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Abstract
In recent years, Computer Aided Detection (CADe) has been widely used in medical
images in order to increase the quality of diagnoses. This study focuses on using
CADe for detecting cell changes in the form of dysplasia and hyperplasia in patients
diagnosed with ulcerative colitis. A new dataset with manual annotation for these
cell changes has been created, which includes images from ten colonoscopy examin-
ations. We test the object detection models in combination with different augment-
ation techniques on this new dataset as well as on the existing KvasirSEG dataset
[1]. KvasirSEG is an existing dataset containing 1000 gastrointestinal polyp images,
annotated with both semantic segmentation and bounding boxes. KvasirSEG, as
well as the new dataset, are retrieved during colonoscopy surveillance, which makes
the KvasirSEG suitable for a pre-study. The best performing model with augmenta-
tion on the KvasirSEG dataset is VarifocalNet (VFNet) with a mAP score of 80.6%.
For the new dataset, the best performing models are RetinaNET and VFNet in
combination with different augmentation techniques with mAP scores of 9.3% and
8.7% respectively. The new dataset is lacking in quality since it contains several
images from the same lesions, in combination with only subtle changes in the la-
belled region compared with the surroundings. In the present situation, we cannot
determine the potential of this material, further work is needed before the dataset
can be evaluated properly for object detection purposes.

Keywords: Dysplasia, Faster R-CNN, Hyperplasia, Inflammation, mAP, Object De-
tection, Polyp, RetinaNet, Ulcerative Colitis, VarifocalNet
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1
Introduction

In recent years, computer vision and more speci�cally image processing and pattern
recognition has facilitated the medical �eld considerably [2]. It can be used to
analyze medical images which can make it easier for the medical sta� to make
decisions in critical situations [2]. Since the computer vision systems are becoming
fast and accurate, the diagnosis can also be determined faster and more accurately
compared to previous solutions [2]. In this section, we are presenting the medical
and technical background as well as our aim, limitations and speci�cation of issue.
Finally, we are also discussing the ethical considerations.

1.1 Medical Background

Chronic colitis and in�ammatory bowel disease (IBD) are wide terms that describe
di�erent disorders in the gastrointestinal tract (GI-tract) characterized by chronic
in�ammation in the mucosa [3]. IBD includes two major disorders namely, Crohn's
disease (CD) and ulcerative colitis (UC) [3]. CD is an in�ammation in the patient's
GI-tract that can be located somewhere from the oral cavity to the rectum [4], but
often localized in the small or large intestine [5]. Since CD can be located in a wide
range of locations, the symptoms can be quite various [4]. However, common symp-
toms of CD are abdominal pain, vomitting, diarrhea, constipation and, weight loss
or weight gain [4]. UC is a disorder causing various degree of in�ammation in the
patient's large intestine or rectum characterized by relapses and remission [6], [7].
These two disorders have in common, an increased likelihood of the patient getting
colorectal cancer in the future [8], [9]. In 2018, colorectal cancer was the third most
common cancer type, more speci�cally around 10.2% of the total cases [10]. It was
also the second most deadly cancer type accounting for 9.2% of the total cancer
deaths registered [10].

Today, colonoscopy surveillance is recommended in order to detect changes in the
colon that can result in a dangerous outcome [11]. An example of abnormal growth
of cells is dysplasia, a precursor of cancer [12]. If these changes are detected early by
colonoscopy surveillance, the risks of getting serious consequences will decrease [12].
However, colonoscopy disease detection miss-rates are too high, and articles mention
that the miss-rate is somewhere between 17% and 28% in order to detect colorectal
polyps [13]. As described earlier, this can result in development of colorectal cancer
if the precursors are not found [13]. Therefore, it is of great importance to �nd
di�erent methods that can be used as a complement to the physicians in the area,

1



1. Introduction

e.g. endoscopists, in order to detect the abnormalities of interest.

1.1.1 Technical Background

In order to analyse complex medical images recorded during colonoscopy, in an ef-
fective way, and to be able to �nd dysplasia that even trained endoscopists miss,
Arti�cial Intelligence (AI) solutions are needed. Various studies have been done
in di�erent medical areas, where it has been seen that computer aided detection
(CADe) using AI and deep learning can improve detection in medical images [14],
[15], [16].

Deep learning uses deep neural networks, which are built up by several layers, each
containing several neurons connected to the following layers in di�erent ways, de-
pending on the choice of layers. The structure of the networks can be divided into
visible and hidden layers. The visible layers are the input and output which in this
case are pixels and numerical output values respectively. From the visible input
layer the next hidden layers can detect abstract features that after several layers
can result in a prediction of what is seen in the image [17].

There are di�erent AI solutions and techniques available today that all focuses on
di�erent aspects. When working with images and computer vision, techniques like
object detection and segmentation are commonly used. Object detection labels and
localizes the object with a square, called bounding box [18], and lastly segmentation
labels every pixel in the image [19].

Every layer with neurons have corresponding weights that in�uences the import-
ance of their information when going through the network [17]. This means that
for an entire network, a large number of weights a�ect the outcome. These weights
are not set by hand but from training the network. The network is trained by
giving it images to train on, where the coordinates of the object of interest are exist-
ing. The images are processed in the network and its output is compared with the
ground truth coordinates. When the output and the ground truth di�er, the dif-
ferent weights are updated in order to make a more accurate and better network [17].

A well performing network is trained on a large dataset in order to recognize many
di�erent aspects in the images. Today, there are no existing labeled dataset of endo-
scopic images or videos from patients with dysplasia in chronic colitis. This means
that it is of great priority to �nalize a dataset in order to develop an algorithm for
detecting the di�erent classes in the data.

2



1. Introduction

1.1.2 Aim

The aim of this master thesis was to test and evaluate if deep neural networks could
be used to detect dysplastic lesions in the colon in patients with UC. A dataset
of images from endoscopic investigations on patients diagnosed with UC have been
created and labeled in collaboration with a medical student in order to get data for
the deep learning algorithm.

1.1.3 Limitations

In order to narrow down the scope, we have limited our technical methods to object
detection algorithms. We have not considered other possible methods, e.g. semantic
segmentation and image classi�cation. The dataset have only been annotated for
object detection with labels and bounding boxes. We have only used labels of the
following di�erent classes, and examples of those can be found in Appendix A.1:

ˆ Hyperplasia (Polyp and Biopsy)
ˆ Dysplasia (Polyp and Biopsy)
ˆ In�ammation (Polyp and Biopsy)

We have chosen to use KvasirSEG (referred to as Kvasir) for a pre-study in parallel
with the creation of the new dataset since it is also made of gastrointestinal polyp
images [1].

1.1.4 Speci�cation of Issue Under Investigation

Our aim is complemented with the following questions that we have focused on
answering during our project:

ˆ How well does already existing systems perform on the new dataset compared
to existing datasets containing frames within the colon?

ˆ How accurately will the existing systems perform on the augmented datasets,
measured in Mean Average Precision?

ˆ What will be the target precision for the algorithm to be used in practical
applications as a decision aid?

1.1.5 Ethical Considerations

When collecting and using patient data it is very important that the data handling
is done correctly to respect the privacy of the patients and follows The General
Data Protection Regulation. In this case the video material has been collected at
examinations made at Akershus University Hospital in Norway, and it has been
anonymised when saved and added to the collection of videos. Our work did not
interfere with the patient treatments since the data is anonymous and was processed
retrospectively. Therefore, this project is considered ethical. If the project could
contribute to implement this type of technology in the healthcare, the diagnostic
methods for these diseases will be improved and the number of patients that get the
right diagnosis in time could increase.
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1. Introduction

It is also important to mention the ethical discussion surrounding the use of AI
today. There is always a risk that powerful technology meant for good purposes can
be used with inappropriate intentions. With this in mind it is important that every-
one re�ects on the impact their solutions can have if used with wrong intentions. In
our case we believe that the positive outcome of this thesis is larger than the risks.
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2
Theory

In order to get a deeper knowledge in the area from both a medical and a technical
perspective, the theory of the di�erent parts are presented. To start with, the
medical aspects are described, followed by the technical aspects in terms of object
detection models. At last, the data augmentations techniques and the evaluation
metric used in this thesis are explained.

2.1 Ulcerative Colitis and Cancer

As earlier described, patients with UC are at increased risks for developing colorectal
cancer in the future [20]. Surveillance of patients with UC are scheduled colonoscopy
examinations in order to detect precursors of cancer as early as possible [20]. Le-
sions, an unhealthy mutation or change, can develop further into di�erent phases
of cancer [21]. Either, the lesions can stop developing at an unharmful stage and
remain harmless in the future, or continue to develop into cancer [21]. The lesions
can develop into non cancerous hyperplasia or the premalignant form, dysplasia
[21]. In this project, the focus has been to detect dysplasia and di�erentiate it from
hyperplasia and in�ammation. In hyperplasia, the cells are increasing in numbers
but they are still functional [21]. The cells in dysplasia have changed their micro-
scopic appearance and may also loose their original functions [21]. An example of
hyperplasia and dysplasia can be seen in Figure 2.1.

(a) Hyperplasia (b) Dysplasia

Figure 2.1: Two examples of the changes in the cell-structure in hyperplasia (2.1a) and
dysplasia (2.1b). From [22].

The changes described above and in Figure 2.1 can also be visible in the mucosa of
the colon. The structure of those changes can look like the examples in Figure 2.2
(example of images from the created dataset).

5



2. Theory

(a) Hyperplasia (b) Dysplasia

Figure 2.2: Examples of the mucosa in the colon of a patient with hyperplasia (2.2a)
and/or dysplasia (2.2b).

2.2 Object Detection

As mentioned in the introduction, object detection is a �eld within computer vision
where systems are used to localize objects of interest in images using bounding boxes,
and identify each box using a label [18]. In order to predict labels and corresponding
bounding boxes, networks need to be trained. Neural networks are explained more
thoroughly in the following section.

2.2.1 Neural Networks

Today, there are various types of neural networks available. Perhaps the most well-
known type is an arti�cial neural network (ANN), commonly described as neural
networks [23]. The system is quite inspired by the function of the human visual
cortex and its corresponding neurons, and more speci�cally how neurons are inter-
connected with each other in order to create a complex system [23]. The human
nervous system starts with a signal containing a directive from the visual cortex.
This signal travels through interconnected nerves to the �nal destination where the
signal is represented by a visual command, for instance a movement of an arm or a
leg [24]. In a similar way, neural networks are made of interconnected neurons, often
called nodes, with non-linear activation functions and bias terms [23]. As described
in the introduction, the network can be divided in three di�erent sections, more spe-
ci�cally an input image, hidden layers and �nally an output layer [23]. The neurons
in the hidden layer are interconnected with each other, as well as connected with
the input layer and the output layer respectively. In Figure 2.3, the methodology of
a neuron in the hidden layer is visualised.
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Figure 2.3: The methodology of the function of a neuron in a neural network, where
x i ; i = 1 ; :::; n are the input value from the previous layer of neurons,wi ; i = 1 ; :::; n
represent the weights,b is the bias term, f is the activation function and y is the output
value to the next layer of neurons.

From Figure 2.3, it can be seen that the neuron in the current layer gets inform-
ation from the neurons in the previous layer. The information from the previous
layer is then multiplied by a speci�c weight for every neuron, which describes the
importance of the information from the previous neuron [25]. When the network
is trained, the weights are updated continuously according to their importance by
forward- and backpropagation [25]. After the input values have been multiplied by
their corresponding weight, a bias term may be added [23].

After this procedure, an activation function is used [17]. There are di�erent types
of activation functions used in the area, but one of the most frequently used is the
recti�ed linear unit function, often shortened ReLU-function [17]. Its purpose is
to turn on and o� the neuron when the output reaches a speci�c threshold value
[17]. The function is used in order to reassemble a biological neural network, where
a speci�c threshold value equal to� 55mV needs to be reached to start an action
potential in the biological nerve [24]. The ReLU-function is actually a non-linear
function and its shape is represented in Figure 2.4.

Figure 2.4: The shape of the ReLU-function. From [26].

If the input value is larger than a speci�c threshold value, the output value from the
ReLU-function is expressed, with a non-zero value [17]. ReLU-functions are often
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used either in the intermediate layers or at the end of the whole network used for
the regression [23].

2.2.2 Convolutional Neural Networks

A class of deep neural networks often used in the image recognition area, and in
particular object detection tasks, is the convolutional neural network (CNN). This
class of networks reduces the number of neurons by mostly sharing weights between
kernels, without reducing the deep knowledge of the whole system [27]. In turn, the
training is computationally less expensive compared to other existing networks,e.g.
fully connected neural networks [27]. The architecture of a typical CNN is visualised
in Figure 2.5.

Figure 2.5: Architecture of a typical convolutional neural network, where the input
image, the hidden layers and the output layer are represented. The hidden layer is repres-
ented by convolutional layers (conv), max pooling layers (pool) and the rest of the hidden
layer (hidden) which often is made of more series of connected convolutional layers and
max pooling layers. From [28].

As in Figure 2.5, the �rst layer in a CNN is the input layer. In image recognition,
the input layer is often an image or a video frame with known information,e.g.
certain width, height represented as pixel values and a speci�c number of channels.
A gray-scale image has one channel, while a RGB-image is represented by three
di�erent channels that corresponds to the RGB color model. This means that the
information of an image are pixel values represented as a 3D-array in memory [27].

2.2.2.1 Components in a Convolutional Neural Network

An input image is then connected to the �rst component in the hidden layer of a
CNN. Often, the �rst layer is a convolutional layer which uses the mathematical
operation named convolution on the input [27]. The convolutional layer is made of
a �lter, which in turn is represented by several kernels stacked on each other with
speci�c sizes in form of a prede�ned width and height [27]. The �lter is applied to a
starting region (top left corner) on the input layer and then sliding above the entire
image with a speci�c stride one step at a time [29]. Stride is the number of pixels
the �lter is moving at a time [29]. The size of the stride a�ects the dimension of the
output layer. In Figure 2.6, an example of how a convolutional �lter is applied to
an input image is shown.
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Figure 2.6: The operation and the result of a convolutional layer, which is made of a
�lter that uses element-wise multiplication. At last, these multiplications are summarised
and present in the output layer. From [30].

In Figure 2.6, the input layer has the dimensions8 � 8 pixels and the convolutional
�lter has the dimensions3 � 3 pixels. At �rst, the �lter multiplies each pixel value
with its corresponding pixels in the input layer and then summarise the individual
products. The size of the stride in combination with di�erent padding techniques
decide the output dimensions [27]. As a result of using CNNs, the number of neur-
ons is fewer compared to systems where every neuron is connected to each neuron
in the previous layer. However, the information of the corresponding area in a CNN
is preserved since the abrupt changes in an image are remaining. To summarise,
it can be seen that the behaviour of the convolutional �lter in form of size, kernel
values and stride have a great impact on the characteristics in the output layer.

Secondly, a very common layer in a CNN is the pooling layer which often follows
a convolutional layer, or connected to a ReLU-layer in between the two layers [31].
Its function is to reduce the number of trainable parameters by downsampling the
width and height of the previous layer which leads to a smaller size of the output
layer [31]. Downsampling makes the resolution of the output layer lower but still
containing large structural elements that often are of greater importance, while �l-
tering smaller areas with �ner details [31].

There are di�erent types of pooling layers used in the area, but two of the most
popular ones are the max-pooling layers and average pooling layers. Max-pooling
layers calculate the maximum pixel value within each window of a feature map,
which is the size of the kernel [31]. Average pooling layers operate in a similar way
but instead calculate the average value within each feature map [31]. A max-pooling
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layer with the kernel size equal to2 � 2 pixels and with stride equal to2 pixels is
visualised in Figure 2.7.

Figure 2.7: The methodology of how max-pooling layers operate. In this particular
example, the kernel size is equal2 � 2 pixels and stride equal to2 pixels. The feature map
windows where the max-pooling layer is operating are marked by various colors depending
of the stride value. From [32].

In order to make appropriate settings on the network, it is important to understand
how the size of the original input image is changing during the network path. The
output dimensions after a speci�c layer can be calculated by using the following
formula:

(V � R) + 2 P
S

+ 1; (2.1)

whereV is the input size in one dimension,R is the kernel size in one dimension,P
is the number of padding applied andS is the stride value [31].

The third layer, often located in front of the last convolutional layer is a fully-
connected layer that can be used as a single element or in series with many fully-
connected layers. This layer transforms the value of every neuron in the previous
layer to generate a �attened array with output values [27]. Often, the output values
are also normalised into a probability distribution using a softmax layer at the end
of the network [27]. Depending of the purpose of the image recognition, the output
array is designed di�erently. If the purpose is to give a class without a localization
of the object, the size of the array is equal to the number of classes with element
ranging from 0 to 1, where 1 corresponds to the highest probability for the respective
class. For object detection, the output array also includes the coordinates of the
bounding box in the �nal output array.
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2.2.3 You Only Look Once (YOLO)

You Only Look Once (YOLO) is a family of object detection models that have shown
good performance, while also focusing on improving inference speed. The basic idea
behind YOLO is that it resizes the images, creates a grid (with size S� S) over the
images and runs the detection on each of the grids at the same time. The image
only needs to be processed once compared to other methods, using sliding windows
or other more time consuming feature-extraction methods. We have chosen to focus
on the third and the fourth version of YOLO.

YOLO's architecture is built up by a feature extractor and a detector [33]. The
feature extractor used in YOLOv3 is Darknet-53 whose architecture can be seen in
Figure 2.8, an improved extractor from the previous YOLO-models [34].

Figure 2.8: The structure of the Darknet-53 multi-scale feature extractor. From [35].

In Figure 2.8, it can be seen that Darknet is built of blocks with 2-stride convolu-
tional layers in between that reduce the size of the data [34]. The blocks contain
convolutional layers of1 � 1 followed by 3 � 3 and a skip-connection (meaning
that some layers are skipped in the backpropagation) [34]. The last three blocks,
that down-scale using the 2-stride convolutional layers, create the grids on the dif-
ferent scales. These outputs are fed into the detector which looks at each grid-cell
separately. Inside the grid-cells, pre-de�ned (using B boxes from K-mean clustering
on the dataset) anchor boxes or bounding boxes are positioned on the centroid, re-
gressed to correct size and �nally classi�ed by the detector [34].
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YOLOv3 is a multi-scale detector, meaning that the detection on the images are
done after scaling the images to di�erent sizes [34]. Parts from the larger scales are
also concatenated with the smaller scales, which means that large scale factors can
in�uence the small scale results [34]. The detector produces a vector containing the
bounding box́ s relative position, the probability that the box contains an object
which is called objectness score and also the probability for each of the classes to be
found in the box [34]. This is calculated for every grid-cell, only keeping the best
performing bounding boxes of each cell [34].

This network is trained using the following complex loss-function [34]:

L = � coord
P B

i =0 obji � MSE ((x i ; x̂ i ); (yi ; ŷi ))

+ � coord �
P B

i =0 obji � MSE ((
p

wi ;
p

ŵi ); (
p

hi ;
q

ĥi ))
+

P B
i =0 BCE (obji ; ôbji )

+ � noobj

P B
i =0 BCE (objscri ; ^objscri ) � (1 � obji ) � ignore

+
P B

i =0 BCE (Ci ; Ĉi ) � obji :

(2.2)

In Equation (2.2), � coord and � noobj are hyperparameters used to balance the ef-
fect between bounding box coordinate precision and con�dence predictions of boxes
that does not contain any object.obji is the objectness score mentioned above, MSE
stands for mean square error and BCE for binary cross entropy.x, x̂, y and ŷ are
the coordinates of the centroid of the prediction (̂x andŷ) and ground truth (x and
y). w and h are the width and height of the bounding box.ignore is a parameter
used to minimize the importance of the boxes with a little di�erence in overlap.

It can be seen that the loss function in Equation (2.2) is calculated as the sum
of several terms which in turn can be seen as separate losses. The �rst term rep-
resents the loss of the predicted centroid coordinates, the second describes the loss
of shape of the predicted bounding box, the third and the fourth describes the ob-
jectness and non-objectness scores. Lastly, the classi�cation score is added to create
the entire loss-value.

The fourth version of YOLO is an improvement of the third version. The structure
of YOLOv4 is built up of a backbone called CSPDarknet53, a neck of Spatial Pyr-
amid Pooling (SSP) and Path Aggregation Network (PAN), and also the YOLOv3
head [36]. CSPDarknet53 is a Darknet53 backbone that applies the Cross Stage
Partial Network (SCPNet) strategy [36]. SCPNet is a method to directly optimize
the mapping function of the network, making it more e�cient in handling the many
concatenations used in a complex network [37]. Layers between the backbone and
the head are called the neck of the model. In YOLOv4, the neck consists of SSP and
PAN [36]. SSP is a method created to solve the problem of static input sizes using
i.e fully connected layers and varying image sizes [38]. Fixed length representations
are made by generating the feature map from the entire image once and then doing
pooling (i.e max-pooling) on sub-images. Then, the output is a vector containing
the feature map and the output of the pooling [38]. This is illustrated in Figure 2.9.
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Figure 2.9: The structure of the spatial pyramid pooling layer. From [39].

As can be seen in Figure 2.9, the input size to the SSP-layer does not a�ect the
output size which solves the problem of static input sizes. The next part of the neck
is the PAN, a method for preserving the location information when the complexity
of the convolutional features gets larger [40]. This is done by creating shortcuts
between lower layers and the top layers, using features from all layers and making
the network decide which are the best to use and lastly by using both fully connected
and convolutional layers [40]. PAN is a further development of the Feature pyramid
network, FPN. The structure of both FPN and PAN can be seen in Figure 2.10.

(a) FPN (b) PAN

Figure 2.10: The structure of FPN and PAN, where the Pi symbolizes the output from
convolutional layers with the size of 1

2i times the input image size. From [41]

FPN is a simple way to preserve and add features of di�erent scales together. It is
done by taking outputs from smaller (in scale) outputs and adding them to the larger
scale outputs [42]. This is achieved by using a pyramid structure of convolutional
layers and the natural resizing of the image that occurs in convolution, which is
illustrated in Figure 2.11.
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Figure 2.11: The pyramid structure of convolutional layers used in FPN, with an example
of how the reshaping of the connections is done. From [43].

In Figure 2.11, the structure used is described with an example of three di�erent
scales. The input-image is scaled down by using convolutional networks in three lay-
ers which results in outputs from each of the three scales. These outputs are used to
create one prediction, per layer [42]. Uniquely for FPN is that it is composed of both
a top-down- and a bottom-up pathway. The bottom-up pathway is used for feature
extraction which results in high resolution but semantically weakened feature maps,
while top-down pathway is used to upsample higher resolution features to a coarser
size containing semantically stronger feature maps [42]. The outputs are merged by
lateral connections (which are quite similar to skip connections) to help the detector
predict the region of interests better [42].

The further development of FPN to create PAN is done by also reversing this ad-
dition by adding a second bottom-up pathway, which is illustrated in Figure 2.10b.
The outputs from the FPN-part are added to the output of the nodes from only the
smaller scales, preserving the larger features in the smaller scales as well [44].

2.2.4 Regions with CNN features (R-CNN)

This is a algorithm named Regions with CNN features (R-CNN), which are a class
of object detection techniques that uses two-stage detectors [45]. The �rst stage
generates region proposals, which are regions in the image with high probability
of containing valuable information, while the second stage detector uses the region
proposals to classify the object within the region and also estimate coordinates
for the bounding boxes [45]. In previous years, other detectors based on methods
such as histogram of oriented gradients (HOG) and scale-invariant feature transform
(SIFT) were used. These were the golden standard within the object detection area.
However, R-CNN showed promising results with higher object detection performance
compared to earlier systems [45].
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The �rst version of the family of methods, named R-CNN, builds mainly on three
di�erent modules combined, namely the region proposal algorithm which proposes
region of interests (RoI's), the feature extractor (backbone) which extracts features
from the RoI's, and the classi�er based on class speci�c linear support-vector ma-
chines (SVM's) which classi�es each region [45]. The region proposals algorithm
uses selective search in order to identify and extract around 2000 RoI's which will
serve as a base for further investigations [45]. Selective search is a method used to
localize the objects in an image and at the same time to save computational power
compared to earlier methods that are quite time-consuming (e.g. sliding window of
di�erent sizes). In Figure 2.12, the di�erent modules are visualised.

Figure 2.12: An overview of the system R-CNN. An input image is used to extract
around 2000 region proposals. These region proposals are cropped, normalized and fed to
a CNN where features are calculated. Finally, the objects in the regions are classi�ed by
using a speci�c linear SVM speci�c for each class. From [46].

In R-CNN, the selective search works in the following way. Firstly, around 2000 ini-
tial regions are created [47]. The next step is to use an algorithm in order to group
neighboring regions together through an iterative process [48]. There are various
methods used in order to group the regions, but some of the most common methods
for this purpose are by checking colors, textures and surrounding pixel areas [48]. It
is important to use di�erent methods in this stage since neighboring pixels can be
connected to each other in many di�erent ways. The two most similar neighboring
regions are grouped together, whereas new similarities are calculated between this
groups and other regions until the original image is connected [48].

Next step in the procedure is the feature extraction by using CNN. The 2000 candid-
ate region proposals are cropped to a speci�c size to work with the CNN,227� 227
pixels where all values are normalized as well [45]. These features are used as input
values to a CNN made of �ve di�erent convolutional layers followed by two fully
connected layers, resulting in an output vector with size equal to 4096 elements [45].

Lastly, the output array is fed into a linear classi�er in order to classify the ob-
jects in the regions [45]. The technique was changed in R-CNN from using softmax
layers, which as decribed earlier is a function that gives the object a probability
value from 0 to 1 describing the actual class, to a linear SVM layer speci�c for each
class. The SVM classifer has scores for every class evaluated from test sets where
non-maximum suppression is used in order to reject a speci�c region if it gets a
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intersection-over-union (IoU) overlap with a neighboring region with a higher class-
score [45]. Another aspect with the SVM is that R-CNN uses a speci�c threshold
value equal to0:3 to distinguish between positive examples and negative examples
in the learning process [45]. Positive examples are images containing objects with a
speci�c class, while negative examples are images containing other classes.

In order to make the method more precise in its localization of proposed bound-
ing boxes, an optional bounding box regressor can be used. The regression model
uses the predicted bounding box coordinatesp = ( px ; py; pw ; ph) in combination
with the ground truth targets ( tx ; ty; tw and th), where the indicesx and y are the
center coordinates of the bounding box,w is the width and h is the height to min-
imize a standardized least squares loss function [45]. The loss function is expressed
as follows:

` reg =
X

i 2 (x;y;w;h )

(t i � di (p))2 + � jjwjj 2; (2.3)

where� is the regularization term equal to 1000 andw is a vector of learnable model
parameters [45]. In order to minimise the loss function, the R-CNN regressor learns
the scale-invariant transformation (de�ned asdi (p), where i = x; y; w; h) between
the two center coordinates of the predicted box and the ground truth box, with the
log-scale transformations between the di�erent widths and heights of the bounding
boxes [45].

2.2.5 Fast R-CNN

R-CNN is a technically good model for object detection in terms of accuracy, but
the implementation also has some major drawbacks. Examples of drawbacks in the
method are that it is very time- and memory-consuming since the method needs to
classify around 2000 region for every single image, but also that real-time imple-
mentation is impossible since the evaluation procedures for one image takes around
47 seconds [49]. Therefore, the authors of R-CNN developed a faster algorithm
named Fast R-CNN to eliminate some of the drawbacks with the R-CNN method.
However, the two methods are quite similar. In Figure 2.13, a conceptual design of
a Fast R-CNN technique is visualised.
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Figure 2.13: The architecture of the Fast R-CNN model, where an image is used as an
input in combination with several regions of interest. The inputs are passed through a
CNN, and the regions of interest are pooled to a feature map with speci�c size. After the
fully-connected layers, the feature vector is fed to either a softmax layer that calculates
the softmax probabilities values or to a bounding box regressor that calculates the o�set
values compared to the ground truth values using a speci�c loss function. From [50].

First of all, the Fast R-CNN uses the entire image as an input to a CNN in order
to generate a convolutional feature map [49]. The CNN is made of several convolu-
tional layers and max pooling layers, while one of the last element is a RoI pooling
layer [49]. Each region proposal is pooled by the RoI-layer into a �xed-size feature
vector from the feature map [49]. Then, the feature vectors are passed through
some fully-connected layers which result in two di�erent output vectors per RoI.
One vector represents the softmax probability estimates per class, while the other
vector represents the o�set values of the bounding box coordinates for each class [49].

Fast R-CNN does not need a speci�c input size of the image, which was a cri-
terion in the R-CNN method (more speci�cally227� 227pixels). The Fast R-CNN
solves this problem by using a RoI pooling layer, which divides the input region
proposals into a grid with size equal to7 � 7 [49]. This results in an output with
a constant size since the RoI pooling layer uses a max-pooling layer in each grid of
the input map [49].

Another improvement with the Fast-RCNN method is that it uses a softmax layer
instead of the SVM layer in R-CNN, which leads to a faster process, thus even
more accurate compared to R-CNN [49]. Since the Fast R-CNN model estimates
the classes of the objects and corresponding bounding box coordinates, it also uses
a di�erent loss function that takes these parameters into account. The name of this
function is multi-task loss on each labeled RoI [49], and is expressed as follows:

L(p; u; tu; v) = L cls(p; u) + � [u � 1]L loc(tu; v); (2.4)

where p is a discrete probability distribution for each RoI,u is the ground truth
class,tu is the bounding box regression o�set vector,v is the ground truth bounding
box regression target vector and� is a controlling parameter often set to1 [49]. The
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parameter [u � 1] is de�ned the Iverson bracket indicator function:

[u � 1] =

8
<

:
1; if u � 1

0; otherwise:
(2.5)

The �rst term in Equation (2.4) is de�ned as follows:

L cls(p) = � log(pu); (2.6)

where it is described as the log-loss for the ground truth class [49]. The second term
in the loss function is described as:

L loc(tu; v) =
P

i 2 (x;y;w;h ) smoothL 1 (tu
i � vi )

smoothL 1 (x) =

8
<

:
0:5x2; if jxj < 1

jxj � 0:5; otherwise

(2.7)

This term leads to that the loss function described in Equation (2.4) is not as sens-
itive to outliers compared to R-CNN, since this loss function has more terms that
compensates for those deviations [49].

When those changes were implemented in the Fast R-CNN model, the accuracy
of the method was slightly better compared with R-CNN, more speci�cally an in-
crement with about 0:9% on a dataset named as PASCAL VOC 2007 test set (from
R-CNN mAP 66.0% to Fast R-CNN mAP 66.9%) [49]. This is not a huge improve-
ment of mAP, however the Fast R-CNN is much faster compared to its precursor.
The estimated test rate for Fast R-CNN is about0:32 seconds per image (the select-
ive search algorithm which takes about 2 seconds is not included in this estimation).
This can be compared with R-CNN which has the value47 seconds per image, and
the Fast-RCNN only needs to get the image as input once compared to the 2000
region proposals in R-CNN [49].

2.2.6 Faster R-CNN

Even if the Fast R-CNN is quite fast on test images and is near the potential to
be used in real-time, it is still not possible with the actual technique. The reason
behind this is that the selective search algorithm used in both R-CNN and Fast R-
CNN is a quite time-consuming process [51]. Improvement of Fast R-CNN has been
made that eliminates the selective search algorithm in order to make a more e�cient
model with respect to time and accuracy. This model is named as Faster R-CNN,
and it uses a di�erent technique in order to learn the di�erent region proposals in
an image [51]. The method that replaces the selective search algorithm is named
Region Proposal Networks (RPN) [51]. This method is used to propose relevant
regions in the image, while the second part of the model is the Fast R-CNN detector
used to process the feature maps in combination with the region proposals [51]. The
architecture of the model can be seen in Figure 2.14.
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Figure 2.14: The architecture of the Faster R-CNN, where a RPN is used in order to
detect relevant objects from the convolutional feature maps. From [52].

As can be seen in Figure 2.14, the system is a complex and connected network
optimized for object detection. The model starts with a feature extractor where
the image is the input in order to get the convolutional feature maps, which is the
same methodology as in Fast R-CNN [51]. Then, the new method RPN is used.
Its purpose is to tell the Fast R-CNN detector module where in the feature maps it
should operate [51].

First of all, the RPN uses a smaller network over the input image which is ex-
pressed by its corresponding convolutional feature map [51]. The sliding window
is in turn connected to an intermediate layer with a speci�c design and number of
layers [51]. In Figure 2.15, a network with 256 layers is used. After the intermediate
layer of the network, there are two similar fully-connected layers which are de�ned
as the box-classi�cation layer and a box-regression layer [51].

There is a speci�c methodology behind the spatial window technique in the Faster
R-CNN model. At each location of the sliding window grid, the model predicts
several region proposals at the same time as it operates [51]. In Figure 2.15, the
maximum number of possible proposals for each sliding window grid is denoted by
an integerk, which results in an output of the box-classi�cation layer equal to2� k
scores that represents the probability values of an object or not for the proposals
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[51]. The other fully-connected layer, the box-regression layer, has4 � k outputs
values representing the coordinates of the proposals for each sliding window grid
[51]. These proposals are called the anchor boxes, and is centered in each sliding
window with a speci�c scale and aspect ratio [51], which can be seen in Figure 2.15.

Figure 2.15: The methodology of how Region Proposal Networks (RPN) works, where
the centered anchor boxes are visualised as well as a network designed with 256 layers.
Finally, the two sibling layers at the end which classi�es and locates the objects. From
[41].

Another important aspect of this model is the translation-invariant de�nition, which
guarantees that the model can predict the proposal in both the original image and
in the anchors boxes independently of the location [51]. This in turn reduces the
size of the RPN compared to earlier models, which results in much fewer parameters
to learn and therefore less time-consuming [51].

In order to train the RPN, at least one of the two di�erent criteria needs to be
ful�lled to classify an anchor box with a positive label, which means an object of
interest. The �rst criterion is that an anchor box has a positive label if its corres-
ponding anchor box has the highest IoU value [51]. Secondly, the other criterion is
de�ned as an anchor box with an IoU overlap higher than0:7 with any other ground-
truth box [51]. In the other case, the network also needs negative examples to train
on. A non-positive anchor will get a negative label if its corresponding anchor box
has an IoU value lower than 0.3 for all the ground-truth boxes [51]. In the third case,
when the anchor boxes neither ful�l the positive label criteria nor the negative la-
bel criterion, the boxes will be discarded and not be used to train the RPN with [51].

A speci�c loss function is used in the Faster R-CNN model that minimizes dur-
ing the training procedures. More speci�cally, the loss function is a multi-task loss
similar to the function used in Fast R-CNN [51]. The loss function for Faster R-CNN
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is presented as follows:

L(pi ; t i ; pt
i ; t t

i ) =
1

Ncls

X

i

L cls(pi ; pt
i ) + �

1
Nreg

X

i

pt
i L reg(t i ; t t

i ); (2.8)

where i is the index of the anchor,p is the predicted probability of an object,pt

is the ground truth (equal to 1 if the anchor is positive,0 if the anchor is negat-
ive), t is the coordinates of the predicted bounding box andt t is the ground-truth
coordinates [51].Ncls and Nreg are two normalizing factors, while� is a balancing
hyperparameter default to10 by the creators [51].

The method can also be trained with images of various sizes and ratios since the
last layer in the RPN network is made of a convolutional layer instead of a normal
fully-connected layer [51]. As mentioned earlier, the Faster R-CNN uses the same
technique as Fast R-CNN in the detector. The di�erence is that Faster R-CNN gives
the detector locations where it should operate [51]. This leads to that the system
can nearly be used for real-time purposes, with a frame rate equal to5 frames per
second, and also a higher accuracy compared to its precursors [51].

2.2.7 E�centDet

E�cientDet is created as an e�cient, accurate and scalable multi-scale detection
architecture [44]. It consists of the backbone E�cientNet, repeated Weighted Bi-
directional Feature Pyramid Network (BiFPN), class prediction network and at last
box prediction network [44]. The structure of the networks can be seen in Figure
2.16.

Figure 2.16: The structure of E�cientDet, including the backbone E�cientNet, repeated
Weighted Bi-directional Feature Pyramid Network (BiFPN), a class prediction network
and a box prediction network. From [53].

The architecture backbone, E�cientNet uses a baseline that can be seen in Figure
2.17 and is a network created to renew the process of scaling up CNNs [54].
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Figure 2.17: The structure of the backbone in E�cientNet. From [53].

A network can normally be scaled in three ways; the width (number of channels
per layer), the depth (number of layers) or the resolution of the image [54]. In
E�cientNet, compound scaling is presented that scales all these three parameters
with �xed set of coe�cients [44]. This is justi�ed with the argument that if the
image is bigger, more layers will be needed as well as more channels to see the
smaller patterns [54]. The scaling model for the parameters depth (d), width (w)
and resolution (r) is presented as:

d = � �

w = � �

r = 
 �
(2.9)

Here, the coe�cients are scaled uniformly using a compound coe�cient� [54]. The
coe�cients � , � and 
 are positive integers larger than one and the networks'
�oating-point operations per second (FLOPS), de�ned as proportional tod, w2,
r 2 that should be approximately2� . Therefore the two conditions:

� � � 2 � 
 2 � 2
� � 1; � � 1; 
 � 1

(2.10)

should be ful�lled [54]. E�centDet introduced the BiFPN, which is a further de-
velopment of FPN [44]. Earlier FPN-methods, like for example PAN mentioned
earlier, have been developed to fuse input features of di�erent kinds [40]. The prob-
lems of those earlier methods have mostly been that the features of di�erent scales
contribute to a di�erent extent and only using summation would ignore that [44].
The creators of E�cientDet states that PAN performs better than the original FPN
in terms of accuracy while being more costly in computational power [44]. A way
to both introduce a weighted method to sum up the di�erent scaled features and
to minimize the computational power is therefore investigated [44]. The compu-
tational power and the number of parameters are minimised by removing nodes
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(connections) with only one input and then an additional connection between the
input and output of the same sizes are added for the improved precision [44]. The
structure of BiFPN can be seen in Figure 2.18.

Figure 2.18: The structure of BiFPN, where the Pi symbolizes the output from a con-
volutional layer with a size of 1

2i times the input image size. From [55].

Another update to this network is the weights used when fusing di�erent features
[44]. Di�erent features are di�erently important and the network itself learns which
weights that are more important than other [44]. E�cientDet scales just like E�-
cientNet, the entire model with a coe�cient � [44]. The scaling includes the back-
bone, BiFPN, class/box network and the image resolution [44]. The scaling of the
backbone is done with the same method as in E�cientNet [44]. The depth of the
BiFPN networks DBiF P N is linearly increased and the widthWBiF P N is increased
exponentially as is follows [44]:

DBiF P N = 3 + �
WBiF P N = 64 + 1 ; 35� :

(2.11)

The width of the box and class predictor is set to equal the the width of the BiFPN
and the depth of the predictorsDBox and DClass are scaled according to [44]:

DClass = DBox = 3 +
�
3

(2.12)

The resolution of the image is scaled linearly according to the following formula:

Rinput = 512 + 128�: (2.13)
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2.2.8 RetinaNET

RetinaNET is an object detection model built on a single-stage detector [56]. It
uses techniques similar to RPN in the Faster R-CNN in combination with features
pyramids as in FPN (described in section 2.2.3) [56]. Further, this method uses a
new designed loss function which has shown great potential with respect to accuracy
[56]. The architecture of RetinaNET is visualised in Figure 2.19.

Figure 2.19: The architecture of the RetinaNET. A Feature Pyramid Network (FPN)
backbone is used on top of a ResNet architecture which is connected to two di�erent
subnetworks that predict classes from the anchor boxes and estimate the bounding box
coordinates using regression with the ground-truth boxes. From [57].

To start with, the creators have developed a new loss function named Focal Loss
[56]. The Focal Loss is implemented in order to compensate if there is an imbalance
between foreground classes and background classes during the training procedure
[56]. The binary cross entropy (CE) loss for binary classi�cation is presented below,
as well as the Focal Loss:

CE(p; y) = CE(pt ) = � log(pt ); (2.14)

and

pt =

8
<

:
p; if y = 1

1 � p; otherwise;
(2.15)

where y 2 (� 1) is the ground-truth class (equal to+1 for the ground truth class
and otherwise� 1), p 2 [0; 1] is the estimated probability for the correct class (which
meansy = 1) and pt is used to simplify the overall derivation [56]. The creators
are making this derivation for the binary classi�cation, but they also claim that it
can be quite easily extended to multi-classes [56]. In order to compensate for class
imbalances, Equation (2.14) can be modi�ed by adding either a weighting factor
� 2 [0; 1] if y = 1 or 1 � � if y = � 1 [56]. From this information, Equation (2.14)
can be modi�ed to the following expressions:

CE(pt ) = � � t log(pt ) (2.16)

and

� t =

8
<

:
�; if y = 1

1 � �; otherwise:
(2.17)
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The creators who developed RetinaNET uses Equation (2.16) and (2.17) as a baseline
to the new loss function. They showed in various experimental results that the
existing loss functions described in Equation (2.16) can handle the importance of
positive and negative examples by the weighting factor� , but lack the possibility to
di�erentiate between easy and harder examples [56]. They have solved this by adding
a parameter which they called a modulating factor including a focusing parameter
(
 ). The Focal Loss can be seen below:

FL (pt ) = � � t (1 � pt )
 log(pt ); (2.18)

where 
 is set to 2 and � is set to 0:25 for best results in form of minimizing the
loss function according to results the creators presented in their publication [56].

As mentioned earlier, the RetinaNET detector is actually a single-stage method
which is built on a backbone network and two di�erent subnetworks speci�c for the
classi�cation and the bounding box regression [56]. Both subnetworks are applied
on the output from the backbone network, which is a convolutional feature map
[56]. The FPN described in Figure 2.10a is used in combination with the network
ResNet to create the backbone network [42]. This is used to get various scales of the
original input image which lead to that objects at di�erent scales can be detected
by the model [56]. Anchors are also used in this model similar to the ones in the
RPN used in Faster R-CNN, with 5 di�erent pyramid levels with increasing area
from 322 to 5122 pixels [56]. In RetinaNET, three di�erent aspect ratios and anchor
sizes are used, more speci�cally {1:2, 1:1, 2:1} andf 1; 21=3; 22=3g which results in 9
di�erent anchors [56].

The classi�cation subnetwork predicts an estimated probability of an object for
each of the anchors and the object classes [56]. The architecture of this part is also
a FPN but uses four following convolutional layers with size3 � 3 pixels each de-
signed with 256�lters, and followed by ReLU-functions. This in turn is followed by
an additional convolutional layer with the same size but with the number of �lters
dependent of the product between the number of classes and number of anchors [56].

The last component in the design is the bounding box regression subnetwork, which
has similar design as the classi�cation subnetwork but instead predicts the bounding
box coordinates and regresses the o�set to the nearest ground-truth box [56]. At
last, the top predictions from these two subnetwork-layers are merged followed by
non-maximum suppression with a speci�c threshold value (0:5) to yield the �nal
bounding boxes with their corresponding class as well as the probability value [56].
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2.2.9 Detection Transformer (DETR)

Detection Transformer (DETR) was designed to see the potential of object detec-
tion as a regression problem instead of using other techniques,e.g. non-maximum
suppression or anchor generation as in RPN. DETR uses a technique built on an
Encoder-Decoder architecture based on a recently developed method named Trans-
formers [58]. The overall architecture of this model is mainly built on three di�erent
components, more speci�cally a CNN backbone, the Encoder-Decoder Transformer
block mentioned earlier and lastly a feed-forward network. This is visualised in
Figure 2.20.

Figure 2.20: The architecture of the DETR model which is represented by three di�erent
layers, more speci�cally the CNN backbone, the Encoder-Decoder Transformer block and
a feed-forward network (FFN). From [59].

The �rst stage is quite similar to previous models, more speci�cally a CNN backbone
that creates a convolutional feature map from an image. Uniquely for DETR is that
the feature map is transformed to a one-dimensional feature map, since the follow-
ing layer in the model expects a single array as input [58]. Then, the Transformer
encoder uses the one-dimensional feature vector as an input [58]. The Transformer
encoder is built of various layers, and each layer is mainly built on two sub-layers,
more speci�cally a multi-head self-attention mechanism and a fully-connected feed-
forward network (FFN) [60]. The multi-head self-attention layer allows the entire
model to attend information from di�erent representation subspaces at various loc-
ations [60]. The output from this layer is a speci�c number of �xed length vectors
where the number of vectors are equivalent to the number of objects in the image
assumed by the system [58].

The next step in the model is the Transformer decoder with similar design as the
previous layer [58]. By using self-attention and Encoder-Decoder attention mech-
anisms, the decoder uses the convolutional feature vectors and estimates bounding
box coordinates [58]. At last, those bounding box coordinates are translated to
normalised center coordinates as well as height- and width values of the bounding
box with respect to the input image [58]. A FFN-block follows the Transformer
decoder mainly made of a linear classi�er named as a 3-layer perception including
some ReLU-functions as well as a linear projection layer [58]. Its purpose is to pre-
dict the results in form of normalized center coordinates of the bounding box and
its corresponding height and width values. This is done at the same time as the
linear projection layer (e.g. a softmax layer) predicts the corresponding class to the
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bounding box [58]. This system predicts much more labels in the feature vectors
compared to the interesting number of labels, which leads to that a speci�c class
named? is introduced [58]. This results in that the background class of an images
is represented by the following label,? , which means no object.

The second unique thing with the DETR model is the loss function used to be
minimised in order to get accurate results. The name of the loss function is the
Hungarian loss, where the �rst term in the sum represents the loss from the class
prediction and the second term represents the box loss [58]. The Hungarian loss is
visualised below:

LHungarian (y; ŷ) =
NX

i =1

[ � logp̂�̂ ( i )(ci ) + 1f ci 6= ? gLbox(bi ; b̂̂� (i ))] ; (2.19)

wherey is the ground truth set of objects,̂y is the set ofN predictions,ci is the target
class label,bi is the ground truth bounding box center coordinates vector,̂p� ( i )(ci )
is the prediction, b̂� ( i ) is the predicted box coordinates andLbox is the bounding box
loss [58]. DETR matches the ground truth set of objects with the set of predictions
[58]. This is done by calculating the lowest cost using the following expression:

�̂ = arg min
� 2 S N

NX

i

Lmatch (yi ; ŷ� ( i )); (2.20)

whereLmatch is a pair-wise matching cost [58]. After the pairs have been matched,
the Hungarian loss can be calculated. In order to calculate the pair-wise matching
cost, the expression below can be used:

Lmatch (yi ; ŷ� ( i )) = � 1f ci 6= ? gp̂� ( i )(ci ) + 1f ci 6= ? gLbox(bi ; b̂� ( i )): (2.21)

�̂ is the optimal assignment calculated using Equation (2.20) [58]. In order to
estimate the Hungarian loss, the bounding box loss needs to be calculated. This can
be done as follows:

Lbox(bi ; b̂� ( i )) = � iou L iou (bi ; b̂� ( i )) + � L 1jjbi � b̂� ( i ) jj 1; (2.22)

where � iou and � L 1 are real-valued hyperparameters used to control the learning
process, andL iou is the generalized IoU loss [58]. The generalized IoU loss is quite
simple to estimate by using the following expression:

L iou = 1 � IoU: (2.23)

In DETR, ResNet is often used as a backbone of the model which in turn uses
connections similar to skip connections [58].
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2.2.10 VarifocalNet (VFNet)

VarifocalNet (VFNet) is an object detection model with mainly three unique head-
steps in the design. More speci�cally, an IoU-aware Classi�cation Score (IACS) that
is learned as a joint representation of object presence and localization accuracy in
combination with a designed loss function (Varifocal loss) to train a dense object
detector to predict the IACS values [61]. This is combined with a newly designed
star-shaped bounding box, with a re�nement loop based on the IACS predictions in
order to improve the predictions of the bounding boxes [61]. The IoU-based detector
is inspired by two di�erent techniques, more speci�cally a fully convolutional one-
stage object detector (FCOS) that does not uses pre-de�ned anchor boxes such as
RetinaNET, Faster R-CNN and YOLOv3, and also an Adaptive Training Sampling
Selection (ATSS) algorithm in order to select positive and negative samples based
on statistically characteristics of objects [61]. FCOS and ATSS are not be described
more thoroughly in this report. The architecture of the VFNet is represented in
Figure 2.21.

Figure 2.21: The network structure of VFNet, consisting of its backbone connected via
feature pyramids to the VarifocalNet head. From [62].

As mentioned earlier, VFNet has three unique techniques in its head, which is the
most signi�cant part of the model. First of all, IACS is used to rank the detections,
and is structured as a classi�cation score vector with the length equal to the number
of classes [61]. Each class is represented with a value. For the ground truth class,
the value is the IoU over the predicted and the ground truth bounding box, and for
the other classes predicted with zero values [61].

To predict the IACS, VFNet uses the Varifocal loss presented as follows:

V FL(p; q) =

8
<

:
� q(q log(p) + (1 � q)log(1 � p)) q > 0

� �p � log(1 � p) q = 0;
(2.24)

which is a loss function inspired by the focal loss and the binary cross entropy loss
[61]. In Equation (2.24),p is the predicted IACS-vector,q is the target score mean-
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ing that q = 0 for the background and for the foreground it is described by the
IoU-value of the predicted and ground truth bounding boxes in the ground truth
class. As mentioned earlier, the rest of the classes are described with zero values
[61]. The variable� is an adjustable scaling factor to balance the loss between the
negative and positive examples [61]. The loss function decreases the contribution
from the negative examples and preserves the e�ect on the loss from the positive
examples. The positive examples are more rare and therefore give a larger contri-
bution [61].

Next part of VFNet is the star-shaped bounding box feature representation. VFNet
uses a bounding box with deformable convolution, containing nine �xed sampling
points [61]. The nine points:

sampling point =

2

6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
4

x; y
y � l0; y + b0

x; y � t0

x + r 0; y
x; y + b0

x � l0; y � t0

x + l0; y � t0

x � l0; y + b0

x + r 0; y + b0;

3

7
7
7
7
7
7
7
7
7
7
7
7
7
7
7
5

(2.25)

are created using a four dimensional vector(l0; t0; r 0; b0) that is the distances from the
point (x; y) in the directions: left, top, right and bottom [61]. From the sampling
point in Equation (2.25), the relative o�set to the projected point (x; y) is used
in the deformable convolution, meaning that the features at these nine positions
are convolved to give the bounding box [61]. VFNet uses deformable convolution,
which is a method that in contrast to normal convolution with a �xed rectangular
kernel uses a kernel with an o�set, making the convolution method more �exible
[63]. Deformable convolution can be described as follows:

y(p0) =
X

pn 2 R

w(pn ) � x(p0 + pn + � pn ): (2.26)

In Equation (2.26), y(p0) is the calculated output value from the kernel in the point
p0, pn is a point in R and R are the positions of the kernel,w is the kernel weights
and lastly � pn is the o�set of the point pn [63]. The bounding box is changed by
learning during the bounding box re�nement, which is done using regression [61].
The distances from the prediction is calculated as scaling factors(� l; � t; � r; � b)
and presented as follows:

(l; t; r; b) = (� l � l0; � t � t0; � r � r 0; � b� b0): (2.27)

This is done to re�ne the prediction [61].
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2.3 Data Augmentation

In order to increase the amount of training data, di�erent techniques can be used.
Data augmentation is a common name for these techniques used in data analysis,
e.g. computer vision tasks. This results in more various types of the images and
in turn a larger dataset, which often leads to better performance of a model [64].
Additionally, an augmented set of data can reduce the over�tting problem that can
occur if the dataset is small, or if the images are quite similar to each other [64].
There are di�erent techniques used in this area to get unique data from existing
images. In the following sections, some common data augmentation techniques are
presented.

2.3.1 Resizing

Resizing is a data augmentation technique that is quite simple. The input images
are cropped or padded to a speci�c size, which leads to an increased number of
images in the dataset [64].

2.3.2 Random Flip

Random �ip is a quite common data augmentation technique that either �ip an
image vertically or horizontally. This technique is used in order to increase the
robustness of the system [65].

2.3.3 Rotation

Rotation is also a speci�c technique that increases the robustness of the system
by rotating the image and its corresponding bounding boxes by a speci�c angle
[65]. This can be done in several ways. Either, the image is rotated by a pre-
de�ned angle, or the angle is randomly de�ned before the rotations [65]. Another
implementation often used is to randomly select an angle that is rede�ned after each
rotation. This can lead to a diversi�ed dataset [65]. A rotated point de�ned by its x
and y-coordinates ((xr ; yr )) are rotated by multiplication of the original coordinated
((x; y)) with the rotation matrix R below [66]:

"
xr

yr

#

=

"
cos(� ) � sin(� )
sin(� ) cos(� )

# "
x
y

#

: (2.28)

2.3.4 Using Kernel Filters

Kernel �lters are popular techniques used in data augmentation purposes in order
to change the quality of the image, which often also increase the robustness and
the variety of the data [65]. The variation of the data can be created in several
ways. One implementation is to blur the image by using Gaussian Blur �lters,
while another example is to use image sharpening in order to highlight details in the
images [65].
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2.3.4.1 Gaussian Blur Filter

Gaussian Blur �lters are often used to smooth edges in the image which describes
the results of taking a photo with a de-focused lens [67]. Since this type of �lter is
used to smooth the edges in an image, it belongs to the group of low-pass �lters [67].
A Gaussian Blur �lter is expressed by the normal distribution in two directions, and
can be seen below:

G(x; y) =
1

2�� 2
e� x 2+ y 2

2� 2 ; (2.29)

wherex and y is the distance of the kernel in each direction and� is the standard
deviation [67].

2.3.4.2 Image Sharpening Filter

Image sharpening �lters are a group of �lters within high-pass �lters, which high-
light details in an image and de-emphasize areas in the image with slowly varying
intensities [67]. This technique is quite common in medical purposes,e.g. in X-
ray imaging [67]. There are several sharpening �lters available, but one common
method is to subtract a Laplacian �ltered image from the original image in order
to highlight details [67]. Often, this can be done before the implementation of the
kernel by subtracting the identity matrix with the Laplacian kernel. The sharpened
kernel is presented as:

Sharpened Kernel=

2

6
4

0 � 1 0
� 1 5 � 1
0 � 1 0

3

7
5 ; (2.30)

and the kernel is applied by convolution with the input image [67].

2.3.5 Changing Parameters in Color Space

Another common method to improve the robustness of the system is to make aug-
mentation in the color channel space. This results in di�erent changes of the input
image. Either, the color of the image can be changed by changing the hue or via
changing the saturation and/or the brightness [65]. All of these techniques results in
relatively new images, since color is an important parameter in image representation.

2.4 Evaluation Method - mean Average Precision

Evaluation of object detection methods needs to consider both detection and loc-
alization performance, which requires a comprehensive metric. It is common in
object detection purposes to use Average Precision (AP) and mean Average Preci-
sion (mAP). The mAP is based on the IoU over several speci�c threshold values.
The threshold value is used to distinguish between positive predictions and negative
predictions, since the IoU estimates the ratio of the overlap between the ground
truth and the predicted bounding box. In order to estimate the AP, two new essen-
tial parameters need to be introduced. More precisely, these two parameters are the
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Precision and Recall values. Precision is de�ned as the accuracy of the predictions,
while Recall is de�ned as the percentage of how many positive examples the model
can �nd. Those two parameters can be seen below:

Precision=
TP

(TP + FP)
; (2.31)

and
Recall=

TP
(TP + FN )

; (2.32)

where TP represents the True Positive examples, FP represents the False Positive
examples and FN represents the False Negative examples. TP are bounding boxes
that are correctly classi�ed, FP are the bounding boxes that are classi�ed as fore-
ground but they are background in the ground truth, and FN are the boxes that are
classi�ed as background but belong to foreground in the ground truth. The Preci-
sion and Recall values can be plotted against each other with Precision at the y-axis
and Recall at the x-axis. The integral under the curve de�nes the AP score which
is in range between0 and 1, since the Precision and Recall properties are bounded
by the same values. AP is a popular measure in object detection to calculate the
accuracy of the model.

From the AP value, mAP can be estimated. There are di�erent de�nitions of the
mAP depending of the purpose. We have chosen to use the COCO-method in or-
der to estimate the mAP. Often, mAP is estimated as an average of 10 di�erent
AP-values from certain IoU-thresholds. The lowest threshold value used is0:5 and
the highest is0:95 with a step size equal to0:05. The mAP is presented for each
class and also commonly displayed with an averaged value over all classes. The
calculations are expressed as follows:

mAP@[0:5 : 0:95] =
1
10

X

i 2 I

APi whereI = [50; 55; 60; 65; 70; 75; 80; 85; 90; 95]: (2.33)
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This project is divided into two parts, the creation of the dataset and the testing of
di�erent models for this application. At �rst, this chapter describes the procedure
behind the creation of the dataset from the colonoscopy videos, and then the meth-
odology behind the investigation of existing object detection models. Finally, the
new dataset is used in combination with the best performing models to evaluate the
potential of the application.

3.1 Creation of the Dataset

The creation of the dataset has been done in a speci�c program named Augere Video
Tagging, which is a labeling program used in previous similar studies. A total of
20 videos, consisted of RGB-frames with a size equal to1024� 576pixels, were in-
vestigated through the tagging tool program in collaboration with a medical student.

The videos were recorded during real colonoscopy investigations from patients in
Norway diagnosed with ulcerative colitis. When uploading the videos to the an-
notation tool, they were anonymised because of their sensitive information. The
labeling was done with supervision from medical specialists. The videos were re-
viewed and biopsies and polyp removal were annotated at �rst. An important step
was also to label obscure objects in the same frames as pre-labelled objects. Oth-
erwise, the network is not be trained in the best way since unlabelled �ndings are
present in the background. Thomas de Lange, in collaboration with other experts
in the area, examined the objects labelled and changed to the correct diagnose after
discussions.

The annotated frames with corresponding labels were exported to be used in the
dataset, and examples can be seen in Appendix A.1:

ˆ Hyperplasia (Biopsy)
ˆ Hyperplasia (Polyp)
ˆ Dysplasia (Biopsy)
ˆ Dysplasia (Polyp)
ˆ In�ammation (Biopsy)
ˆ In�ammation (Polyp)

To minimize the number of equal images when extracting several frames of the same
object, a selection of every 5th frame was done, resulting in a total of 840 images.
To improve the results of the tests in lack of material, the two classes of hyperplasia
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was merged into one. The same was done with the two labels of dysplasia.

3.2 Investigation of Existing Object Detection Mod-
els

Since the new dataset was created in parallel to the investigation of existing object
detection models, a previously developed dataset, Kvasir, was used as a pre-study
while waiting for the �nishing of the new dataset. Kvasir is made of medical images
from the GI-tract [1]. The images are taken related to endoscopic polyp removal
and divided into di�erent anatomical landmarks and pathological �ndings [1].

Mainly three di�erent repositories available on GitHub were investigated and used
in combination with Google Colab. The �rst repository named Darknet developed
by AlexeyAB hosts di�erent versions of the object detection model YOLO [68].
Secondly, another repository named MMDetection developed by OpenMMLab where
di�erent networks and methods are available to use [69]. Lastly, the third repository
that has been investigated is the Tensor�ow Object Detection available on GitHub
[70]. The Tensor�ow's repository contains various selections of models as well [70].

A method was chosen on their corresponding repository and implemented accord-
ing to the instructions by downloading their pre-trained weights. The pre-trained
weights are often trained on a large dataset (e.g. the COCO-dataset, which is a
dataset with more than200000labeled images with80 object categories [71]). This
helps the system to be faster in the training procedure through transfer learning.

The Kvasir dataset was split into 800 training images, 100 validation images and
�nally 100 test images. The fractioning of the images in the di�erent sets were done
randomly. This was done to minimizes the bias term that can occur if the user has
a speci�c intention with the split of the dataset. As described in the theory, mAP
was used as a validation metric.

3.3 Data Augmentation

The augmentation is done in di�erent ways depending of the model. There are
some augmentation techniques that are used on-the-�y, while other techniques are
implemented before the training procedures which results in a larger dataset from
start. The models used from MMDetection repository use the techniques resizing
and random �ip on-the-�y. The YOLO-models used from AlexeyAB Darknet repos-
itory use color changing parameters on-the-�y, more speci�cally randomly changing
brightness, saturation and hue. The last repository used named Tensor�ow Object
Detection uses random images cropping, random �ip and padding the images to
squares. Those techniques are also used on-the-�y.
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There are three di�erent techniques investigated in order to create a larger data-
set. Di�erent ratios of these techniques were also investigated. More speci�cally,
25%, 50%and 75%of the original training dataset was augmented and added when
using Kvasir. For the new dataset, all augmentation techniques were used in com-
bination. Firstly 25/50% of the dataset were rotated with random angles and the
rotated images were added to the dataset. After the addition of the rotated images,
25/50% of the images were blurred and 25/50% were sharped and added to create
the augmented dataset, which is illustrated in Figure 3.1.

Figure 3.1: The new dataset were augmented so that �rstly 25/50% of the dataset were
rotated with random angles and after the addition of the rotated angles, 25/50% of the
images were blurred and 25/50% were sharped.

The choice of using 25% and 50% was due to computational expenses and the results
of the ablation study. Since blurring and sharpening are each others' antagonists,
this arrangement was done to minimize the risk of getting images processed with
both these techniques.

3.3.1 Batch Rotation

In some of the experiments, rotation was used in order to create more images. The
images were rotated by a speci�c angle chosen randomly within a range from0 to
365 degrees. Described in the previous section, three di�erent ratios were used.
Some examples of rotated images and their corresponding bounding boxes can be
seen in Figure 3.2, where the original images from Kvasir are visualised in Figures
3.2a and 3.2c. The rotated images are presented in Figures 3.2b and 3.2d.

35



3. Methodology

(a) Image from Kvasir and its corresponding
bounding boxes.

(b) Rotated image and its corresponding
bounding boxes.

(c) Image from Kvasir and its corresponding
bounding box.

(d) Rotated image and its corresponding
bounding box.

Figure 3.2: The result of rotating some images from the dataset Kvasir with a speci�c
angle chosen randomly. From [72].

Note that the bounding boxes visualised in 3.2b and 3.2d are larger compared to
the original bounding boxes presented in 3.2a and 3.2c, which is an undesired but
inevitable result from the rotation matrix.

3.3.2 Gaussian Blur Filter

Di�erent kernel sizes and standard deviations were tested in order to get appropriate
blurred images. After some testing, the kernel size equal to21 pixels in both di-
mensions and the standard deviation (� ) equal to 3 were chosen. In Figure 3.3, two
examples of the images in Kvasir (3.3a and 3.3c) with their corresponding blurred
images (3.3b and 3.3d) can be seen.
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(a) Image from Kvasir. (b) Gaussian blurred image.

(c) Image from Kvasir. (d) Gaussian blurred image.

Figure 3.3: The result of blurring two images from the dataset Kvasir using Gaussian
Blur �lter with kernel size equal to [ 21, 21] pixels and standard deviation equal to3. From
[72].

From the images in Figure 3.3, it can clearly be seen that the images have been
blurred which can be compared with a de-focused lens from a camera.

3.3.3 Image Sharpening

The sharpened kernel expressed in Equation (2.30) was used in convolution with
the input image to create sharpened images. In Figure 3.4, two examples of images
from Kvasir (3.4a and 3.4c) and their corresponding sharpened images (3.4b and
3.4d) are presented.
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(a) Image from Kvasir. (b) Sharpened image.

(c) Image from Kvasir. (d) Sharpened image.

Figure 3.4: The result of sharpen two images from the dataset Kvasir using the image
sharpening �lter expressed in Equation (2.30). From [72].

By analysing the images in Figure 3.4, it can be seen that the details in the images
are highlighted by the sharpening �lter, e.g. detailed blood vessels in Figure 3.4b.

3.4 Comparison with a medical expert

In order to see if there are visual macroscopic di�erences in the frames from the
new dataset that can be seen by a trained eye, a smaller test was done. 50 frames
from the new dataset were selected randomly and presented to a medical student
for classi�cation with the three classes, more speci�cally dysplasia, hyperplasia and
in�ammation. The medical student labelled the frames by its macroscopic invest-
igation, and the results were compared with the correct microscopic results. The
annotation was done with only labels, which means that the localisation task was
removed from the purpose. This was done because the most important aspect was
to see if the medical student could distinguish between those classes.
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Results

In this section, the results from the dataset and the tests are shown. The tests are
done on both the Kvasir dataset and the new dataset, and the results are presented
in terms of mAP. Lastly, a small section about bench-marking the performances of
the models are presented.

4.1 Creation of the New Dataset

From 10di�erent colonoscopy videos, the �ndings were labeled and every �fth frame
from each �nding was extracted. Then, the �rst dataset was created, where the
actual numbers for each class are presented in Table 4.1. The training and validation
split was made depending on the associated videos in order to get rid of the bias
term that can occur if similar frames were placed in both the training- and the
validation set.

Table 4.1: Numbers of frames for each class, where every �fth frame was extracted from
the colonoscopy videos.

Class Frames

Dysplasia 252
Hyperplasia 196

In�ammation (Polyp) 166
In�ammation (Biopsy) 226

Later in the process, a dataset was created that only took into account frames
with classes either equal to dysplasia (polyp), hyperplasia (polyp) or in�ammation
(polyp). Those three classes was later described with the following names: dysplasia,
hyperplasia and in�ammation respectively. In Table 4.2, the actual numbers of
frames for the narrowed dataset are presented.

Table 4.2: Numbers of frames for each class that contains the name �(Polyp)�, where
every �fth frame was extracted from the colonoscopy videos.

Class Frames

Dysplasia 175
Hyperplasia 136

In�ammation 166
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4.2 Kvasir Dataset

At �rst, a study was done using the Kvasir dataset made of 1000 colonoscopy videos.
As described earlier in the methodology, the dataset contained bounding boxes and
one class, more speci�cally Polyp. Ten di�erent models were trained with pre-trained
weights available on the corresponding GitHub repository. The results from those
models in form of the validation accuracy represented with mAP scores can be seen
in Table 4.3.

Table 4.3: The mAP scores for the di�erent models investigated.

Model mAP@[0:5 : 0:95]

Faster R-CNN 72.9
RetinaNET 76.3

E�cientNET_d0 (512x512) 59.1
E�cientNET_d2 (768x768) 65.6

YOLOv3 (416x416) 63.0
YOLOv3 (608x608) 46.7
YOLOv4 (416x416) 69.1
YOLOv4 (608x608) 60.8

DETR 57.9
VFNet 79.9

As can be seen in Table 4.3, the majority of the models achieve a MAP score
higher than 60%on the validation set. From those seven models, only three have a
higher accuracy than70%of the mAP value. More speci�cally, the best performing
models on the validation set are Faster R-CNN, RetinaNET and VFNet, which
achieved72:9%, 76:3% and 79:9% respectively. The training of the various models
was stopped when the mAP-values for the di�erent epochs started to converge. An
example of a mAP-graph plotted against the actual number of epochs can be seen
in Figure 4.1, where the training in this case was stopped at the sixth epoch.

Figure 4.1: A mAP-graph plotted against the number of epochs for Faster R-CNN.

The models trained on the Kvasir dataset were used on the test set in order to
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