features can be very ambiguous in their definition so finding
features which can act as input parameters for the second phase is crucial to the process. This
phase is the main focus of this thesis. This AutoML data pipeline workflow should endeavor
to implement a data-driven solution that processes raw data and finally serve a fully prepared
data sets, with minimum supervision, ready to be deployed directly into the second phase.
Ideally it would act as black box, void of human interaction [18| p. 181]. This thesis aims to
propose such a workflow.

1.1 Problem Summary

SiB Solutions AB is a startup company based in Lund, Sweden, that aims to reduce the
amount of errors in the logistics sector by providing services that offer solutions and op-
timizations to problem in supply chains. The company was founded in 2017 and has, as of
the time of writing, 23 employees and is expanding rapidly into the global logistics sector.
The services are based on video analytics supported by artificial intelligence which is used
to detect and ideally prevent errors as they occur. A practical example of this is the ability
to prevent the incorrect items from being packaged into parcel before it has been sent by
identifying the inside using a video feed and cross referencing it with the intended content
in the parcel content note.

To accomplish this, the company relies on the object detection technology in order to au-
tomatically analyze the movement of objects in real-time of desired object using a live video-
feed for many various situations and environments. To handle the large amount of incoming
video data, the company currently utilizes object detection using machine-learning model
(ML models). These ML models are pre-designed in order to be utilized by a high-level frame-
work and pre-trained on a large general image data set in order tweak the models parameters
for use within image processing, as is expanded upon in Section However, in order to
adapt a model to one of multiple specific use cases desired by the company, a data set for the
specific circumstance the model will handle needs to be crafted. The crafted data sets are
constantly expanding and may share common image data since use cases often overlap.

A practical example of this is cardboard boxes and containers which are both items that
are consistently present within warchouses and logistic companies’ other areas of operation.
Both items are generally of interest to track which means that most of the data sets share
a great deal ofimages containing the above-mentioned items. Additi(ma]]y, to gain the ex-
pected effectiveness of the adaptation of the models, the data set needs to be quite large. This
is due to the sheer effectiveness increased training data amount has in terms of an ML models
prediction accuracy [10] and the requirement for accuracy is high in order to provide the de-
sired confidence in the models conclusions about any given circumstance. In conclusion, the
company faces several challenges when expanding the data set due to the following factors:
The cross-dependency of data sets, the large amount of data and the varying scenery of the

9



1. INTRODUCTION

various sources.

To continuously improve the model accordingly, the company has a workflow to build and
extend current data sets used for training using image data from the cameras supervising the

scene. The current process is visualized on a high-level in Figure

Data Source (Camera) | - Data Collection » Pre-Processing : - - - #{ Datapool
— Data Selection _‘p o T :
Datapool - ------ - FEESTERR » Post-Processing : - - # Validation : - - » Final Data Set

Figure 1.2: Current Dataflow with the manual components dotted

Image and video data is fed continuously to a central location. Operators can then manually
collect and process the data from cameras in order to add the data to the main Datapool
which contains all the processed data collected. To then make a training data set, data is
manually selected from this main data pool. It is then prepared through manual means to fit
the required data formats and validated by means of manual judgment to detect any general
issues or flaws that might impact the final model.

Several issues can be identified in the current process. The main reason for ineffectiveness
is the amount of manual intervention required. The manual solutions in data-science has
the disadvantages of being expensive in terms of time. Not only due to the initial time in-
vestment during the collection but additionally the introduction of human errors. Human
errors not only including oversights and mishandling but also sync and communication er-
rors between multiple data operators. Examples of such being: referring to the same object
by different names, storing data in different locations and in different formats. All of which
cause major difficulties for the operator crafting the data set along with the understanding
of the use case and general ML knowledge required to decide what the data set should consist
of. This translates into massive time, communication and competence requirements due to
the massive amount of incoming data. Thus, processing images and selecting a subset are
the two potential candidates for major improvement here. Another is the unnecessary cre-
ation of copies of existing data which could also be stored more efficiently. As previously
mentioned, data sets share a large amount of images and images are copied from the main
data pool in order to be added to a new data set. And lastly: major improvements could be
made to the management of the subsets. Since the data set are crafted manually, they have no
consistent system of expansion, means to reproduce or clear descriptions of content unless
the craftsman of the data set chose to create a description and include it. In which case the
result can have substantial differences due to the lack of standard procedure. An optimal
pipeline would instead act as an interactive black box as the user would feed image data and
then query for finished data sets, visualized below.

A deeper analysis of the current and proposed workflow is presented in Section

This thesis aims to alleviates the issues by proposing an alternative workflow. Evaluate how
the proposed solutions affects the efficiency of the workflow in terms of time required, how

10



1.2 RELATED WORK

Data Source (Camera) Raw Image Data

Processed data »| Final Data Set

Query for Subset ] Black Box System

User

Figure 1.3: Ideal Dataflow

casily it can be managed with limited ML competence, the extent the data sets can be repro-
duced and how clear the contents of a data set can be presented. Ideally, human interaction
should be limited as much as possible.

1.2 Related Work

1.2.1 Workflow analysis

The main idea of this project is to analyze and improve a workflow by breaking down and
analyzing the individual components of the process. This is done by establishing charac-
teristics of individual components such as context, goal and requirements by researching
use-cases [20, pp. 83-85]. Enhancements may be proposed that accomplish the desired goal
more effectively 20, pp. 86-88].

1.2.2 AutoML

A priority when researching process improvement solutions shall be to strive for a high au-
tomation degree as the amount of human resources in this case is extremely limited. As such,
the project project aims to further the evolving initiative of AutoML by proposing a strategy
for the data-driven data-collection pipeline [19).

1.2.3 Feature Extraction

To effectively categorize raw image data, a system for classifying the image by its identifying
features needs to be employed. Techniques for categorization will be employed and evaluated
for the entire image and for any objects the image might contain such as proposed by the [21]
article. To extract the features: techniques using saliency [22] (similarity), extraction using
ML-strategies (23] 124]) and Scale-invariant feature transform [25] will be imp]emented to then
be evaluated on how effective respective method is in regards to categorization.

11



1. INTRODUCTION

1.2.4 Image Data Modeling

One of the main difficulties in building an image database is how to effectively model the
data in order to effectively and accurately query the main data pool for the requested data. In
order to accomplish this, the following research paper [26] presents a strategy to effectively
model the image database for effective queries. However, it lacks implementations of many
modern feature extraction techniques such as Multi-label image classification [27] when having
images with multiple object and supports for all techniques mentioned to extract features.
In addition, articles such as [28] argue that the next step in handling “big data” lies in the
algorithms that allow for data management, not in the storage systems themselves. In other
words, the process of retrieving and storing data, not in the implementation or performance
of the storage system or database itself. Therefore, the solutions proposed with strive to lessen
the human component of the system by utilizing automation.

1.2.5 Subset Management

Additionally, this project aims to expand upon several methods focused on allowing for au-
tomatic generation of a data set consisting from a larger datapool. This will try to build on
works such as [29] to allow for humanly understandable queries to select the desired subset.
While generation of the data set, automatic sanity check will be evaluated as such procedures
is part of the data pipe]ine. Such methods include: Automatic image quality assessment [30),
which tries to eliminate images of poor quality and other flaws such as imbalanced data
which might compromise the effectiveness of training performed using the data set.

12



Chapter 2
Background

This chapter will present the solutions proposed to improve the workflow. Firstly, all the
theoretical background on the related subjects will be provided. Next, the issues of the cur-
rent workflow will be identified and analyzed in order to then research and evaluate possible
solutions for the separate issues. The solutions will be based on research in addition to the
desired features of the final workflow from the company. Finally, the proposed workflow will
be presented.

2.1 Theory

To fully understand the implementation, the techniques used for automatic data processing
and categorization will be introduced. Not all of the covered techniques will be employed in
the final solutions, but they are evaluated or mentioned as part of a solution in the conclusion.

2.1.1 Object Detection and Image Classification

Image classification is the process of classifying or describe the contents of an image (assign-
ing labels) based on the content either manually or automatically using image processing [31].
To perform this process automatically using a machine- or deep-learning approach, processes
can utilizes convolutional neural networks in order to process the image and automatically
extract features presented in Section The features are then utilized for comparison to
the models learned features of known classes presented in Sectionm

The object detection method, on the other hand, aims to detect and classify all known
objects in an image. So in contrast to image classification, object detection is not limited to
only classifying an image containing a single object but tries to provide information about
the location and identity of multiple objects in the image. This project will provide a pro-
posed solution for creating cither an image classification or object detection data set. While

13



2. BACKGROUND

the models utilizing each approach share many similarities in architecture, they differ in pro-
cessing strategy as described below.

For object detection, there are several approaches to defining the location of an object. Spec-
ifying coordinates for the mid-point of the object, coordinates for a bounding box surround-
ing the object or specifying a contour/mask around the object in question . The approach
this thesis will refer to is the bounding box since is the most common input/output for object
detection models and for literature as stated in . Networks such as Region—based con-
volutional networks (R-CNN) employ a strategy called recognition using regions that
separates the image into multiple predefined regions. Regions are then individually classified
(using the image classification strategy explained above) in order to determine the location
and nature of the desired object if it is known to the model.

R-CNN: Regions with CNN features
Jaeroptanc o |

4

o “H 8l . E i ' :
AW R e N 0 [ tvmonitor? no.

. CNNN,
1. Input 2. Extract region 3. Compute 4. Classify
image proposals (~2k) CNN features regions

R-CNN workflow

Figure 2.1: The “recognition using regions” paradigm of the Region-
based convolutional network visualized. Source:

As Figure[2.1]demonstrates, the R-CNN model will classify many regions individually to es-
tablish the bounding box of any object.

Other approaches such as the sliding window paradigm continuously classifies a portion of
the image instead of fixed regions . This makes model more likely to detect object that
might be placed in a position the fixed regions are unequipped to handle. However, the the
ability to detect object of varying sizes is limited to the specified regions as the regions are
placed in fixed locations that are either included in the detection or not.

Figure 2.2: The “sliding window” paradigm of the Region-based con-
volutional network visualized. Source:

14



2.1 THEORY

In order to compare different object detection model, the most common method is using
AP (average precision) or mAP (mean Average Precision) which is defined as the combination
of‘precision and recall . There are still issues with relying on mAp for object detection
in video. While it fails to convey a variety of factors when it comes to object detection in
video, such as the ability to continuously detect an object in order to track it and the latency
of the detection (as a heavy delay might cause the detection bounding-box to appear out of
sync) . However, for still images, mAP is the standard for measuring models (shown in

Equation .

TP TP
P=— R=——— AP=P=xR (2.1
TP+ FP TP+ FN
where:
mAP = “mean Average Precision”,
AP = “Average Precision”,
P = “Precision”,
R =“Recall”,
TP = “True Positive” (Predicted positive correctly),
TN = “True Negative” (Predicted negative correctly),
FP = “False Positive” (Predicted negative as positive),
FN = “False Negative” (Predicted positive as negative)

Eq. 2.1: Equation for Average Precision (AP).

For a prediction to be considered a TP, the area of intersect of the predicted bounding box
need to be above a certain threshold as presented in Figure To be able to properly compare
the performance in relation to the precision of the bounding boxes produced by a model; the
standard COCO-style mAp is used. This measurement is the average of all AP’s for the
10 threshold values in the interval [0.5, 0.55, 0.6... 0.95] in order to provide a more nuanced
analysis of the performance.

Area of Overlap
loU =

Area of Union

Figure 2.3: Visualization of the Intersect over Union (IoU) between

apredicted bounding bow and the actual bounding box. Source:

15



2. BACKGROUND

IoU adds an indicator of how accurate the predicted bounding box location of any cor-
rectly found object is. The AP is then evaluated for each class which produces the final mAP
for the entire model as shown in Equation

predictions classes
1, IoU, > TRH ST AP,
TP= 0Yn = . map = 2=t AP (2.2)
— 0, otherwise classes

where:

AP = “Average Precision”,

mAP = “Mean Average Precision”

TP = “True Positive” (Predicted positive correctly),
IoU = “Intersect of Union”

THR = “Threshold for IoU”

Eq. 2.2: Equation for Mean Average Precision (mAP).

Depending on the use-case, the desired mAp can vary. If the use-case of the model requires
precise tracking, the mAp metrics with high IoU thresholds are considered more important
as the bounding box needs to be precise for the object to be properly tracked. Whereas use-
cases when the only priority is to simply detect the presence of an object, mAp with a low [oU
threshold, or even plain precision (P), may be a sufficient metric for the intended purpose.

2.1.2 Feature Extraction

In order to effectively categorize an image, an analysis must be performed of the content of
said image to collect the deﬁning features [40]. Human perception is adept at this ana]ysis
as a human can quickly analyze an image and provide information as to the color, texture
and shape. However machines are not limited to humanly understandable features and im-
age classifying machine learning models utilizes feature extraction techniques to effectively
classify an image. So if a specific feature in the images is desired in a data set being crafted
by a human, it would be greatly benefit the human if the feature was expressed in a manner
that the human can understand. This would provide a greater ability to customize a data set
based on these features. Therefore, the solution will strive to include techniques to extract
features for both humans and machines.

Image features for humans

Techniques to classify data in humanly comprehensible term is commonly referred to as bag-
of-words (BoW) where an attempt is made to produce a number of words that can effectively
describe the data. In the case of images, these words can be more casily comprehensible for
humans than raw numerical data.

Generally, there are two types of BoW. Firstly, local/conceptual, which uses techniques sim-
ilar to that of the object detection machine-learning networks by extracting the features of
regions. The regions that contain clearly definable features can be categorized by techniques
such as saliency or Scale Invariant Feature Transform (SIFT). These techniques are primarily

16



2.1 THEORY

used by computers and neural networks to describe features and will be elaborated on in
Section Which claborates on image features used in the ML approach. While the fea-
tures described by the techniques may be humanly describable through words. It is more
commonly the case that the individual feature can only be comprehensible by a machine.

Input
Images

Key Image
Patches

H H H Histogram of
- o R O , Visual Words

™= | ws fxw [

Lqp

O
-

Figure 2.4: Simplified example of extracting key patches for word
categorization of the image. Source:

The second type, contextual, instead uses the background features of an image in order
to express the context of the image, in other words, the “scene”. By using the features of the
background to categorize the image with other scenes with similar background features the
method can effectively name the scene as described in . Examples of this can be seen in

Figure below.

Forest Highway Mountain Coast  Open country

Inside city Street  Tall building Office Store l

Figure 2.5: Describing words generated using the related features of

the images context. Source:

The words produced by such procedures can be added to the images metadata and utilized
to categorize the imagesin order to allow for human inspection as exempliﬁed in Section

17



2. BACKGROUND

In summary: humans are generally much more proficient in recognizing and describing the
context of an image while machines can generally more clearly define the detailed features
of an image. In both cases, humans are generally useful in describing images to other hu-
mans and machine features can be interpreted by other machines. The challenging part is
the connection between the two.

Feature representations for machines

There are many different feature descriptors that can be used. One of the most common is
the Scale Invariant Feature Transform feature descriptor [25] due to several factors such as
it being one of the oldest feature descriptors. It also is relatively simple to compare SIFT
feature descriptors [42]. SIFT is an extremely broad area of the feature description and can
be summarized as techniques to summarize an area of an image into a description of the
arcas feature. The descriptor is created by normalizing the vectors (and by extension the
matrix) defining the area to detect local minima and maxima of contrasting parts of the im-
age. The any local minima or maxima is the midpoint of a feature descriptor and is known
as keypoints [25]. Once a keypoint has been identified, a description of the area including
and surrounding will be established through pooling the matrix through a kernel, producing
the SIFT description which will include descriptions of the areas features. Color content
and local gradient direction which can describe edges and lines can be described with this
description. The descriptors can then be compared simply by cartesian distance to find a
similar feature descriptor [25]. These descriptions may also be clustered through different
means of nearest neighbor search strategies such as k-means or Best-Bin-First method [43).
There are also other effective methods for extracting descriptions of features such as ORB
(Oriented, Features for Accelerated Segment Test and Rotated Binary Robust Independent
Elementary Features) which aims to increase performance of the feature detection algorithm
while also considering orientation and rotation of the feature descriptions [44].

While image classification and object detection ML models use custom feature descriptors
and not SIFT, they do use a similar approach to feature extraction as described above. That
is by matching features with similar features to that of the training data in order to be able
to effectively predict the class of an image, given that it recognizes the features from a certain
class in the training set [45]. The Figureimage visualizes how a R-CNN model uses this
techniques on various regions of an image to establish the possible identity of the region and,
in the process, the bounding box of the object inside if present [23].

Saliency

Saliency detection is an image processing technique that aims to determine contrasting re-
gions of an Image. In other words, objects that would stand out to a human [22}47]. This can
be done by considering many aspects of the the image that differs. A simple example in terms
of ordinary brightness contrast would be a bright object in a otherwise completely dark im-
age. However, alternative contrast that could be taken into account are other atcributes such
as edges, color and sharpness amongst others.

Below is an example of fine-grained saliency analysis performed on an image. This yields
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. Fea | J:J Eiﬁcﬂﬁﬂﬂ
Classification J» n':'
ol =1 ROI poal | Layers | -
' J [ oNN —— 0 >
1 Regression -1y
T o

Region propasal function

Bouniding box

Feature Extractor Object Classification refinement layer

Figure 2.6: Example of how the fast-renn model structure utilizes

feature extraction to classify objects. Source: [46]

a salinecy map which describes every pixel by the amount it contrasts its surrounding pixels
in terms of brightness, color and edges [48].

g

-

Figure 2.7 Fine—grained of an image next to the original sa]iencymap
visualized.

2.1.3 Model Training

A neural-network that has had its parameters tweaked automatically using a set of data in
order to accomplished a specific task is generally referred to as a ML model and the procedure
of automatically tweaking the parameters as training [49]. There are a number of approaches
and algorithms that are utilized to train ML models. But in regards to image classification
and object detection, nearly all object detection frameworks use algorichms that stem from
Stochastic Gradient Decent optimizer (SGD)[50] which is an iterative technique to optimize
a function. In case of model training, the amount of incorrect predictions of the training
data set act as the loss function to be reduced or optimized and the parameters of the model
will be adjusted in order to accomplish this. This means that the model will gradually gain an
improved ability to make accurate predictions on the training data set and thereby similar
dara. Section that explores object detection and image classification elaborates on what
is considered an error in this case but can be simplified as images classified correctly. Since
the algorithm relies heavily on the input data, the importance of quality data increases as the
algorithm will automatically adjust the model incorrectly in case of erroneous data.

Transfer Learning;
Since the training a ]arge scale object detection model is extremely computationally de-
manding, many of the common frameworks for using object detection utilize transfer learn-
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ing . This allows machine-learning models trained for a specialized task to be repurposed
for performing a, similar, but not identical task [52]. In the case of image classification, this
technique is commonly employed to limit the necessary amount of training since objects to
be recognized generally share numerous features. Examples of such features are: outlines,
contrasting colors to the background and uniform color schemes.

Transfer Learning

Input B

Figure 2.8: Simplified overview of a classifier models layers when
performing transfer learning. Source: ||

Figurevisualizes how only a portion of the entire model is actually trained while the ma-
jority of the model is frozen when using transfer learning since the heavy part of the training
has already been performed. This yields steady base layers, adaptive classification layers and

much faster training of the model overall.

However a major risk when using transfer learning is the risk of overficting/bias [54]. Since
only a portion of the models weights are adjusted during training they require more drastic
modification to adapt to the features of the training set. Therefore, if the training data only
consists of a small quantity of images and thereby small quantity of features, the model will
recognize those features and those features only. For example: if a model is trained to detect
birds, but only given images of birds in broad daylight, it might not be able to recognize
birds in rain och dusk. A method to negate the negative effects of this is through introducing
augmentations to the training images in order to make the model more robust to the changes
in the image that should not effect the result. This is explored further in Section The
result would be the same if one class of objects is over-represented is the data set compared
to other classes, it would negate the other classes if favor of the over-represented class. This
means that variety and quantity in the training set is required to negate said bias . Erro-
neous data is also more harmful as a result. Due to the aggressive adjusting of the weights,
data that is causing the model to learn incorrect features are more detrimental to the accu-
racy of the model. In summary, data sets used as training input in transfer learning require a
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large data amount and is gravely affected by erroneous data.

2.1.4 Version control of data sets

A standardized practice in the software deve]opment environment is to impiement version
control into the development of software in the form of a Version Control System(VCS) [55,
pp- 1-2]. This does not only provide a distribution and a backup for the codebase if the
VCS endpoint is on an external server, but a system for safely implementing changes as well.
However, the version control of image data sets provide a greater challenge as the files of
which the data set consists of are large binary files. This makes distribution of the data set
problematic as the bandwidch and storage space of the recipiant machine of the data set
might cause a issue. Therefore, many solutions to this offer the option to instead version
control the metadata of the any large binary files instead of the binary files themselves [56].
This remedies the restrains put on storage and bandwidth as the metadata is commonly in
text format which is of insignificant size in contrast to the binary files.

2.1.5 Image Metadata

Metadata can be considered as any information about an image that is provided alongside
the image. It can generaliy come in two forms, either extemai]y as a deseription a]ongside
the image, or embedded inside the image data. These two types of metadata will be discussed
from the image perspective.

Embedded Image Metadata:

Embedded metadata is information about an image which is included within the binary rep-
resentation of the file. Formats for such metadata includes: “Exchangeab]e image file format”
(Exif) [57] for jpg and wav files, “Extensible Metadata Platform” (XMP) which is most com-
mon in png files and many others. The content can be split in to three main categories:
technical, descriptive and administrative metadata.[57]. Examples of the extracted metadata
for two images are provided in Appcndix@ and will be discussed here.

Technical data includes information such as how the image shall be interpreted by software
and hardware by specifying color profiies, speciﬁcation on the camera that captured the im-
age and other visual specifications of the image like contrast, saturation and sharpness. Addi-
tionally, applications that may have modified the image often leaves a stamp of the interaction
like we see in the example, there is a record that the image has been modified in the image
manipulation program Adobe Photoshop [58] roughly half a year subsequent to caprure.
Basic descriptive information may also be included as it allows for the image to be more ef-
fectively categorized and utilized like we see in the example. Since the metadata usually is
kept quite short as Exif is limited to 64 kb [59], long descriptions or other verbose data is
commonly put as external metadata. Additionally, it allows for more convenient parsing.
While not present in the example in Appendix@ the image may also contain administrative
metadata such as copyright information and other credits meant to inform about legality or
other useful information.
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External Image metadata

This type of metadata may contain anything, such as an image description, as long as the
information is closely bundled with the image [60]. A common approach is storage in a sepa-
rate file but the metadata also stored in a database or use other storage solutions. If it is kept
in a separate file, the related file has the same name with the exception of the file extension.
In relation to this project, the external metadata of focus is descriptive information about
the Image, human readable or simply binary characteristics, that allow for categorization of
the data. This type of data is covered in Section [2.1.2] which explores feature descriptions.
A strategy to collect the data categorized by extracted features, outlined in [61], uses the
non-human understandable representations of the features to find similar features in other
images metadata and thereby connect the images.

Another import type of metadata that is commoniy located in an external file are “image
annotations” which describes the name located in an image for image classification and all
the objects of interest for object detection [62]. These annotations are crucial for the pro-
cess of training detection machine-learning models as models trained using object detection
frameworks are trained using various methods of stochastic gradient decent. But in order to
accomplish this, the training data provided will need to specify the correct annotations as
specified in Section fbr use in ML model training. Listing is the specification for
the YOLO image annotation format [63] which is used to train model using the “You only
look once” (YOLO) object detection framework [64]. Listing is an example of a anno-
tation file, we can see that the image that the annotation specification is based on contains

two objects, one smaller object of class 2 and a larger object of class 5. Classes are specified
in a separate file for YOLO.

Code Listing 2.1: Yolo format specification.

<Obj€Ct—CiaSS> <X> <y> <Widti‘l> <]’1€ight>

Code Listing 2.2: Yolo format example.

2 0.3 0.3 0.2 0.2
5 0.8 0.2 0.5 0.5

2.1.6 Image Post-Processing

While post-processing is not a main focus of this thesis, it is still a necessary step in the
workflow to support as it is crucial to the preparation of a data set. Therefore, the following
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topics will not be featured extensively and any implementation made of the post processing
step will not aim to improve the current related process. It will instead focus on necessary
functionality rather then be the subject to improvement.

Image augmentation

When performing training on a model using a small to medium data set, a common issue
is over-fitting or bias in the model. This might occur when a model is trained extensively
on the same data which might cause the weights of the model to heavily favor the images in
the training data set and become oblivious as to the features of any other images that does
not exactly match the features of the training data set . In order to combat this issue; a
common approach involves augmenting the images of the data set in order to create several
copies of cach image . Each copy is altered in comparison to the original while maintain-
ing the core features of the image in order for the model to be able to learn and focus on the
identifying features and disregard the irrelevant features. Examples of such images can be

found in Figure 2.9|below.

Figure 2.9: Augmented images created from a single image to artifi-
cially extend a data set. Source: ||

A practical exampie of this would be to alter the brightness of an image. As in many com-
mon use-cases, the model should not let brightness affect the evaluation of the identity of an
object. Otherwise, the evaluation might be affected based on the time of day the provided
image was taken on or the amount of light in the room.
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Verification

Before any training is performed on a data set, it is necessary do perform a sanity check to
catch any obvious potential flaws in the data set. This includes more obvious error such as:
incorrect metadata for an image, obscured or irrelevant images and excessive classes which
might hurt the accuracy. Another common sanity check to perform is for data balancing
issues as the weights of the model can become over biased towards certain classes if the data
set is heavily unbalanced in the number of data entries for several classes [67]. Therefore, it is
important to exclude data from classes where there is an overwhelming amount of data, de-
spite the importance of a large amount of training data. This issue can also be negated trough
only augmenting the less featured class in order to gain a proper balance through artificial
means [68].

Compression

To reduce the amount of space the generated data set will utilize on the disk, the final data
set has to be compressed. The conventional format in linux/GNU-based software is the basic
tar format [69] that utilizes a single file to store an archive in reduced size containing the
files. However, some frameworks such as Tensorflow object detection API, which is used
by the company, provides support for the final data set to be prepared in a custom format.
Such a format is tensorflows TFRrecord [70] which is used in order to optimize training by
limiting the need to read from individual files during collection of input from the data set
and only storing relevant information. This specific format is a compression of the images in
additions to their required metadata such as resolution and any classification or annotation.

2.1.7 Data Management System

To be able to store and use a 1arge amount incoming data, a Data Management System (DMS)
has implemented is often used to provide a workflow for the data [71]. The DMS should
handle both extension of the current data pool and the management of the current data by
making it easily accessible for any user trying to interact with data by structuring the storage.

Databases and queries

To effectively combat many of the problems that come with Big data, namely volume, man-
agement and lack of data overview, it is crucial for any system dealing with said problems to
implement a DMS [71]. This DMS is used to store and query all in incoming data. A query,
in relation to DMS; is a request for desired data using specified parameters 72, p. 10]. These
parameters can be of any form as long as it is supported by the data storage system. If the
data is stored in tables, as in the relational DMS [73], queries can be the names of entries on
rows and contents in certain tables. But in other structures, it could be categories or various
attributes the data might have. Queries can also be extended by the system to include data
the query did not specifically ask for, but may be implicitly desired by the user. This can
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be done using lexical extension by analyzing keywords of the query and including synonyms
(for example: including human, man, woman in a query for person) or related words (for
example: including wood, forest, shrub in query for tree) [26]. Figureshows how a query
can be extended using keywords in order to provide the user to effective query the database
for data using searches and not query the exact data but a description of the desired result.
In relation to images, unlike numerical data, image data can easily be described by a human
and there is potential to find similar images by examining related features and similarities as

expanded upon in Section m
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Figure 2.10: Overview of the dara recrieval process in a data man-
agement system. Source: [74]

Data modeling

To effectively provide the desired answer to queries it is paramount to structure the data
in accordance to the desired query system [72) pp. 23-34]. Otherwise, providing a desired
result to any query will be impossible if the data cannot be found. There are many types and
implementations of the different kinds of databases which are suited for specific types of data
and specific requirements for the designated data management system. The data contained in
the database is stored either in-memory (in RAM [75]) or on-disc with each method having its
advantages and disadvantages. While in-memory databases gain the advantages of read speed
and efﬁciency in data—cycles, which is especia]]y useful when having to perform continuous
operations on the data stored in the database, it is limited by the amount of memory on the
actual host [76]. Such databases are commonly used for caching and configuration as the size
of the data is the limiting factor.

Image Storage

Images are not as easily stored as numerical or string data as it is considered a Binary Large
Object (BLOB) data [77]. Not only is the storage space required very large, since images are
often stored as an unstructured object, the data cannot be easily sorted [78]. This problem
is exacerbated due to the fact that many database types, which can save binary data, has a
size limit the binary objects which means that it has to be stored in chunks [79]. This makes
the process of reading and writing images to such a database extremely slow since it has to
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make a read for every chunk. A common approach is to instead use a BLOB storage [77) or
file store to store the images only, then store a reference or URL link to the image location
in another database, for example, a relational database. This technique allows for the image
data for become more easily sortable and accessible [78].

Hierarchical Storage Format

Hierarchical storage structures uses a data model that is very similar to file systems as data
is stored in groups and subgroups [80]. It was originally developed to provide a storing data
that requires more flexible structuring which the relational storage methods popular at the
time (circa 1990) did not have. The problem being that queries for large subsets were unnec-
essarily inefficient since all the entries in a table had to be redundantly filtered in order to
provide the results when they could be stored in groups instead [81]. Since image data often
requires flexibility, several solutions opt to use this structure since it allows for storage that
uses features for identification where flexibility is prioritized [82, |83]. A popular options
which uses this data management system approach when it comes to storing large data sets is
HDF5 [84]. Hierarchical Data Format #5 (HDF5) is a flexible storage format which atcempts
to provide a compromise of the normal storage options. It is built for high volume, complex
data and flexibility in store options. Two useful features when it comes to using the format
for image data is the ability to entirely or partially load the database into memory, which
allows for quick operations on the data, and built in support for metadata for bootstrapped
metadata which can be stored alongside any data entry [84].
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Chapter 3
Methodology

This section will provide the method of which this project will utilize in the endeavor to
improve the current workflow. The current workflow needs to be analyzed, research of im-
provements needs to be performed and proposed solutions needs to be tested. Finally, the
proposed solutions shall be evaluated on the basis of the performed experiments and theo-
retical implementation in comparison to the desired result and the current workflow.

3.1 Thesis Goal

This thesis will attempt to answer the following research questions after presenting the find-

ings:
1. What are the major issues with the management of machine learning image data sets
at the company?

2. What solutions can be proposed alleviate the identified issues?

3. How do the proposed solutions affect the effectiveness of the workflow at the com-
pany?
The answer to these questions will be presented in the Analysis Scction and summarized

in the Project Goals Sectionofthe Resultsto then be discussed in the Discussion Section

3.2 Assessment Methods

As previously mentioned in the Introduction Section [l the previous management of the
current workflow at the company has prior to this project assessed the workflow to be un-
feasible to be the large amount of resources required to operate. The resources referred to is
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namely the amount of labor hours put in by the employees and the required competence of
said employees to effectively operate the workflow. Therefore, the measure of assessment of
which the research questions will be answered in the context of is primarily: the total amount
manual time of the workflow which can be eliminated and to what degree the required com-
petence can be reduced. However, not all solutions will be possible to evaluate through this
measurement as issues unrelated to time and competence will most likely be found. The so-
lutions to the issues will be evaluated based on the nature of the issue. In such cases, the
assessment will primarﬂy be whether the solutions alleviates the issue or not.

3.3 Approach

In order to answer the research questions posed in Section this project will employ the
methodo]ogy of that of the action research [85]. This was decided due the nature of the work-
flow which requires both highly theoretical and practica] understanding. Both of which can
be gained through a combination of analysis and practical experimentation in order to un-
derstand the issues and propose solutions. As described in [86]: the action approach is highly
beneficial for complex information systems where close analysis of the issues and experi-
mentation can benefit a project with the goal of improving the system by closely iterating
experimental solutions and evaluating them. The focus will foremost be to find solutions
for the issues located in the most crucial component through research and experimentation
and continue to apply the same process with the less impactful components until a com-
plete workflow is achieved. The crucial components being the components with the topmost
potential for performance gain in regards to the assessment method stated in Section
Generally, the components with the highest labor cost and competence requirement.

Practically, this will be done by firstly identifying the causes of inefficiency of the work-
flow and grouping them into problem areas as described in Section m Each component
can then be analyzed individually in order to identify the issues in each problem area as de-
scribed in Section Once issues have been established, research will be employed propos-
ing a solutions to the each problem area which attempts to alleviate the issues. This will be
done trough research and experiments as described in Sections and Based on the
research, experimental implementations of components will be performed to the extent pos-
sible as described in Scction Finally, the approach for the evaluation of the experimental
and practical implementations will be presented in Section W

3.3.1 Problem Area ldentification

In order to properly propose a solution, it is paramount to analyze the current workflow
Close]y and evaluate which components are the cause of the speciﬁed prob]em. This includes
investigating the desired use-cases of the company and comparing them to the other typical
workflows from other similar systems. The important components of the workflow will be
identified and grouped into problem areas where an area can be defined as a separate pro-
cess where a solutions can be proposed for the area independently from the other areas. This
process is visualized in Figure be]ow.
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Analyze workflow Identify important components Group into problem areas

Figure 3.1: Sector identification process

3.3.2 Problem Area Analysis

Once the areas have been isolated they require individual analysis to access the requirements
for the desired solution. A proposed system for performing this analysis is to tally the dif-
ferent tasks on the sector [87). Then specify the conditions and cost necessary for the task
to be completed. Conditions in this case could be potential blockers of the task and cost is
the time in addition to resources associated with said task. This will provide the necessary
scope required by the evaluation process specified below and allow for prioritization of the
research effort. In other words, to clarify the important issues to address and what solutions
should be evaluated, as non-essential parts of the process do not solicit equally comprehen-
sive evaluations and may even be excluded from the proposed workflow entirely if the effort
required is to vast or assessed to be out of scope of the project. In this context, non-essential
part are components with less potential for improvement or components which has less im-
pact in terms of time and competence. Such as the performance of the storage, while it is
important for the storage to be easi]y manageab]e, the read and write performance is neg]i—
gible compared to the speed of the internet connection to the webserver itself. The steps of

this process are visualized below in Figure

Research other implementations of sector
and potential improvements

Identify issues in the problem area Propose improvements

Figure 3.2: Analysis to be performed for each area

3.3.3 Solution Cost-Benefit Estimation

The next step is to analyze the scope and cost in terms of time of the potential solution. The
solution may not be so costly to implement that it outweighs the potential benefits of the
solution. However, a prioritized property of any solutions evaluated is the automation po-
tential as the projects overall ambition is to limit the necessity of human interaction in the
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process. As specified by the “AutoML” ambition|1.2.2} automation is the prioritised objective.
This process is visualized below in Figure

| Make decision on

Estimate benefit of solution implementation

Estimate cost of solution

Y

Figure 3.3: Estimation for each solution

3.3.4 Research

In parallel with the workflow evaluation, obtaining information about the technologies and
processes involved through research is vital to the project. This research is performed by first
studying similar systems and investigating techniques that could be employed to achieve the
desired result. Then, estimating how sufficiently the researched solution would satisfy the
requirements, how expensive in terms of time it would be to implement and finally if the
solutions is feasible, to include in the final solution. All the necessary theory and knowl-
edge should also be researched in order to be able to make a qualified judgment on final
implementation choice. If no such judgment can be made, or if two potential solutions are
considered equal, the solutions will be subject to evaluation through experimentation. The
research shall be conducted by secking relevant research journals and workflow implementa-
tion documentation in the field. Additionally, desired features desired by the company and
suggestions made by the company should be considered. This is a critical step as the reason
for creating the proposed workflow is foremost to aid the company. The output of this step
in the approach will be a specification for a proposed workflow which will act as a guideline
for an experimental implementation of the entire workflow.

3.3.5 Implementation

Subsequent to the completion of a complete theoretical proposed workflow, the goal of this
step is to implement the proposed workflow. Based on the research performed in the Re-
search Section the components will be subject to attempted implementation. If the
the implementation cannot be performed or is deemed to not function according to desired
performance in regards to the methods of assessment, the proposed workflow will be ad-
justed based on the experiment to achieve an implementation that does produce the desired
result. To the extent possible, the components to be implemented in order of potential per-
formance gain, meaning the component were the major causes of inefficiency are located,
until the complete workflow is implemented. The implementation is primarily performed
as a proof of concept, the goal of the implementation is not creating a perfectly optimized
solutions but instead a working solution that alleviates the identified issues to the greatest
extent possible and can guarantee the validity of the proposed workflow.
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3.3.6 Evaluation

The action research approach generally used small iteration with evaluation of experimental
implementations to receive feedback continuously [85]. This project will apply a variation
of this where research is performed to reach a potential solutions for the cause of an issue as
specified in the Reseach Step in Section An attempted experimental implementation of
the solution will the be performed. If deemed successful in regards to the Assessment Meth-
ods ofSection the solution will be solidified as part of the proposed workflow. If deemed
unsuccessful, an another alternate solution will be found to replace the ineffective solution
through additional research and be subject to the same process. This will be performed for
cach issue within the scope, starting with the must crucial issue in terms of potential per-
formance gain, and will continue until a full implemented workflow is achieved which can
then be evaluated separately. As stated in the Assessment Methods Section the focus of
the evaluation in this project is primari]y to evaluate how much of the system now is fh”y
automated, thus removing the required time and required human competence to operate the
workflow.

The experimental implementations will only act as a proof of concept and will not aim to
be completely optimal in terms of performance. This means that there are several threats to
validity in terms of uncertain effects of the proposed implementation such as the possibility
that the final proposed solutions are not possible to implement optimally, are excessively ex-
pensive to implement or are simply ineffective. These possibilities and risks will be explored
in the Threats to Validity Section of the Discussion

31



3. METHODOLOGY

32



Chapter 4
Analysis

The analysis will consist of two parts. Firstly the issues with the current workflow will be
analyzed by using the methodology presented in problem area analysis in Section in
order to answer research question [l in Problem Analysis Section Based on the issues
identified, solutions will be proposed in Section[4.2]in order to answer research question

4.1 Problem Analysis

This section will use the following structure for each subsection: Firstly, the problem area
potentia”y prone to improvement will be introduced in the overview. The current system
for the sector at the company will be outlined and potential issues clarified. The value of the
sector will also be estimated here as a more trivial part of the workflow will naturally have
solutions that is less prioritized for optimization and may even circumvent the need for any
major research. For example, the final solution proposed will not incorporate any security
due to it being apart of the workflow of no concern to this project. Second]y, the required and
the desired features will be discussed. All the features that will be considered out of scope will
also be mentioned here to allow for a potential discussion on improvement potential during
the evaluation. Finally, the potential solution(s) will be discussed. This includes: any related
research, similar solution for the problem area implementations and potential improvements

that can be found. This process is presented n Figure

4.1.1 Data Upload

This is first part of the process, albeit the part with the least requirements in the entire work-
flow but still a necessity for the process. It is the ability to upload one or several images to a
central location, preferably from anywhere. This should act as the entrypoint for the entire
application since all the images received by this sector shall be stored and subjected to the
rest of the process as it is implemented.
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Required and Desired Features

The requirements for this part should be an application that allows for image and video
uploads. Ideally this should be done via a stream since the media files may be quite large and
will be continuously uploaded in the use-case of the the company. This means that file-size is
a potentia] issue, so compression before the up]oad and decompression after upload is a much
desired feature to limit the strain on the connection since bandwidth might be a bottleneck.
As with all plain file uploads, security is a crucial point of interest if this will be used in an
environment open from outside networks, but is considered outside the scope of this thesis
due to time restraints and lack of relevance to the automation.

4.1.2 Image Pre-Processing

In this area, the images shall be processed in order to extract and gather all the information
required to store the image in a category and to include the image in a data set. Currently,
this process in done manually for new data sets where a model has not yet been created to
partially process the images automatically. This includes manually opening the images in a
software used to label images, draw the bounding boxes of the objects and create the meta-
data specifying the object.

Assuming the worst case scenario where no prior data exists, there is a high number of ob-
jects in the image with various sizes and classes, every object in the image needs to be labeled
and cropped into an individual image in case an image classification data set is needed; this
processing will most likely take at least 5 minutes per image due to the amount of objects
that requires processing. This means that addition of a batch of 100 images will take more
than 8 hours of manual labor to process the batch. The human factor amplifies this problem
due to the nature of the occupation. It requires that simultancous handling of a large quan-
tity of data and is extremely repetitive which can massively increase the chance of human
error. To remedy the mentioned issues, an common attempt might be to distribute the labor
across several employees. However, this could create additional issues of its own, mainly the
management of all the outputted data due to the difference in processing strategies humans
naturally have. The same object might receive different identifiers, bounding boxes might
have different amounts of padding surrounding the object and even the outputted files might
be places in different structures. This could result a greater amount of added overhead labor
cost due to the amount of constant data management or data reconstruction required after
the process.

When a model has been created, object can be automatically detected and labeled but since
the model is constantly improving, the amount of images that are completely correct in the
beginning of this process will be very few [54]. This is due to the low accuracy of the model
the small amount of of training data will cause. This means that every image has to manually
verified, and potentially corrected, to avoid pollution of the data set with erroneous data.
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Required and Desired Features

In an ideal solutions for this area, any incoming images would be automatically labeled with-
out previous know]edge of the source, content or desired Objects to annotate. This is not
feasible since the desired annotations and objects to annotate is completely subjective to the
current use-case but it will be the main goal of the entire workflow. Not to mention that
without prior knowledge or data related to the image content, any method involving ML
that requires training can be ruled out since training can not be performed without initial
data. A more feasible goa] is to extract any necessary data required to cluster the images
based of different properties. This would mean that the data set could be generated by only
specifying the mutual properties of the images. Therefore, the solutions to this sector will be
closely related and dependent to the implementations of the subset generation problem area

Section 414

4.1.3 Storage

Naturally, all data that enters the workflow needs to be stored and accessible by the other
components of the workflow that utilize the data from the data pool. This is currently done
by storing the media files as plain files on a common server categorized by source. However,
this introduces a major issue related to the management of the files. Particu]ar]y as processed
and unprocessed files are stored together, desired data is hard to collect and process as there
is no clear system for categorizing. Often causing data to be copied and stored in multiple
locations simultancously as data sets are created.

Required and Desired Features

Requirements for the storage solutions is that it can be accessed from multiple tenants and
that no data should be stored multiple times. E.g if two data sets are stored with shared
images, all images should be stored only once. But it should also be able to support all the
features desired by the solutions proposed in Sectionsfor subset generation andfor
image pre-processing to allow for storage and sorting based on the data provided and desired
by said sections. For example: if the proposed solutions for subset generation relies the use
of a certain feature descriptor for generating the subsets, the data storage solutions must be

capable of handling the proposed feature descriptor.

4.1.4 Subset Generation

To take advantage of all the data collected, a data set has to be generated. This data set should
consist of a specified subset of the large data pool since the desired classes for a training set
change depending on the use-case for model trained using the data set. Currently, this is done
by manually collecting the desired data in the plain files, copying the files into a separate
directory and finally removing the unwanted classes from the metadata. Or in other words,
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manually altering the metadata to fit the specifications of the model in terms of format and
content. This process is extremely time consuming as all data has to be collected manually to
customize the data set according to the desired specifications. As mentioned previously this
requires a great deal of knowledge and attention to detail as the data set is very vulnerable to
pollution by any errors. Another problem is the transfer and recreation of the complete data
set. Since the data set in created manually, it is near impossible to recreate in from the source
and sharing it means manually distributing the files. This is a big issue since the size of the
complete data set could be substantially large. When performing augmentation, this problem
is exacerbated since the size could potentially multiply by a factor of five up to twenty in cases
where a large number of augmentation techniques are employed. Furthermore, since there
is currently no method check the methods of augmentation used, it becomes increasingly
difficult to monitor the content of the data set. Thus, there are three issues which should be
the goal to to remedy for any proposed solution. The time consumed by manual collection,
lack of content overview and the copying required to share the data set.

> Manual collection
Data | based onuse-case | Unprocessed Manual
Pool data -....processing Manual
Other Data sets and collection _ set Data set
previous versions B

Figure 4.1: Subset generation for the current workflow

Required and Desired Features

To alleviate the issue of manual data collection, an interface which can provide a data set
according to easily provided parameters is the aim of the desired solution. These parameters
should ideally include as many alternatives as possible, as more options will increase amount
of customizability. Some vital alternatives should include: classes (object types), amount
of data and type of\image data. Where type ofimage data should include specifying either
object detection or image classification and ideally the format of the metadata provided as
elaborated on in the theory chapter on external metadata in Section These parameters
could be shared to allow for regeneration on the same data set from the data pool. Thus,
removing the need to transfer the entire data set by indirectly sharing the content. This
would allow for easy sharing and distribution of the data set as you could simply share these
parameters instead of the entire data set. In addition, if the parameters can be clearly read,
they can provide the needed overview of the content that the system currently lacks.

4.1.5 Post-processing

After a data set has been created for training, it is necessary to perform post-processing in the
form of extending, sanity checks and tweaks depending on the desired features of the finished
model as outlined in the image post-processing Section In the current workflow, the

data set is already extended by generating augmented copies of images to artificially increase
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the amount of data and thereby extend the data set. In terms of verification, the content
of the data set is visually scanned for any potential errors and and images of subpar qualicy
such as blurry images. Any imbalance in the data amount, e.g different amount of images,
for each class is manually accounted for by reducing the amount of data of the classes that
are disproportionate and extending the others to a higher degree.

Required and Desired Features

There is no hard requirements for this problem area but any solutions should strive to auto-
matically make qualified assessments and fix any obvious faults the data set might contain. If
the solutions does not succeed in doing so reliably, it should at least make recommendations
to the requestee on types of actions that could improve the quality of the data set. Com-
pression however, is naturally a feature that must be supported to circumvent unnecessary
waste of storage space. Augmentation of the image is already performed automatically but
it does lack two fundamental features: reproducibi]ity and information. Since the augmen-
tations are performed randomly using a distribution of values, it is statistically impossible
to recreate this without additional information. For example, if the brightness of an image
is augmented: it is common to apply values from a guassian distribution to avoid producing
too many outlying images. The lack of information stems from the fact that the data set
currently contains no information regarding on what extending was performed on it. This
would provide a solution to the monitoring issue first outlined in the subset generation area

analysis in Sectionm

4.2 Proposed Workflow

The proposed solution will be based on a combination of the research performed and experi-
ence gained from attempting to implement a prototype. Due to the magnitude of the project,
the entire pipeline was not be fully implemented but the full specifications and techniques
of the proposed pipeline will be presented in this section.

The prototypes backend will be implemented in Python which is one of the preferred lan-
guages for machine learning due to the existing frameworks and bindings to libraries for ML
(such as Tensorflow [88]) and image processing (such as Pillow [89] and OpenCV [90]). This
will not be optimal in terms of speed and efficiency but that is of no concern as stated in the
desired features The frontend is implemented in javascript that allows for easy integration
with both website functionality and back-end connections.

Figures[4.2land [4.3]below are examples of images that could be uploaded to the process. Scene
images, which can be seen in Figure are images that could contain one or multiple objects
and will be processed to extract any individual object. However, they will also be processed
as an individual image in order to attempt grouping with other images depicting the same or
a similar scene. Object images, which can be seen in Figure are images only containing
a single object and will need to be categorized into an existing group of objects or define a
new group of objects.
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Figure 4.3: Examples of “Object images”

4.2.1 Data Upload

In order to support access to system for multiple users and devices uploads will be handled us-
ing POST requests to a webserver through a rest APL This will allow uploads of any content
from multiple peers in any format to the process. Other benefits of this is that a webinterface
can be added to allow for inspection and modification of the data.

Compression of the data before upload needs to be handles by the respective applications
and/or users uploading to the service. However, when uploading to the server via a web
browser, compression can be handled directly using a client side compression library such as
JSZip [91].

Figure is an overview of the data collection process where data is able to be collected
from multiple sources and saved in the main data pool storage. This webserver was imple-
mented in the prototype implementation. See Appendixfor the API-reference of the pro-
posed API implemented in the prototype.

4.2.2 Image Pre-Processing

The proposed pre-processing will consist of three steps. Firstly, an attempt to process the
image to extract all parts of the image which will contain an object. This will only apply
to scene images. Object images will contain only the one object which makes this step re-
dundant. Secondly, processing to collect all the data and feature descriptions necessary to
group the image with other images of similar content and origin. Finally, utilizing the data
collected to match the images into the existing groups which shares the most similarities.
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4.2 PROPOSED WORKFLOW

Storage
Y

[Processed data

Webserver

POST request with image data [P

Applications

Upload structure

OST request with image data \POST request with image data

cameras

Figure 4.4: The suggested structure of the access to the process.

Object Detection

The first attempt to retrieve the object images will be to utilize a “efficientdet_d4” object de-
tection model [92] with coco data set classifiers [93]. While this will commonly not yield any
result except very common objects, since the model can only detect objects in the training
data. However, most objects of interest are often subgroups of any of the more general Coco
classes [93 and will give us the object image without the need for any additional process-
ing. For example, while the coco cannot distinguish certain types of dogs, it could simply
classify dogs as a dog which gives an important clue that two object both being detected as
the same class are closely related.

However, in the event of an object that does not match any common item class, several
sa]iency maps will be created based on ﬁne—grained and residual sa]iency p]us corner de-
tections by contrast [47, |48] as shown in Sectionwhich elaborates on the used saliency
techniques. In the Figure all steps in the saliency object detection is visualized. First the
saliency map is created by residual saliency detection, then all the areas are distinguished by
highlighting the arcas with a high density of highlighted pixels and finally, bounding boxes
will then be drawn to encapsu]ate the distinct regions that will emerge. This process is re-
peated for the fine-grained saliency as shown in Figure A collection of all the bounding
boxes found through saliency detection is create and visualized in Figure The overlap-
ping bounding boxes will then combined to remove bounding boxes that encapsulate the
same object as visualized in Figure leaving only the final bounding boxes of found ob-
jects. However, bounding boxes that only appear in one type of saliency map will be ignored
to avoid clutter that may occur from using many types of saliency maps.

In the bounding boxes of object found above, two of the resulting bounding boxes are
clearly not objects. However they will only be grouped with similar images so it was judged
to be better to be generous with the object detection and end up with more uninteresting
images rather than risk omitting positive ones.
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(a) Detection of objects using residual (b) Detection of objects using fine-

saliency grained saliency

N R

4

(c) All found bounding boxes (d) Bounding boxes combined

Figure 4.5: Combining bounding boxes from performed saliency
analysis to obtain object bounding boxes
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Data Collection

The main data that is subject to collection in this step is features and metadata. Metadata is
collected through exif metadata extraction (see examples in Appendix @) However, images
that has previously been uploaded then to have had their metadata stripped for privacy and
integrity reasons [94] so this is mostly helpful when uploading original content.

The most helpful piece of information collected is feature descriptions, namely SIFT, SUFT,
FAST and ORB feature descriptions [95] which will be saved and utilized in the feature
matching step as defined in Section Additionally, if the “efficientnet_b4” [96] models
with the ImageNet classifiers [97, 98] yield any useful information such any ImageNet class
that shares features, this will be saved as additional information. ImageNet has a greater
amount of classes than Coco which is used in object detection data collection but can only
be used for image classification. This is also the reason for different models utilized as effi-
cientnet is utilized for classification and efficientdet utilized for object detection. Appendix

contains examples of the metadata which is collected and below is an example of features

collected.

Code listing below is a small example that extracts three feature descriptor types and
outputs an example of the feature descriptor and the keypoint describing the feature de-
scriptor.

’?? Short example of the feature extraction only 7’’’
import cv2
from pprint import pprint

#

# Get the image buffer from webserver or database
#

img_cv = cv2.imdecode (

np.frombuffer (img_b, np.uint8),
cv2.IMREAD COLOR)

for d, detector in [(’SIFT’, cv2.SIFT_create()),
(’BRISK/FAST’, cv2.BRISK_create()),
(’0RB’, cv2.0RB_create())]:

# find the keypoints and descriptors with the specified detector
kpl, desl = detector.detectAndCompute(img_cv, None)

print (f’Keypoint example for {d}:’)
pprint ({
>Point’ :kpl1 [0].pt,
’Octave’:kp1[0].octave,
>Angle’ :kp1[0].angle,
’Response’:kpl[0] .response,
’Size’ :kpl[0].size
}
)
print (f’Descriptor example for {d}:’)
pprint (des1[0])
print ()

Code Listing 4.1: Example of feature extraction

’Keypoint example for SIFT:’
{’Angle’: 0.12317657470703125,
’Octave’: 3801599,
’Point’: (3.9903314113616943, 166.71286010742188),
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’Response’: 0.017094777897000313,
’Size’: 1.8927919864654547}
’Descriptor example for SIFT:’

array ([ 51., 9., 0., 0., 0., 0., 0., 0.,149.,149., 26.,
2., 0., 0., 0., 0., 29., 73.,149., 94., 0., O.,
0., 0., 0., 0., 56., 83., 0., 0., 0., 1., 43.,
4., 0., 0., 0., 0., 0., 0.,149., 61., 4., 0.,
0., 0., 0., 2., 74., 30., 26., 8., 0., 0., 2.,
13., 1., 0., 5., 4., 0., 0., 11., 24., 43., 0.,
0., 0., 0., 0., 0., 1.,149., 0., 0., 0., O.,
0., 0., 29., 91., 0., 0., 0., 0., 0., 28.,103.,
0., 0., 0., 0., 0., O0., 71.,117., 38., 0., O.,
0., 0., 0., 0., 4.,149., 1., 0., 0., 0., 0.,
0.,107., 65., 1., 6., 5., 0., 0., 35.,149., 0.,
0., 17., 28., 0., ©O0., 36., 61.], dtype=float32

’Keypoint example for BRISK:’
{’Angle’: 106.77054595947266 ,
’Octave’: O,
’Point’: (91.41263580322266, 51.645721435546875),
’Response’: 92.01216125488281,
’Size’: 14.0635623931884771}
’Descriptor example for BRISK:’
array ([254, 255, 239, 243, 240, 224, 0, 129,
131, 135, 31, 255, 249, 231, 158, 127,
142, 121, 196, 49, 140, 195, 56, 142,
131, 35, 97, 198, 25, 109, 124, 227,
9, 5, 144, 16, 134, 27, 199, 24,
4, 16, 154, 113, 51, 38, 249, 187,
0, 237, 50, 25, 4, 195, 192, 64,
144, 108, 100, 16, 92, 136, 153, 18], dtype=uint8)

’Keypoint example for ORB:’
{’Angle’: 281.38720703125,
’Octave’: O,
’Point’: (391.0, 207.0),
’Response’: 0.00020538090029731393,
’Size’: 31.0}
’Descriptor example for ORB:’
array([120, 61, 248, 228, 184, 111, 85, 127,
51, 175, 172, 25, &5, 55, 66, 18,
136, 214, 237, o, 56, 75, 209, 10,
219, 199, 116, 57, 225, 224, 206, 107], dtype=uint8)

Code Listing 4.2: Stdout from the example

Feature Matching

In order to group the images based on features the process will rely on matching the features
detected. This is done by comparing relative distance of the features from each other, with
non-binary feature descriptions like SIFT and SURF, normal trigonometric distance mea-
sure can be used [25]. However for binary descriptors like ORB and BRIEF, the hamming
distance [99] has to be utilized [100] since trigonometrical distance does not apply.

To determine similarities between images, this thesis proposes a combination of distance
between the best feature matches and percentage of feature matches. Since there may be an
great number of matches, but a vast distance between them or a low number of matches but
a close relation. We also like for the score to be normalized between 0 and 1 in order to more
casily compare the score to other methods of comparison. This gives us the final algorithm
below:
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M x min(1.0, C1/uDist) * min(1.0, C2/mDist) (4.1)

Where:

M = max(Hits/max(possible, 200), 1),

uDist = Average distance,

mDist = Median distance,

Cl =60 for norm distance and 2000 for hamming,
C2 =45 for norm distance and 2000 for hamming,

Eq. 4.1: Algorithm for matching score.

Below we can see an example of three images that are compared to each other using SIFT,
ORB and BRIEF features. We can see that the images that contain the toy shown in Figure
[4.64 has much more connected features than the images compared in Figure [#.6b| where one
of the images does not. In addition, these features are much more close distance wise then
the features of the image of a desk-corner which gives it a greater score in the algorithm.

(a) Comparison of two images with a toy. (b) Comparison of an image with a toy and a
SIFT score: = 0.42, ORB score: = 0.34. corner image. Sift score: = 0.016, ORB score
~ 0.029

Figure 4.6: Visualization of three images with feature comparison
where similar features are connected. (50 features max in order to
improve visibility). Scores are calculated using Equation

Other than feature description matching, we can also match metadata features. The most
useful being camera model and geological data which can be used the location of where the
photo was initially captured. This is done by reverse geocoding the coordinates obtained from
the metadata and utilizing a reverse geocoder . Utilizing this data is an effective

indication thart che image shares common objects with other images from the same location.
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4.2.3 Storage

In order to store the data sets created, a storage system has to be proposed. The proposed
storage system will store both the images, data sets and any additional information required.
Any information stored is natura]ly sorted and categorized in order to be easi]y accessible by
the other areas of the workflow.

Storage Type

The chosen storage format is the in-memory storage file formac HDFS5 [84] which supports
storage of any numpy ndarray—object [103], into which any image can be converted into in
Python. Since the other components of the workflow require that data is accessed often due
to the amount of continuous processing the fast i/o of hdf5 will be useful. Another beneficial
features of the storage type is the ability to store arbitrary ateributes alongside any data set
object. This will allow for the extracted information to be stored as attributes of the image
inside the database.

Storage Structure

The HDF5 storage system is very similar to that of the Unix filesystem in that a path is sep-
arated by forwardslashes and each path can either be a data set, link or a group. This is very
similar to the structure and behavior of objects, links and directories in Unix. A link is stored
in the same manner as a data set except that it contains a reference to other data set or ground
instead of containing data directly.

Fully using the feature of hdf5, all images and subimages will be stored in the “/all” group.
This is to avoid unnecessarily moving and coping the images since they will remain in the
same location, no matter what respective group they belong to.

Other than “/all”, two more base groups will be created, “/scene” which will contain all scene
groups and “/object” which will contain all object groups. These groups will only contain a
link to all members belonging to the group. As mentioned above, this allows for any image
to belong to many group, move groups and easily be accessed without any copy having to ex-
ist. This is the preferred method of dynamic data as a hardlink (direct reference) or softlink
(reference to direct reference) requires a very small amount of storage space [80].

Figure above demonstrates how the storage will be structured after adding two im-
ages. An image on an ocean with two humans and an image of a forest with two birds. This
will require the creation of two scene groups and respective]y two image groups. Each con-
taining links to images belonging to the group, drawn as dotted lines in the graph.

Since no previous data exists, the groups cannot be named during creation but can be named
manually or by some other method later on. New additions will be matched up and added
to existing groups by the pre-processing steps. If no groups are a good match: a new group

will be added.
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Figure 4.7: The suggested storage structure of the images.

4.2.4 Subset Generation

To alleviate the issues of having to create multiple copies of the same data set in order to
share it and having to version control the entire data set to expand it. The proposed solution
will instead introduce a recipe or prescription for collecting the data set directly from the
database described in the previous steps. The text based recipe will therefore be the object
subject to version control instead of the binary files directly which will improve both time
and storage efficiency. This project proposes two different forms to represent the data set
that shall be generated from the database. One being a description of the content of the data
set while the other is a pure list of the exact content. Examples of of such descriptions are

collected in Appendix

The description will be used to generate an exact list of what images and and classes the data
set will contain. As shows in the examples shown in Appendices this description
aims to give any user reading the description a clear view of what the data set will ultimately
contain. It contains many parameter to allow for inclusion and exclusion of images based on
the data collected in the pre-processing step. Since the feature descriptions are stored in the
database as well, images could potentially even be excluded or included based on features of
the image.

However, since the descriptions and attributes of any image are subject to change during
the course of the database’s existence, the content of the generated data set could change.
This would break the requirement for reproducible results and would be severely problem-
atic to version control. Therefore, the workflow will instead generate a report of the exact
content the data set allowing for the recreation of the data set based on this report. See ex-
amples of this in Appendices This will allow for generation of an exact replica of the
data set and allow for inspection and version control any changes should occur to the data
set due to alteration of any image attributes or addition/deletion of image data.
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4.2.5 Post-processing

The current workflow already utilizes augmentation to extend the data set usage. This is
done using the python package imgaug [66] which augments the images and automatically
modifies the bounding boxes in the augmented pictures to adapt to any shift or displace-
ment. However, nearly all augmentations are based on a random distribution factor to be
able to get a random intensity of augmentation which contributes to making the data more
varied [104]. This causes the augmented images in the augmented data set to become dis-
tinctly different each time a new generation is performed. To solve this and the issue of lack
of content overview is the data set, this thesis proposes additional instructions in the data
set description which specifies the exact augmentations performed along with a seed [105].
The introduction of a set seed causes the random number generacor which decides the exact
intensity of any given augmentation to always yield the same result [105]. Thus we will have
repoducibi]ity and overview of the content both.

To then liberate any user from having to repeatedly re-specify or provide exact augmenta-
tion specifications, the specification will follow a standard augmentation description which
can then be modified as desired. These augmentation descriptions follow the imgaug [66]
functions for augmentation and specifies type, distribution and intensity. The standard con-
figuration of augmentations chosen is based on the RandAugment method [106] which is also
used as the pytouch augmentation method [107]. The method allows for the specification of
an augmentation severity, dubbed M in the equation, which can be a value or distributed from
a minimum of 0 to a maximum of 30. The severity of any augmentation is then calculated

based on the following equation below in Equation

M18 T«M*18
SF=01+—"2 SF=014+——"""0 6V« (SF+1) (42)

max Mmax

where:

SF = Severity Factor,

M = M resulting from the provided M value/distribution,
M 0 = Maxiumum M value (30 unless modified),

T = Span variable (either -1 or 1)

S = Severity

V= Normal value

Eq. 4.2: Equation for Severity Factor and severity.

For example: GammaContrast normal value is 1, M is uniformly distributed from 0 to
12 causing a uniformly distributed severity factor of |0] to |0.82] which in turns causes the
GammaContrast value to be uniformly distributed from 0.18 to 1.82.

The specification thus only needs to contain, the severity distribution and the amount of aug-

mentation copies that shall be provided. Examples of this can be seen in Appendices
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Chapter 5

Results

This section provides a summary of the proposed workflow in the Analysis section 4|and an
overview of the proof of concept implementation created. The effectiveness of the workflow
will be evaluated in terms of the metrics stated in Section 3] by testing where an example
implementation has been made and by estimation where it has not. This will provide the
basis of which the research question 3| will be answered in Section [6] The Project Goals
Section|5.3|will then provide an final summary of results in regards to the research questions.

5.1 Summary of Proposed Workflow

The Figures andsummarizc the proposed pipeline for expanding the data pool and for
creating a data set based on data from the data pool.

For the data set expansion in Figure the user will upload images to the webserver,
the images are then subject to pre-processing. The images are then stored and the user will
provide a name for the groups automatically created. The only two manual parts of the model
is the correction of the data that the automatic process has collected and the naming of the
groups that the automatic process has collected. Since the images are automatically grouped
with similar images, naming and recognizing irrelevant groups for the data set would be fast.
However, fixing incorrectly labeled images and moving them into correct groups would be
as time consuming as labeling the images manually in the old workflow. But this only has to
be done once and, as the processing improves, ideally not at all.

For data set generation in Figure the user supp]ies a data set speciﬁcation file, receives
a data set content description file in return and finally provides the file in return for the fin-
ished data set. The only manual part of this process would be the creation of the initial data
set description file. If the desired data set has special requirements or needs manual correc-
tion this would also be done manually by altering the generated data set content specification
file but this should mereiy be a possibility and not the genera] rule. The data set speciﬁcation
file would be subject to version control and can be shared with other users, providing them
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Figure 5.1: The suggested process of adding an image to the data
pool.
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Figure 5.2: The suggested process of generating a data set from the
data pool.
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with the possibility of generating a clone of the data set on demand.

5.2 Experimental Implementation

An experimental implementation of the Data Upload, Image Pre-processing and Storage
steps was implemented. A webserver application was created using the micro web framework
Flask [108] containing an API for uploading, viewing and sorting the images. The webserver
uses the hd5f database[109] as a backend for storing all the uploaded images. Interaction
with the webserver can be done either by a webinterface through a browser or by GET and
POST [110] requests which allows both human and applications to interact with the system.
The full reference for the implemented API can be found in Appcndix and an example of
the webinterface shown in Figure

Upload Images

Browse... 3files selected.
Upload Multiple Images
Selected files:
input1 jpg
input2 jpg

input3 jpg

Preview:

Figure 5.3: The webinterface created for the application. Other
views are shown in Appendix

The Pre-Processing was implemented according to the specifications in the image pre-
processing Section of the proposed workflow. Data collection by ML processing was
performed utilizing the Tensorflow Object Detection API [62] for object detection data
and image recognition. Additionally, openev [90] was utilized for saliency object detection
and feature extraction. However, only the saliency types residual saliency and fine-grained
saliency was implemented and only the feature descriprors SIFT, SURF and ORB was col-
lected due to the implementation only being a proof of concept. Metadata was collected
using a combination of pillow [89] and a reverse geocoder [102] to establish the geographical
location the image was captured at.

Scene images and object images are automatically grouped in categories according to the
structure in Figure This is done by first Calculating the similarity score with existing
categories using the feature descriptors collected and the algorithm in Equation If no
category is a good match, e.g getting a score above the threshold of 0.3, a new category is
created and the image placed in it.

Overall the prototype workflow functions as intended. However, the pre-processing step
is limited to only fully accurately processing images that do not contain many objects and
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the objects are contrasting to the background. In such cases the object are often found au-
tomatically with no need for manual correction but the processing struggles with complex
images with many objects and images of poor quality. Images with similar content will al-
most always be grouped together but color is a very crucial part of the feature detection which
means that the same objects of different color will not be grouped together very often. This
could be remedied by adding more feature descriptions to the equation presented in Equa-
tion (4.1l and by improving the algorithm itself. However, any lack of correction performed
will be an improvement over the previous workflow which means that the processing should
be applied in either case since any correction will only have to be performed once.

5.3 Project Goals

This section will provide a final summary of the established answers to the research questions

presented in Section

5.3.1 Current Issues

The first goal of the project was to find the major issues caused by the current management
of image data sets as posed by the research question As stated in the Methodology section
the approach to identify the issues was to analyze the current workflow by individually
analyzing the components of the workflow. The following areas where improvement can
be made has been identified an analyzed in the Analysis Section [#} Data Upload, Image Pre-
Processing, Storage, Subset Generation and Post-Processing. Before the project was initiated,
the current workflow was deemed unfeasible by the company management due to the amount
of resources required to operate and competence required to do so. Therefore, the focus was
to find the underlying causes of these issues. Analysis of the components in the Analysis
Section yielded multiple underlying causes of these issues. Primarily, that many steps in
the current workflow consisted of manual, very time consuming and repetitive tasks. This
caused the employees performing the tasks to repeatedly produce human errors, all of which
requires manual detected to be found and to be manually corrected, further increasing the
amount of manual labor in the workflow.

Another issue identified was that there was no clear framework or guidelines of how to per-
form the tasks. This caused an increase in both the required competence as the employee
would have to know how to perform the manual steps. Alternatively the employee could
try to ascertain the required steps through experimentation, which increases the amount of
errors, or through communication which additionally increases manual labor and introduces
the possibility of miscommunication. Additionally, no generalized approach to structure the
data caused issues in uti]izing the data as the emp]oyees has to manual]y search for previous]y
processed data set to then manually extract and adapt the data to their own data set. The fact
that most of the data sets does not contain descriptions of content causes further difficulties.
As a consequence, the required competence level required is raised as knowledge on what
data is desired, where to find the data and how to adapt the data is a requisite.

Apart from the major issues presented above, other issues were also identified but was es-
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tablished to be unrelated to the two major issues of manual labor and competence required.
Such issues include inefhicient storage by producing multiple copies of the data sets and lack
of‘reproducibility to to due to random parameters in the post—processing.

5.3.2 Proposed Solutions

The next goal of the project was to propose solutions that would alleviate the identified is-
sues as posed by research question An ideal solution was deemed to be a fully automated
workflow which would drastically reduce manual labor and competence as there would be
no need to perform any manual tasks. The ideal workflow would produces the desired data
sets that are fully reproducible on demand and are accompanied a humanly comprehendible
overview of the contents. A workflow with the ambition to achieve these ideals was pro-
posed and presented in the Proposed workflow Section and a summary was presented in
the Workflow Summary Scction To accomplish full automation, the proposed workflow
introduced a system for automatic collection of data, automatic image processing using fea-
ture matching and automatic post-processing. Additionally, to further alleviate the issues
of required competence and lack of manageability, the proposed workflow also contains a
database solution for storage of the data and a system for data set generation through the
introduction of content descriptions and specifications.

5.3.3 Effectiveness

The final research question posed inquires as to how the proposed solutions affect the ef-
fectiveness of the workflow of the company. This will be primarily answered in the context of
the assessment methods of measuring effectiveness stated in the Metrics Section e.g, how
the solutions affect the manual work and competence required to operate the workflow. The
theoretical implementation ensures that the workflow is fully operable without any man-
ual intervention and therefore eliminates any required competence to operate the workflow.
While no manual labor would be required to operate the system, manual labor would still be
required to setup and maintain the system in the case of the undesired output of the system.
This is made clear by the practical implementation of the data processing component of the
workflow. While it can effectively cluster images of that are uncluttered and of high qual-
ity, the experimental implementation has limitations during more complex circumstances as
stated in the Experimental Implementation Section

Thus, correction of the errors produced by the system would require the same level of com-
petence as the previous workflow and would be equally difficult to correct. However, the
system ensures a consumption of a drastically reduced number of labor hours. Since the stor-
age system is now standardized, meaning that no conversion of data has to be performed to
use image data of different origin. This further removed the possibilities for human errors
as the proposed workflow manages the storage and categorization of data. If the proposed
workflow is evaluated, assuming the worst case scenario of the performance of the data pro-
cessing component: the automatic clustering of the images is not successful in effectively
producing any clusters. The proposed workflow would still improve the performance com-
pared to the previous workflow as the correction is less demanding and only requires to be
performed once since the produced result is now automatically managed.
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The other components of the experimenta] imp]ementation, namely the data upload and the
data storage is fully automated and successfully eliminated the required resources in regards
to the manual labor and the competence required and can therefore be deemed effective.
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Chapter 6

Discussion

This section will provide thoughts and reflections of the project as a whole. Potential threats
to validity will be presented along with suggestions on improvements to the proposed work-
flow and future work in the same area based on the results of the project.

6.1 Project

In my opinion, many parts of the project can be considered a success. The current workflow
was effectively analyzed to determine the causes of the previously determined inefficiency of
the current workflow by the company. Further, the research and experimentation performed
in order to produce the theoretical proposed workflow was equally successful in producing
results. All of which could be conducted according to the Approach Section Where the
project encountered the majority of the issues was in the experimental implementation of
the workflow. While the project initially had planned to implement a complete workflow
according to the specifications of the proposed workflow, the implementation of the image
clustering in the data processing component required a more complex solution than initially
estimated. This caused the initial scope of the project to be reduced and shift focus from the
a full experimental implementation to the evaluation and validity of the proposed workflow.

While the experimental implementation has limitations, as discussed in the Improvement
Suggestions Section it is my opinion that it proves the proposed workflow viability of
the proposed workflow. Since proposed alternative solutions to the components that were
deemed to be the major causes of inefficiency were implemented in the experimental im-
plementation. Further, the proposed solutions to the components that were not subject to
Cxpcrimcntal implcmcntation are not, in my opinion, as complcx as the image pre-processing
to implement. For example the post-processing component of the proposed workflow, while
it required research and experimentation to improve the simplicity and usability of the com-
ponent, the practical implementation would primarily be a matter of providing parameters
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to an existing system of extending the data set. The subset generation component would
not be as trivial but the major requirement for a successful implementation is a categorized
storage, which the experimental implementation includes. Therefore, I would argue that the
primary sources on uncertainties in the proposed workflow, has been alleviated trough solu-
tions which can established be effective to the extent of which the experimental implemen-
tation currently operates. Meaning, the proposed workflow can be established to improve
the current performance and reduce the required resources to operate if implemented.

6.2 Threats to Validity

Since many parts of the proposed workflow were not implemented, there could be the possi-
bility that the proposed solutions cannot be implementable due to unforeseen factors. Such
factors could include, the possibi]ity the component are more expensive to implemem in
terms of labor, time or hardware than estimated or the solution is not as effective as esti-
mated. However, most of the proposed implementations of the components are based on
similar existing systems and the specifications of the theoretically proposed solutions con-
tain suggested techniques and frameworks that can be utilized to achieve the desired result.

A threat to validity from employing the proposed workflow is the nature of the use-case
of the company. The complexity of the images admitted into the current workflow is quite
low. The objects are commonly distinguishable from the background and the resolutions and
quality of the images is high. If this was not the case, the requirements of the pre-processing
step drastically increase in order to handle this increased complexity. Techniques such as
more advanced edge detection could be necessary to effectively process and automatically
detect in this case. Moreover, while the proposed workflow and experimental implemen-
tations both support multiple sources of data simultaneously, increased amount of sources
and data would but additional demands on the workflow in order to handle the increased
flow of data. This, together with many different use-cases, could lead to variations of this
project not haVing equa] perfbrmance uti]izing identical techniques, meaning the proposed
workflow might have to be adapted in order to fit other processes.

Further potential threats to validity is the specification for generating the subsets[B|and the
algorithm for determining the parameters of the system for extending an existing data set
in the proposed post-processing component. Since the proposed subset generation and
the post-processing component workflow were not included in the experimental implemen-
tation, there is the possibility that both method are not effective for alleviating the issues
caused by the same components of the current workflow. However, the algorithm for deter-
mining the parameters for extending the data set is based on an algorithm adopted by large
existing frameworks, as presented in the proposed workflow Section which increases
the probable validity of the proposed solution.
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6.3 Improvement Suggestions and Future Work

For the practical implementation, the major area of improvement would be the clustering
technique used to cluster the various image groups in the pre-processing of the proposed
workflow. The experimental method for clustering images has many limitations as it cur-
rently only produces the desired result on images of high content quality. That is, in images
which the content is uncluttered and clearly distinguishable from the background. Further-
more, while the experimental implementation works to a adequate extent in the conditions
of the use-case at the company which are comparatively simple compare to a move advanced
use-case. Since the company does not require any closely related sub groups such as the same
item separated by color or size, the required complexity of the clustering algorithm is heavily
reduced. If a version the proposed workflow is to be produced capable of correctly func-
tioning during more complex circumstances, the clustering method would need to collect
additional data through further method and utilize the increased knowledge to provide a
more qualified assessment.

While not in the scope of this Thesis project, if computational performance is a require-
ment for a future project based on this project. Several of the technologies chosen for the
experimenta] implementation are doubt]essly subjeet to rep]aeement as mentioned in the
Proposed Workflow Section The programming language Python used in the experimen-
tal implementation provides various options for implementation but, as a dynamically typed
language with automatic garbage collection, it has very poor performance in comparison to
most statically typed languages [111]. Additionally, the database system chosen, HDSF, has
the possibility of extending the database with dynamically formatted data e.g daca of various
size and content [84]. While this is useful during experimentation since output format of
various feature extraction methods can vary drastically, the dynamic extension is extremely
computationally heavy if the storage space is not pre-allocated [112]. To remedy this, space
could be pre-allocated if the exact format of the data stored is fixed and prior to storing the
data. For example, if the exact amount of extracted features to store from the pre-processing
step is determined, storage space for the data can be allocated before the processing is per-
formed.

Another potential area of improvement is the balance of customization versus the usabil-
ity of the system which is touched upon in the Threats to Validity Section If the amount
of customization options available is excessive, the level of competence required is increased
drastically since the user has to be aware of the outcome of any customization imposed to the
data set. Therefore, the customization in the proposed solution is very limited and the out-
put is very specific to the use-case of the company in order to keep the competence required
to operate low. This will cause any change in the use case to become very expensive since the
system has to be adapted to maintain the level of automation proposed to alleviates the issues
identified. The consequence of this could potentially be the loss of any gain in productivity
generated by the automatic workflow since the competence required to effectively adapt the
workflow to the given circumstances could be greater than the competence required to op-
erate the manual workflow.

Based on the discussion in the paragraphs above, it is clear that the workflow proposed is cur-
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rently tailored for the specific behavior required by the use case of the company. To achieve a
solution that can be applied to a more general case: future continuations of the project should
therefore strive to strike an effective balance between customizability and simplicity to reap
the full benefits of the proposed. Additionally, as discussed above, the future continuations
should aim to implement a clustering method capable of effectively handling more complex
data in order to achieve full automation.
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Conclusion

In conclusion, the goals of the project were partially achieved. While a complete implemen-
tation of an improved workflow was not achieved, a full theoretical implementation was
attained through research and experimentation. The proposed workflow alleviates most of
the issues found with the current workflow and could drastically enhance the current per-
formance of managing image data sets at the company if implemented. The validity of the
proposed workflow was strengthened by performing an experimental implementation of the
main components of the proposed workflow, namely the data upload, collection, storage and
processing. Thus, while the full effect of the entire proposed workflow cannot be practically
validated, many of the proposed solutions to the issues of the existing workflow can be es-
tablished to be effective as a result.

The next future step of the project would naturally be the full implementation of the pro-
posed workflow to be able to effectively evaluate the effectiveness of the proposed solutions.
This will provide the possibility to adapt the proposed workflow according to the evalua-
tion. There can also be solutions found to eliminate the final manual steps in the workflow
to achieve a fully automated system. Particularly, the system for clustering and categorizing
the image data has major potential for improvements. Such improvements should aim to
give the proposed workflow the possibility to automatically collect and present humanly in-
terpretable information while producing more specific clusters of images. This is not solved
in the proposed workflow without manual correction and could possibly be fully automated
with improvements. The clustering of images itself could be optimized additionally by uti-
lizing more computationally expensive techniques for feature extraction while maintaining
the desired performance of the system.
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Appendix A
Embedded Image Metadata

This appendix includes the embedded metadata of this papers cover image.

Figure A.1: Coverphoto of this thesis. Source: [113]

Code Listing A.1: Metadata (including Exif) for cover image

{ |ljfif": |l257||’
"jfif_versiomn": "(1, 1)",
"jfif _unit": "O",
"jfif_density": "(150, 150)",
"exif": {
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A. EMBEDDED IMAGE METADATA

T,

"ExifVersion": "0221",

"ShutterSpeedValue": "8.643855995239512",
"ApertureValue": "4.643856000573703",
"DateTimeOriginal": "’2014:08:13 07:47:21°",
"DateTimeDigitized": "’2014:08:13 07:47:21°",
"ExposureBiasValue": "0.0",
"MaxApertureValue": "3.6",
"SubjectDistance": "4294967295.0",
"MeteringMode": "3",

"LightSource": "O",

llFlaShll: "16"’

"FocalLength": "18.0",

"ExifImageWidth": "680",

"DigitalZoomRatio": "1.0",
"FocallengthIn35mmFilm": "27",
"SceneCaptureType": "O",

"ExifImageHeight": "1000",

"Contrast": "O0O",

"Saturation": "O",

"Sharpness": "2",

"SubjectDistanceRange": "O",
"ImageDescription": "’E-huset pa LTH. Bilden ar tankt

att anvandas som bakgrundsbild med en textplatta i
ovre delen.’",
"Make": "’NIKON CORPORATION’",
"SensingMethod": "2",
"Model": "’NIKON D7000°",
"FileSource": "\u0OO0O03",
"ExposureTime": "0.0025",
"XResolution": "150.0",
"YResolution": "150.0",
"FNumber": "5.0",
"SceneType": "\u0001",
"ExposureProgram": "3",
"CustomRendered": "O",
"ISOSpeedRatings": "200",
"ResolutionUnit": "2",
"PhotometricInterpretation": "2",
"ExposureMode": "O",
"WhiteBalance": "O",
"BodySerialNumber": "’6426664°",
"LensSpecification": "(18.0, 105.0, 3.5, 5.6)",
"LensModel": "’18.0-105.0 mm f/3.5-5.6°",
"Software": "’Adobe Photoshop CS5.1 Windows’",
"DateTime": "’2015:02:27 08:41:26°",
"GainControl": "O",
"Orientation": "1",
"ExifOffset": "342"

"dpi": "(150, 150)",
"photoshop": {

"ExifVersion": "0221",
"ShutterSpeedValue": "8.643855995239512",
"ApertureValue": "4.643856000573703",
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} b

"DateTimeOriginal": "’2014:08:13 07:47:21°",

"DateTimeDigitized": "’2014:08:13 07:47:21°",

"ExposureBiasValue": "0.0",

"MaxApertureValue": "3.6",

"SubjectDistance": "4294967295.0",

"MeteringMode": "3",

"LightSource": "O",

"Flash": "16",

"FocallLength": "18.0",

"ExifImageWidth": "680",

"DigitalZoomRatio": "1.0",

"FocallengthIn35mmFilm": "27",

"SceneCaptureType": "O",

"ExifImageHeight": "1000",

"Contrast": "O",

"Saturation": "O",

"Sharpness": "2",

"SubjectDistanceRange": "O",

"ImageDescription": "’E-huset pa LTH. Bilden ar tankt
att anvandas som bakgrundsbild med en textplatta i
ovre delen.’",

"Make": "’NIKON CORPORATION’",

"SensingMethod": "2",

"Model": "’NIKON D7000°",

"FileSource": "\u0003",

"ExposureTime": "0.0025",

"XResolution": "150.0",

"YResolution": "150.0",

"FNumber": "5.0",

"SceneType": "\u0O0O01",

"ExposureProgram": "3",

"CustomRendered": "O",

"ISOSpeedRatings": "200",

"ResolutionUnit": "2",

"PhotometricInterpretation": "2",

"ExposureMode": "O",

"WhiteBalance": "O",

"BodySerialNumber": "’6426664°",

"LensSpecification": "(18.0, 105.0, 3.5, 5.6)",

"LensModel": "’18.0-105.0 mm £/3.5-5.6°",

"Software": "’Adobe Photoshop CS5.1 Windows'’",

"DateTime": "’2015:02:27 08:41:26°",

"GainControl": "O",

"Orientation": "1",

"ExifOffset": "342"

"icc_profile": "Adobe RGB (1998)"
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A. EMBEDDED IMAGE METADATA

Figure A.2: Image of a piece of curio taken using an android smart-
phone. Source: Lund, Sweden (personal photograph)

Code Listing A.2: Geolocation metadata for image above. We
can see DMS coordinates: “55°42’15.5"N 13°10’27.9"E” and that
the photo was taken “2020-11-30 11:50:9”
{
" _comment": "[Other metadatal",
"GPSInfo":
{
"GPSAltitude": 78.4,
"GPSAltitudeRef": "",
"GPSDateStamp": "2020:11:30",
"GPSLatitude": "(55.0, 42.0, 15.5663)",
"GPSLatitudeRef": "N",
"GPSLongitude": "(13.0, 10.0, 27.9371)",
"GPSLongitudeRef": "E",
"GPSProcessingMethod": "ASCII\x00\x00\xOOCELLID\xO00",
"GPSTimeStamp": "(11.0, 50.0, 9.0)"
Fo
"comment_": "[Other metadatal"
}
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Appendix B

Proposed data set descriptions

Code Listing B.1: Description of object data set

## Request creation of content

# Data set characteristics
name: Example Object Data set
description: >
An object data set with the to identify humans
and sheep in order to help sheep herders distinguish

between the two.

type: object

format: yolo

dimensions: # Output dimensions
width: 640
height: 480

# augmentation, yes if n > O
augmentation:

n: 30

Mmin: 0

Mmax: 12

M_dist: uniform

# Groups to include
classes:
Human:
include:
description:
- "Human"
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B. PROPOSED DATA SET DESCRIPTIONS

- "Person"

- "Man"

- "Woman"

- "Chilad"
metadata:

location:

"Sweden"
_ n Lund n
exclude:
Sheep:
include:

description:
n Sheep n
_ "Ram"

exclude:

size:
above: 0.5
below: 0.04

metadata:
contrast: 0

description:

"Rainy"

Code Listing B.2: Description of scene data set

## Request creation of content

# Data set characteristics

name: Example Scene Data sect

description: >
A data set with the to detect humans and sheep
in order to help sheep herders count employees
and herd size on sunny days outdoors.

type: scene

format: yolo

dimensions
width: 640
height: 480

# augmentation, yes if n > 0
augmentation:

n: 30

Mmin: 0

Mmax: 12

M_dist: uniform

# Groups to include
classes:
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Human:
include:
description:
- "Human"
- "Person"
_ llManll
- "Woman"
- "Child"
metadaca:
location:
- "Sweden"
"Lund"

exclude:
description:
- "Indoors"

Sheep:
include:
description:
_ ||Sheep”
n Ram n

exclude:

size:
above: 0.5
below: 0.04

metadata:
contrast: 0

description:
- "Rainy"

Code Listing B.3: Content of object data set

# Description of the dataset
name: Example Object Data set
description: >

An object data set with the to identify humans
and sheep in order to help sheep herders distinguish

between the two.
type: object
class_count: 2
image_count: 4
format: yolo
size_mb: 400
dimensions:

width: 640

height: 480

# The classes the dataset will consist
classes:

of
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B. PROPOSED DATA SET DESCRIPTIONS

Human
count: 2

Sheep:
count: 2

# The images and classes making up the dataset
content:

subimagel: Human

subimage2: Human

subimage3: Sheep

subimage4: Sheep

# Augmentation
augmentation:
seed: 0
n: 30
aug:
strategy: SomcOf
sigma:
dist: uniform
min: 0
max: 1.0

children:
GammaContrast:
args: [(0.18, 1.82)]
Alpha:

args: [(0.1, 0.82), AHChannelsHistogramEqua]izution()]
Solarize:
args: [1, (23, 233)]
Rotate:
args: [(=30, 30)]
UniformColorQuantizationToNBits:
args: [(2, 8)]
MultiplyHueAndSaturation:
args: [(0.18, 1.82)]

MultiplyBrightness:
args: [(0.18, 1.82)]
Sharpen:
args: [(0.0, 0.82),1.0]
Affine:
args: [(=30, 30)]
Cutout:
args: [(20, 80), 0.005, False, ’gaussian’]
aug:
children:

strategy: SomecOf
sigma:

dist: uniform

min: 0

max: 1.0
TranslateX:

args: [(—-82, 82)]
TranslateY:

args: [(=82, 82)]
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Code Listing B.4: Object of scene data set

# Description of the dataset

name: Example Scene Data sect

description: >
A data set with the to detect humans and sheep
in order to help sheep herders count employees
and herd size on sunny days outdoors.

type: scene

class_count: 2

image_count: 2

format: yolo

size_mb: 20

dimensions:
width: 640
height: 480

# The classes the dataset will consist of
c]asses:

Human
count: 2

Sheep:
count: 2

# The images and classes making up the dataset
content:
imagel:
objectl:
class: Human
x: 0.2
y: 0.4
width: 0.15
height: 0.15
object2:
class: Human
x: 0.2
y: 0.4
width: 0.15
height: 0.15

image2:

objectl:
class: Sheep
x: 0.2
y: 0.4
width: 0.15
height: 0.15

Objeth:
class: Sheep
x: 0.2
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y: 0.4
width: 0.15
height: 0.15

# Augmentation
augmentation:
seed: 0
n: 30
aug:
strategy: SomcOf
sigma:
dist: uniform
min: (
max: 1.0
children:
GammaContrast:
args: [(0.18, 1.82)]
Alpha:
args: [(0.1, 0.82), AllChannelsHistogramEqualization ()]
Solarize:
args: [1, (23, 233)]
Rotate:
args: [(=30, 30)]
UniformColorQuantizationToNBits:
args: [(2, 8)]
Mu]tiplyHueAndSaturation:
args: [(0.18, 1.82)]
MultiplyBrightness:
args: [(0.18, 1.82)]
Sharpen:
args: [(0.0, 0.82),1.0]
Affine:
args: [(=30, 30)]
Cutout:
args: [(20, 80), 0.005, False, ’gaussian’|
aug:
children:
strategy: SomecOf
sigma:
dist: uniform
min: 0
max: 1.0
TranslateX:
args: [(-82, 82)]
TranslateY:
args: [(-82, 82)]
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CHAPTER
ONE

DOCUMENTATION FOR THE SERVER API

Resource

Operation

Description

POST /api/generate/dsetspec

POST /api/generate/dset

POST /api/command/sort

GET /api/list/eventdates

GET /api/get/info

POST /api/upload

GET /api/list/images/(category_name)/(group_nam

€

~

GET /api/list/groups/(category_name)

GET /api/list/events/(date)

GET /api/get/attributes/(image_name)

GET /api/get/image/(image_name)

1.1 Api details

POST /api/generate/dsetspec
Generate a dataset specification based on the dataset content file provided

‘curl -F dataset_description.yaml http://localhost:5000/generate/dsetspec

Example request:

Host:
Content-Type:

POST /generate/dsetspec HTTP/1.1
127.0.0.1:5000

text/yaml

Content-Disposition: text/yaml; filename="dataset_description.yaml"

Example response:

HTTP/1.1 200 OK

Vary: Accept

Content-Type: text/yaml
Content-Disposition: text/yaml;

sourcecode:: http
HTTP/1.1 500 ERROR

Vary: Accept
Content-Type: application/json

filename="dataset_content.yaml"

(continues on next page)
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(continued from previous page)

"error": "..."

Request Headers

» Accept — the response content type depends on Accept header
Status Codes

* 200 OK — success

* 500 Internal Server Error — could not generate content specification

POST /api/generate/dset
Generate a dataset specification based on the dataset content file provided

curl -F dataset_content.yaml http://localhost:5000/generate/dset

Example request:

POST /generate/dset HTTP/1.1

Host: 127.0.0.1:5000

Content-Type: text/yaml

Content-Disposition: text/yaml; filename="dataset_content.yaml"

Example response:

HTTP/1.1 200 OK

Vary: Accept

Content-Type: gzip

Content-Disposition: gzip; filename="dataset.tar.gz"

sourcecode:: http
HTTP/1.1 500 ERROR

Vary: Accept
Content-Type: application/json

"error": "..."

Request Headers

» Accept — the response content type depends on Accept header
Status Codes

* 200 OK — success

* 500 Internal Server Error — could not generate dataset

POST /api/command/sort
Trigger a sort of the database
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curl -X http://localhost:5000/command/sort

Example request:

POST /command/sort HTTP/1.1
Host: 127.0.0.1:5000
Accept: application/Jjson

Example response:

HTTP/1.1 200 OK
Vary: Accept
Content-Type: application/json

"status": "ok"

sourcecode:: http

HTTP/1.1 500 ERROR

Vary: Accept
Content-Type: application/json

"error": "..."

Request Headers

» Accept — the response content type depends on Accept header
Status Codes

* 200 OK — success

* 500 Internal Server Error — could not sort

GET /api/list/eventdates
List all dates in the eventlog

curl http://localhost:5000/api/get/groups/scene

Example request:

GET /users/123/posts/web HTTP/1.1
Host: 127.0.0.1:5000
Accept: application/Jjson

Example response:

HTTP/1.1 200 OK
Vary: Accept
Content-Type: application/json

"data": {
"groups": ["unsorted", "groupO", "groupl"]

(continues on next page)
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GET

(continued from previous page)

sourcecode:: http
HTTP/1.1 404 NOT FOUND

Vary: Accept
Content-Type: application/json

"error": "no such category found"

Request Headers

* Accept — the response content type depends on Accept header

Status Codes
* 200 OK — success
* 404 Not Found — no such category found

/api/get/info
Return system information.

curl http://localhost:5000/api/get/info

Example request:

GET /api/get/info HTTP/1.1
Host: 127.0.0.1:5000
Accept: application/json

Example response:

HTTP/1.1 200 OK
Vary: Accept
Content-Type: application/json

"data": {
"DATABASE": "/tmp/imagedb.h5",
"SIZEGB": "0.00GB",
"IMAGES": 0,
"SCENE_GROUPS": O,
"OBJECT_GROUPS": 0,
"UNSORTED_IMAGES": 0,
"TESTING": true,
"DEBUG": true,
"ENV": "development",
"ALLOWED_IMG_EXTENSIONS": |
"Jjpeg",
"Jpg",
"ong"
]!
"ANALYZER_THREADS": 1

(continues on next page)
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(continued from previous page)

Request Headers

» Accept — the response content type depends on Accept header
Status Codes

* 200 OK — success

POST /api/upload

Receive an image or images to put into the database

curl -F 'avatar.png=Q@/home/Jjtrack/Pictures/avatar.png' -F 'sib_location.
—png=@/home/jtrack/Pictures/sib_location.png' http://localhost:5000/api/
—upload

Example request:

POST /api/upload HTTP/1.1

Host: 127.0.0.1:5000

Accept-Encoding: gzip

Content-Type: multipart/form-data;boundary="files[]"

——files[]
Content-Disposition: form-data; name="image"; filename="imagel. jpg"

——files/[]
Content-Disposition: form-data; name="image"; filename="image2.png"
Content-Type: image/png

sourcecode:: http

POST /api/upload HTTP/1.1

Host: 127.0.0.1:5000

Accept-Encoding: gzip

Content-Type: image/png

Content-Disposition: form-data; name="image"; filename="imagel. jpg"

Example response:

HTTP/1.1 200 OK

Location: /view

Content-Type: application/json
Content-Length: length

"filename": "imagel.jpg",
"id": "imageO"

"filename": "image2.png",
"id": "imagel"

(continues on next page)
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(continued from previous page)

sourcecode:: http

HTTP/1.1 400 Redirect
Location: /view
Vary: Accept

Request Headers

» Accept — the response content type depends on Accept header
Status Codes

* 200 OK —no error, get infolist json

* 400 Bad Request — no file part in POST request, redirect to /upload

GET /api/list/images/ (category_name) [/
group_name List all images in the group group_name under category category_name

curl http://localhost:5000/api/list/images/scene/group0

Example request:

GET /api/list/images/<category_name>/<group_name> HTTP/1.1
Host: 127.0.0.1:5000
Accept: application/Jjson

Example response:

HTTP/1.1 200 OK
Vary: Accept
Content-Type: application/json

"data": {
"images": ["imageO", "imagel"]
}
}
sourcecode:: http

HTTP/1.1 404 NOT FOUND
Vary: Accept
Content-Type: application/json

"error": "no such category found"

Request Headers

* Accept — the response content type depends on Accept header
Status Codes

* 200 OK — success
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* 404 Not Found — no such category found

GET /api/list/groups/ (category_name)
List all groups in the category category_name e.g ‘scene’ or ‘object’

curl http://localhost:5000/api/list/groups/scene

Example request:

GET /api/list/groups/<category name> HTTP/1.1
Host: 127.0.0.1:5000
Accept: application/Jjson

Example response:

HTTP/1.1 200 OK
Vary: Accept
Content-Type: application/json

"data": {
"groups": ["unsorted", "groupO", "groupl"]
}
}
sourcecode:: http

HTTP/1.1 404 NOT FOUND
Vary: Accept
Content-Type: application/json

"error": "no such category found"

Request Headers

» Accept — the response content type depends on Accept header
Status Codes

* 200 OK — success

* 404 Not Found — no such category found

GET /api/list/events/ (date)
List all events on the specified date

curl http://localhost:5000/api/list/events/"2021-04-06"

Example request:

GET /list/events/<date> HTTP/1.1
Host: 127.0.0.1:5000
Accept: application/json

Example response:
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HTTP/1.1 200 OK
Vary: Accept
Content-Type: application/json

{

"data": {
events: [
"06:23:35 - INFO - 'Database initialized'",
"06:23:35 - INFO - 'Website initialized'",
"07:21:41 - REQUEST - 'From 127.0.0.1: GET /api/get/info?'"
]
}
}
sourcecode:: http

HTTP/1.1 404 NOT FOUND
Vary: Accept
Content-Type: application/json

"error": "no entry for date found"

Request Headers

» Accept — the response content type depends on Accept header
Status Codes

* 200 OK — success

* 404 Not Found — no entry for date found

GET /api/get/attributes/ (image_name)
Get the attributes of an image from the database using the unique image_name.

curl http://localhost:5000/api/get/attributes/image0

Example request:

GET /api/get/attributes/image0 HTTP/1.1
Host: 127.0.0.1:5000
Accept: image/jpeg; 1image/png

Example response:

HTTP/1.1 200 OK
Vary: Accept
Content-Type: image/png

sourcecode:: http
HTTP/1.1 404 NOT FOUND

Vary: Accept
Content-Type: application/json

(continues on next page)
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(continued from previous page)

"error": "not found"

Request Headers

» Accept — the response content type depends on Accept header

Status Codes
e 200 OK — success

* 404 Not Found — no such image found

GET /api/get/image/ (image_name)

Get an image from the database using the unique image_name.

curl http://localhost:5000/api/get/image/image0

Example request:

GET /api/get/image/<image_name> HTTP/1.1
Host: 127.0.0.1:5000
Accept: image/jpeg; image/png

Example response:

HTTP/1.1 200 OK
Vary: Accept
Content-Type: image/png

sourcecode:: http
HTTP/1.1 404 NOT FOUND

Vary: Accept
Content-Type: application/json

"error": "not found"

Request Headers

* Accept — the response content type depends on Accept header

Status Codes
e 200 OK —no error, redirect to /view

* 404 Not Found — no such image found
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Interface

Helios

Upload Images

Browse... | 3files selected.

Upload Multiple |

Selected files:

inputl jpg
input2ipg

input3jpg

Preview:

(a) Upload view

Helios

View database

Alert! Al files uploaded

Choose category v || Choose aro

Image names:

BN sortdatabase

Preview:

(¢) Database view

Show status
Status:

“data": {
"DATABASE": "/tnp/inagedb.hs",
"SIZEGB": "0.66GB",

"SCENE_GROUPS": 6,
"OBJECT_GROUPS™: 6,

Event log:
20210006 v

06:23:35 - INFO - Database initalized’

06:23:35 - INFO - Website initialized

“Datahase inpialized

(b) Status view of events and system informa-

tion
VIew aatapase

Alert! Al files ploaded

Objectimages v | unsorted
Image names:

img11

M| sortdatabase

img10 img11

img3 img4

(d) Database view ofimages in a group

Figure D.1: Examples of the interface used for a user to more easily

interact with the workflow.
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Detection Model Classes
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16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39

E. DETECTION MODEL CLASSES

Code Listing E.1:
Coco class listing

person
bicycle
car
motorbike
acroplane
bus
train
truck
boat
traffic ]ight
fire hydrant
stop sign
parking meter
bench

bird

cat

dog

horse

sheep

cow

clephant

bear

zebra

giraffe
backpack
umbrella
handbag

tie

suitcase
frisbee

skis

snowboard
sports ball
kice

baseball bat
baseball glove
skateboard
surfboard

tennis racket

40
41
)
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64
65
66
67
68
69
70
71
72
73
74
75
76
77
78
79
80

bottle

wine glass
cup

fork

knife

spoon

bowl

banana
apple
sandwich
orange
broccoli
carrot

hot dog
pizza

donut

cake

chair

sofa
pottedplant
bed
diningtable
toilet
tvmonitor
laptop
mouse
remote
keyboard
cell phone
microwave
oven
toaster
sink
refrigerator
book

clock

vase
scissors
teddy bear
hair
toothbrush

drier
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Effektivisering av

maskininlarnings-process genom
forbattrad hantering av stora

bilddata-set

POPULARVETENSKAPLIG SAMMANFATTNING Jonathan Jakobsson

Med 6kat nyttjande av maskininlarningsmetoder for databehandling, kommer &ven
okade krav pa hanteringen av dataflodet. Detta arbete har efterstravat att forbattra
hanteringen av stora bilddata-set och darmed reducera mangden resurser som kravs
for att underhélla ett bilddata-flode for anvandning inom maskininlarning.

Genom att anvinda maskininldrningsmodeller for
att bearbeta bilddata kan stora méngder data
bearbetas automatiskt. Denna metod kommer
dock inte utan kostnad. For att maskininlarn-
ingsmodellerna ska prestera och kunna produc-
era korrekta forutsdgelser om framtida data be-
hovs stora méngder traningsdata for att forbereda
modellerna. Detta arbete har analyserat ett ar-
betsflode pa foretaget SiB Solutions AB dér malet
ar att kontinuerligt bygga och expandera bildtrén-
ingsdataset for att anpassa modeller for olika an-
viandningsfall. Foretagets nuvarande arbetsflode
har avbrutits d& kostnaden i form av arbetskraft
resulterar i att arbetsflédet blir for olonsamt. Fx-
amensarbetet foreslar en 10sning genom att analy-
sera det nuvarande arbetsflodet, i syfte att kon-
statera vilka brister som finns, anledningen till
dessa samt vilka krav som finns pa flodet. Anled-
ningen till bristerna kan sammanfattas som my-
cket repetitiva arbetssysslor och fa riktlinjer vilket
okar kravet pa kunskap om maskininlérning och
erfarenhet inom arbetsflodet. Efter analys genom-
fordes efterforskning och experiment fér att na

[T VIEW Jatapnase

Alert! :All files uploaded

R@| Sort database

Objectimages v unsorted
Image names:

img11

Preview:

@ - /ﬁ

E i

img10 img11 img3 img4

Figure 1: Anvandargranssittet for den experi-
mentella implementationen av arbetsflodet. Vyn
som visas pa bilden ar till for att inspektera bilder
i databasen.

forslag pa 1osningar till dessa brister for att sedan
kunna goéra en sammanstillning av ett forslag
pa ett forbattrat arbetsflode. Resultatet blev
en specifikation pa ett helt automatiserat system
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HANDLEDARE Alma Orucevic-Alagic (LTH)
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som anvinder sig av flera olika tekniker for att
minska manuella moment. Det togs &ven fram
en experimentell implementation av en del av
flodet. De tekniker som anvinds for att astad-
komma detta &r, bl.a. automatisk bildbehandling
for att bearbeta och sortera bilddata, en databas

for att kunna effektivt spara och sortera bilddata
och specifikationer for dataset for att forbéttra
hanteringen av dessa. Det nya arbetsflodet har
potential att markant reducera kostnad forknip-
pad med drift och underhall av stora bilddata-set
for maskininldrning,.
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