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OZET
YAPAY ZEKA ILE GLIOMLARDA KI67 iISARETLEME
Caner SONGUL

Yiiksek Lisans Tezi, Bilgisayar Miihendisligi Anabilim Dah
Damsman: Dr. Ogr. Uyesi Hiiseyin Gokhan AKCAY

Mayis 2021 ; 31 sayfa

Kanserin evresinin belirlenmesi, tedaviler icin en 6nemli etmenlerden biridir. Hiicre-
sel cogalma indeksi, kanserin evresini belirleyen faktorlerden biridir. Bu nedenle hiicresel
proliferasyon indeksinin belirlenmesi tedavi i¢in hayati 6neme sahiptir. Patologlar, hiicre-
sel cogalmay1 belirlemek icin KI67 niikleer proteinlerinin prognostik 6zelligini kullanir.
KI67 niikleer protein uygulandifinda yiiksek ¢ogalma hizina sahip hiicreler kahveren-
gimsi bir renge sahip olurlar. Bu hiicrelerin miktari, proliferasyon indeksinin hesaplanma-
sinda kullanilir. Bu tez kapsaminda hiicrelerin KI67 pozitif ve negatif olarak etiketlenmesi
icin yapay zeka destekli goriintii isleme teknikleri kullanilmagtir.

Bu calismada Faster R-CNN obje tantma modeli kullanilmigstir. Faster R-CNN obje
tanima modelinin bagar1 oranlari, kullanilan CNN modeline baghdir. Giinlimiizde Faster
R-CNN obje tanima algoritmasi i¢in kullanilabilecek birden cok CNN modeli bulunmak-
tadir. Bu tez kapsaminda ResNet50,ResNet18,VGG16,VGG19 CNN modelleri kullanil-
mistir ve bu modellerin Faster R-CNN obje tanima algoritmasina entegre edilerek KI67
hiicre etiketlemedeki basarimlari test edilmisgtir.

Derin 6grenme teknikleri ile obje tespiti veri setine de baghdir. Veri seti goriintiileri,
egitim siirecinden once etiketlenmelidir. Bu tezde iki farkli goriintii etiketleme teknigi
ile veri seti olusturularak tam denetimli ve yar1 denetimli 68renme yontemleri uygulan-
mistir. Tam denetimli 6grenme yonteminde tiim goriintiiler manuel olarak etiketlenmistir.
Yar1 denetimli 6grenme yonteminde ise varolan obje tanima modeli etiketlemede kullanil-
mugstir. Yart denetimli 6grenme yontemi Faster R-CNN obje tanima algoritmasina entegre
edilerek daha basarili sonuclar alinmistir. Bu sayede en uygun sekilde K167 niikleer eksp-

rasyonu gosteren gliom hiicrelerinin taninmasi saglanmastir.
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ABSTRACT

KI67 LABELING GLIOMAS WITH ARTIFICIAL INTELLIGENCE

Caner SONGUL

MSc Thesis in Computer Engineering
Supervisor: Assist. Prof. Dr.Hiiseyin Gokhan AKCAY
May 2021; 31 pages

Determining the stage of cancer is one of the essential steps for treatments. The cel-
lular proliferation index is one of the factors determining the stage of cancer. Therefore,
determining the cellular proliferation index is a vital part of treatment. Pathologists use
KI67 nuclear proteins’ prognostic feature to determine cellular proliferation. High proli-
feration rate cells have a brownish color when KI67 nuclear protein is applied. Therefore,
the quantity of these cells is a crucial part of calculating the proliferation index. In the
scope of this thesis, image processing with artificial intelligence techniques is used for
labeling cells as KI67 positive and negative.

In this study, the Faster R-CNN algorithm was selected for object detection. Faster
R-CNN object detectors’ accuracy depends on CNN-based feature extractor model. To-
day, many different CNN models are available for this purpose. In this study, ResNet50,
ResNet18, VGG16, VGG19 CNN models were used for feature extractors, and their KI67
cell-labeling performance was tested.

Object detection with deep learning techniques depends on the dataset. Dataset images
should be labeled before the training process. In this study, two dataset image labeling
techniques were implemented: Supervised and Semi-Supervised learning methods. For
the Supervised learning method, all dataset images were labeled manually. For the Semi-
Supervised learning method dataset, images were labeled with a previously trained Faster
R-CNN object detector. Integrating the Semi-Supervised learning system into the Faster
R-CNN object detection model, the object-labeling process has achieved more accurate
results. In that way, nuclear KI67 expressing glioma cells and non-expressing cells were

identified most appropriately.
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1. INTRODUCTION

Cancer is a leading cause of death(Twombly et al. 2005). Many people around the
world suffer from that disease and their life expectancy depends on treatment and diag-
nosis time (Syriopoulou et al. 2017). Many of the cancer cells are growing rapidly and
patient’s treatment can be changed during the treatment time. In the medical area, patho-
logists focus on these subjects to determine the growth rate of these malignant cells. KI67
is an excellent marker to determine the growth fraction of a given cell population. The
nuclear protein KI67 (pKI67) is an established prognostic and predictive indicator. The
fraction of KI67-positive tumor cells (the KI67 labeling index) is often correlated with
the clinical course of cancer(Kontzoglou et al. 2013). KI67 is an important prognostic
and predictive marker for many cancers. The K167 Labelling Index is used as an ancillary
tool in glioma diagnostics.

One of the main problems in the medical area is many diagnostics are done manually,
so its diagnostics become time-consuming and interobserver-intraobserver variability has
been reported and no precise guidelines are available. Using novel digital approaches wo-
uld be a promising technique. For pathologists, KI67 labeling is important for the brain
tumor process. However, many times pathologists need to scan many areas to find the hot
point of K167 expression and count the KI67 expressing tumor cells. After that pathologist
must count every tumor cell and normal cells manually in that area to decide the patient’s
condition. For this problem, automated computer-aided KI67 labeling model was propo-
sed to support pathologists during the diagnostic process. Object detection methods are
very suitable for this problem so deep learning based object detection method is used for
cell labeling.

Nowadays, progress in artificial intelligence and deep learning algorithms give better
solutions for object detection. In addition, the rise of the Region-Based Convolutional
Neural Network has created a new era for object detection.

One of the usage areas of object detection with deep learning methods is in the me-
dical area. For example, Faster R-CNN object detection methods are used for blood cell
detection(Xia et al. 2019).

Deep learning methods highly depend on training data quantity and quality, and these
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should be high enough to give satisfying results for object detection. So pathologists sho-
uld label every cell on microscopic images before training the Faster R-CNN object de-
tection method. Because these problems remain in the object detection area, a newer app-
roach should solve these problems.

In this study, the Semi-Supervised learning method is adapted to the Faster R-CNN
object detector method to lower the time-consuming image labeling process. KI67 nuclear
protein marker applied tissue images are taken from 40X magnified microscopy. Only ten
percent of dataset images were used, and brown stained cells labeled as KI67 positive and
non-stained cells were labeled as negatives. A Faster R-CNN system was used for training
this dataset. The remaining images were applied to the Faster R-CNN object detector.
After that, the detection results of these images were automatically labeled to generate a
more extensive dataset for another training process. Generating a bigger dataset for the
training process gives opportunity to learn from different cells and gives better results for

KI67 labeling in gliomas.
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2. LITERATURE REVIEW

2.1. K167 Marker

Antigen KI67 is a nuclear protein that is associated with cellular proliferation. K167
protein is present during all active phases of the cell cycle (G1, S, G2, and mitosis) but
is absent in resting (quiescent) cells (GO). The cellular content of KI67 protein markedly
increases during cell progression through the S phase of the cell cycle. Thus it is used
for determining the proliferation index of tumor cells. One of the essential things is KI67
protein stains the proliferating cells, and cells become brownish to differentiate from the
other cells(Li et al. 2015). KI67 primarily stains tumor cells which are highly associated
with proliferation and growth. It is a prevalent tool in the pathology area to detect malign
cells and many pathologists see the KI67 proliferation marker. KI67 marker is applied
on biopsies of suspicious tissue. Also, cells with KI67 marker give strong evidence for
metastasis and stage of the tumors. The prognosis feature of the KI67 marker can be used
for breast, cervix, lung, brain tissue. Glioma is a type of tumor that occurs in the brain
and spinal cord. Three types of glial cells can produce tumors. Gliomas are classified
according to the type of glial cell involved in the tumor and the tumor’s genetic features,
which can help predict how the tumor will behave over time and the treatments most
likely to work McKinsey et al. 2012. KI67 labeling is used for grading gliomas which is

an essential step for the clinical approach.

2.2. Convolutional Neural Network

One of the first attempts on Convolutional Neural Networks was about gradient-based
learning applied to document recognition (LeCun et al. 1998). In that study, a gradient-
based learning method based on a backpropagation algorithm. According to the study, the
gradient descent algorithm is used for minimizing loss on multilayer neural networks.
This process made neural networks more successful for classification. Thus, LeNet-5
architecture is created. As a dataset, the system used 32x32 pixels images which were
MNIST datasets, to classify hand-written characters.

Until the 2000s, research on the CNN area was limited. After (K. Chellapilla et al.

2006) make an implementation CNN network to run on GPUs, CNN models run much
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faster than the model that runs on CPUs. In their paper, they got four times less processing
time than older CPUs-based methods. After that development in the CNN area, it allows
to develop more complex deep neural networks. Around 2010s, CNNs have become the
main tools for image recognition as the paper issued by Ciregan et al. 2012 . CNN models
became deeper by containing more layers, and the term of deep learning is derived from
these improvements. Also on Krizhevsky et al. 2012 proposed a network called Alexnet
for the classification problem on the large dataset, which is called ImageNet. This model
won image recognition content, and this event shows that Convolutional Neural Networks
are a fundamental part of the computer vision area. Because of less pre-processing, suf-
ficient accuracy, and improvement of computer hardware leads researchers began to use

CNNss for computer vision area.

2.3. Hand-Crafted Feature Extraction

Before the improvement of deep learning methods, hand crafted feature extraction
techniques were used for object detection problems. Examples about Hand-Crafted fe-

ature extraction methods given below(O’Mahony et al. 2019):
e Scale Invariant Feature Transform (SIFT)
e Speeded Up Robust Features (SURF)
e Features from Accelerated Segment Test (FAST)
e Histogram Oriented Gradients (HOG)
e Geometric hashing

Hand-Crafted feature extraction methods require less processing power for object detec-
tion than deep learning based object detection methods. Histogram oriented Gradients
(HOGQG) feature extraction method is used for human detection (Zhu. et. al. 2006). In that
work Histogram Oriented Gradients (HOG) and Support Vector Machine (SVM) feature

extraction methods are used for human detection on the INRIA data set.
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2.4. CNN based Feature Extraction Methods

Recent advances in technology allow doing complex tasks on computers. Therefore,
deep learning methods on object detection area rise. First implementations of deep ne-
ural networks are generally used for classification. On the other hand, object detection
needs a localization parameter, so modification of deep neural networks is needed for
object detection problems. Deep neural networks, the major success in object detection
area is feature extraction. Convolution operations do feature extractions, and using dif-
ferent convolution operations gives feature maps that contain valuable information for
object detection problems. Today different object detection methods become available re-
searchers, and many different deep neural networks can be implemented to solve object
detection problems(Goodfellow et al. 2016).

One of the most popular object detection methods is region-based convolutional ne-
ural networks (R-CNN) family-type object detection. The first research about R-CNN
was published by Girshick et al. 2014, became a research milestone for object detection
with deep neural networks. In that work, region proposals are created with a selective
search algorithm instead of using only sliding windows, and nearly 2000 region propo-
sals are created with the selective search algorithm. Then region proposals are fed into
the CNN network, which in that research Alexnet was selected for backbone CNN net-
work for R-CNN. After every region proposals feature, a vector is created with the Ale-
xtNet CNN module. After that, these region proposals feature vectors are classified with
SVM to determine which class they are related to (Noble et al. 2006). On the 200-class
ILSVRC2013 detection dataset, R-CNN’s mAP is 31.4%, a significant improvement over
OverFeat, which had the previous best result at 24.3% (Russakovsky et al. 2015).

Although the R-CNN object detection method achieved many object detection go-
als, the algorithm was still slow for training and testing. Solutions for these drawbacks
of R-CNN object detection Fast R-CNN method is proposed(Girshick and Ross et al.
2015). The Fast R-CNN method has significant improvements in training time, testing
time, and accuracy. On official paper Fast R-CNN with VGG16 network data training
nine times faster than R-CNN with VGG16 network. Object detection time is 213 times

faster than R-CNN. Also, the Fast R-CNN method lowers the feature cache, so a large
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storage medium is not needed. This advancement in speed was achieved with some chan-
ges to the algorithm. On the R-CNN algorithm, approximately 2000 region proposals are
done. These proposed regions are fed into CNN, but in the Faster R-CNN object detec-
tion algorithm, dataset images first go into CNN, then extracted feature maps are used
for region proposals. Again selective search algorithm was used to find the region pro-
posals. Each region proposal is made Rol operation then Rol vector created with Fully
Connected Layer. These vectors are used for two processes. First, to find out which class
is object-related, another usage is to find bounding boxes. One of the other differences is
on the R-CNN algorithm class prediction done by SVM, but the Fast R-CNN method class
prediction is made by the Softmax classifier. In the paper, the Softmax classifier gives a
small amount of accuracy gain on object detection. Another important update for R-CNN
based object detector family is the Faster R-CNN algorithm. Faster R-CNN greatly imp-
roved training and test time. The Faster R-CNN algorithm also uses the CNN backbone
for feature extraction. However, this time instead of using a selective search algorithm to
find region proposals, a region proposal network is used (Ren et al. 2016). Therefore, that

way, the system learns region proposals.

2.5. Object Detection in Medical Area

Before deep learning algorithms, there were implementations of traditional object de-
tection methods in the medical area. Traditional computer vision methods are used for
detecting abnormal cervical cells (Sophea et al. 2018) . Feature extraction is done by the
Histogram of Oriented Gradients method. Cell detection and classification are done by
Support Vector Machines(SVM). The proposed method is tested with the Harlev dataset.
Despite using only traditional methods, their proposed method reach 94.7% accuracy for
detecting normal and abnormal cells. Although getting a high accuracy score, the dataset
used in that method contains a single cell per image. Thus, using these methods for more
complex detection problems that contain multiple objects for detection can lead to less
accurate results.

Other examples of object detection in the medical area contain deep neural network
implementation. One of the examples of tumor cells being used is CNN and Single Shot

multi-box detector for detecting KI67 stained breast cancer cells. For feature extraction,
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the VGG net is used. For detecting cells SSD method proposed by Zhang et al. 2018, is
used in their work CNN, and SSD is used for KI67 stained breast cancer cells to detecting
affected cells. Also, for blood cell detection, work has been done by the Faster R-CNN
algorithm to detect live White Blood Cells (Xia et al. 2019).
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3. MATERIAL AND METHOD

3.1. Dataset

The image dataset of this study consists of 40 times magnified microscopy images of
brain tissue. First, all tissue samples are stained with a KI67 protein marker. All visual data
was provided by Akdeniz University School of Medicine, Department of Pathology. To
acquire and visibly enlarged samples, Olympus BX53 light microscope was used for this
study. Microscopic images were taken by light microscope and transferred to the digital
platform using the "CellSens Entry" program. The first dataset consists of 25 patients, and
all patients had three different images from brain tissue, a total of making 75 images. The
second dataset contains 21 patients, and all patients again had three different images from
brain tissue, a total of making 63 images. Hot point selecting was provided by pathologists
conventionally for taking microscopic images for the data set. Using only one source of
image dataset can lead to overfitting the model so, to overcome this problem, two different

datasets were used for training the model. In that way, the dataset was prepared with

different images with different brightness values.

Figure 3.1. Sample of Two Datasets

3.2. Pre-Processing

In this study, two different datasets were used. Images in each dataset have diverse
brightness contrast values. Also, these images have 2560x 1920 resolution, which was

too high for the training process. Therefore dataset images resolution should be lowered
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to 1280x960. By reducing image resolution and dividing sample images into equal sub-

images, training time for neural network and GPU memory optimization was satisfied.

3.2.1. Image Resizing

Every image should have the same resolution before training and labeling and also
for reducing computational time. High-resolution images, which in this case, 2560 x 1920
resolution, should be lowered in the resolution, which is not suitable for GPU memory.
Thus every dataset images were first reduced to 1280960 resolution. This resolution was
selected because the aspect ratio of the images is 4:3. Thus, the aspect ratio and the cell

characteristics do not change.

3.2.2. Image Dividing

Object detection method with deep neural networks is an intensive task. High resolu-
tion images can easily overflow the GPU memory. To cope with that problem, generally
reducing the size of images to use for training the neural network but in this case, reducing
resolution leads to another problem that labeled cell data on images becomes very small
or even vanishes. Therefore optimizing dataset images with lowering the resolution is not
an option for KI67 labeling on images. Instead of reducing image resolution, all images
on the dataset will be divided according to the minimum accepted resolution for CNN
networks. Many CNN networks used for this thesis accept 240x240 pixels or higher, so
without changing the aspect ratio of 4:3, the best resolution for training these images will
be 320x240 pixels. Every image from the dataset was divided, and every image had a re-
solution of 320x 240 pixels. The single image was divided equally into 16 images. In that
way, GPU memory optimization was satisfied without overflowing GPU memory during

of training process.

3.2.3. Image Labeling

Image labeling one of the essential things in deep neural networks. Image labeling is
used for creating ground truth for a deep neural network. Using the ground truth values
convolution neural network is used for back-propagation to make estimations closer to

ground truth values. In that way, weight and bias are adjusted on deep neural networks.

9
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Figure 3.2. Divided Dataset Image

So using properly labeled data is a vital part of the deep neural network. In the thesis,
two types of image labeling processes were used. Those were being supervised and semi-

supervised labeling methods.

3.2.4. Supervised Image Labeling

Supervised Image labeling relies on a person manually annotates images for ground
truth values. In this case, with a consultation with Akdeniz University School of Medi-
cine, Department of Pathology, ten percent of the dataset images were annotated with
MATLAB image labeling toolbox. Every image on the dataset K167 labeled positive and
negative cells are annotated with a rectangular annotator with x and y-axis coordinates.
Even though manual segmentation is a good way to annotate images, it is time-consuming.
Instead of annotating the whole dataset of images with supervised image labeling, only
a sufficient part of 10 percent of the dataset was annotated with the supervised method.

Flowchart of Supervised based learning method is shown in Fig 3.3.

3.2.5. Semi-Supervised Image Labeling

The Semi-Supervised learning method is used for different purposes. Creating labeled

data for deep neural networks highly time-consuming job. Also, deep neural networks’

10
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Figure 3.3. Supervised Image Labeling

success rate depends on the labeled dataset. To cope with that problem semi-supervised
learning method is used for solutions to these problems. The semi-supervised learning
method is used for three different situations. The first is for a labeling process where
the supervisor cannot decide the classes of the objects. The second usage is for the ine-
xact labeling process when the supervisor is the falsely classified object. The last usage
is for semi-supervised learning is where the lower quantity of objects in the dataset are
labeled by the supervisor, and other remaining data is remained unlabelled (Zhou et al.
2018). In this study, Semi-Supervised learning methods were applied used for the image
labeling process. For this thesis, a dataset was incompletely labeled by the supervisor,
so a Semi-Supervised learning technique is implemented for object detection problems.
The Semi-supervised method for image labeling significantly increased efficiency. After
the first training process was done with a supervised labeled image dataset, a new ob-
ject detector was created. A newly created object detector was used for labeling objects
on the remaining dataset images. Because of the low quantity of dataset images of the
first training object detector, only some labeled images were used for the second training
process. At that point, automated labeled images with high accuracy were selected and
create a bigger dataset for another training process. Using the semi-supervised labeling
method significantly reduced the time-consuming image labeling process and created a
bigger labeled dataset. By using the semi-supervised learning method iteratively, more

images with the high accurately labeled dataset are created. Therefore, two iterations of

11



MATERIAL AND METHOD C. SONGUL

the Semi-Supervised learning method were used for the image labeling process in this
study. The first iteration of semi-supervised learning was done by an object detector cre-
ated by the Supervised learning method. Object detector labels the unlabeled data, and
newly labeled data was used for creating a better object detector. In this process, the
previous object detector was used to continue the training process to get better results,
but training parameters were changed for the new training process. Since new training
images were different from the first training process, the number of epoch and learning
rates were changed for better training. Learning rate is a parameter used for updating the
network’s weights, and therefore it should be tuned correctly for the Semi-Supervised
learning process. The learning rate was selected 10~ for the first training process to up-
date the weights of the network quickly. However, for the second training process, the
previously used detector was used to continue training. Using a high learning rate which
was 10~* in this case, was not fine-tune model, increases error rate, and even leaded to
a lower success rate. Hence using a lower learning rate for the late training section is a
better solution for neural networks. Every iteration with a Semi-Supervised learning rate
is selected ten times lower than the previous training process (Bengio et al. 2012). After
the training process was done, the first iteration of semi-supervised learning was finished.
Then, for the second iteration for semi-supervised learning, the newly created detector
was used for another image labeling process for the remaining dataset. Hence using semi-
supervised iteratively make automated image labeling more accurate. The process of the

Semi-Supervised learning method is shown in Fig 3.4.

3.3. Faster R-CNN

The Faster R-CNN object detection method is a robust method for object detection,
especially for its lower training time and better object detection than R-CNN and Faster R-
CNN object detection methods. For this study, the Faster R-CNN object detection method
is a fundamental part. The Faster R-CNN method contains several neural network blocks.
Faster R-CNN is a combination of Fast R-CNN as detector and Region Proposal Network.
The first whole image is fed into CNN. After convolution operations on layers, image size
is reduced to 1520 resolution, and feature maps for input images are created. One of the

crucial things using Faster R-CNN is selecting the right CNN model. That way, accurate
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Figure 3.5. Faster R-CNN Architecture

feature maps are created. Feature maps are used for different purposes. One of them is
creating region proposals.

Region proposal network is itself a neural network for region proposals. Region pro-
posal network gets feature maps from CNN and does sliding windows operation on feature
maps with anchor boxes. Anchor boxes are the set of rectangular windows that are deter-
mined in this study with ground truth labels of training data. Their aspect ratio and reso-
lution important for sliding windows operation in the Region proposal network. Because
the anchor boxes give estimated dimensions of the object, selecting the correct number of

anchor boxes is essential. Different anchor boxes can overlap a single object, but only the
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highest Intersection over Union value which overlaps most of the ground truth object, is
selected. In this study, the IoU value must be higher than 0.5 value for a label classify as
an object. After sliding windows operation with anchor boxes is completed, object pro-
posals reconnect to the main network with the Rol pooling layer. After that operation, the
network diverges two ways. One is for classification operation and regression operation.
Regression operation is used to find bounding boxes coordinates, and it is done by smo-
oth L1 loss regression operation. Classification operation is used for the decision of the
class of the proposed image. For the Faster R-CNN method softmax classifier is selected
for classification. Regression operation is estimating the coordinates of selected object

coordinates. After that, objects are detected on the images(Ren et al. 2016) .

Sliding Window . .
Feature Opgemﬁon | Classification
Maps —>
Bounding Box
Regression
Anchor
Boxes Object Proposals

Figure 3.6. Region Proposal Network

3.4. Convolutional Neural Network Models For Faster R-CNN

In this section, the CNN models used for the thesis are inspected. Faster R-CNN object
detection model highly relies on CNN for feature extraction. Different CNN models are

reconstructed for implementation of Faster R-CNN.

3.4.1. ResNet50

ResNet50 contains 50 layers. It is a residual learning-based Convolution Neural Net-
work (He et al. 2016). It differentiates from the other network is implementing residual
learning. Typical ResNet models are implemented with double- or triple-layer skips that
contain nonlinearities (ReLU) and batch normalization in between. ResNet50 convolu-

tional network makes another connection by skipping layers to cope with the vanishing
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gradients problem. Vanishing gradients problem occurs during the training process. Ac-
cording to error functions partial derivatives, the weight of the neural network updates,
but if the value is too small, it is not changed and leads to the network not updating its we-
ights. Therefore, ResNet50 has speed advantages over speed from the plain network. The
speed advantage is achieved by reducing the importance of vanishing gradients. In that
way, fewer layers are used for propagation. After that network restores skipped layers,
then the network learns feature space. For classification, the ResNet50 model uses soft-
max classification, which gives probability scores for vector value. The softmax function
maps the vector values to 0 to 1. The vector is classified to the highest probability class
by the softmax classifier. In this study, ResNet50 was used for creating feature maps for
Faster R-CNN. ResNet50 network’s ActivationRelu40 layer was used for feature extrac-
tion and concatenates the network with Faster R-CNN, which this layer has 15x20x1024
feature maps. Object detection was done by using Resnet50’s 15x20x 1024 feature map.
This node was selected for feature extraction because it feds the object detector with a
high enough feature map for a single image. However, using a small number of feature
maps can lead to a low success rate because of limited feature quantity. Resnet50 with

Faster R-CNN network structure is shown in Fig 3.7.

3.4.2. ResNetl8

In this study, another residual learning-based convolutional network with smaller la-
yers was inspected. ResNet18 has significantly lower layers which have 18 compared to
ResNet50 networks 50 layers.

To test object detector performance and accuracy of object detector, ResNetl18 was
also used for this thesis. The main reason for testing ResNet18 is more shallow network
can achieve similar results for object detection. Moreover, ResNet18 is used for feature
extraction for the Faster R-CNN model. In this study, the res4bRelu layer was used as a
feature extractor for Faster R-CNN. The res4bRelu layer has 15x20x256 feature map,

and its connection with Faster R-CNN is shown in Fig 3.7.
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-

Figure 3.7. a)ResNet18 with Faster R-CNN b)ResNet50 with Faster R-CNN

3.4.3. VGGI16

VGG16 contains 16 layers, and it proposed with a paper named Very Deep Con-
volutional Networks for Large-Scale Image Recognition. Differences from the residual
convolutional network, there is no skip connection between layers as it is identified as

plain network architecture. For this study, the VGG16 network was used as a feature ext-
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ractor for the Faster R-CNN object detector algorithm. The relu5-3 layer was selected as
a feature extraction layer for Faster R-CNN. Feature maps created with the VGG16 net-
work are 15x20x512. This feature map is used, and Faster R-CNN layers are connected

network from this layer. Faster R-CNN with VGG16 connection is shown in the Fig 3.8.

344. VGG19

VGGI19 contains 19 layers. VGG19 has a more deep layer for convolution operations.
For this study, the VGG19 network was used as a feature extractor for the Faster R-CNN
object detector algorithm. The relu5-4 layer was selected as a feature extraction layer for
Faster R-CNN. Feature maps created with the VGG19 network are 15x20x512. This
feature map was used, and Faster R-CNN layers were connected network from this layer.

Faster R-CNN with VGG19 connection is shown in Fig 3.8.

3.5. Anchor Boxes

Anchor boxes are an essential part of the Faster R-CNN method. Anchor boxes are
a predefined set of windows with a fixed size of height and width values to do sliding
windows operation on the Region Proposal Network. Anchor boxes are potential object
locations, so that is why it is used in sliding windows operation. The number of anchor
boxes dramatically affects the success of the Faster R-CNN object detection method. The
small or large number of anchor boxes can lead to undesirable consequences. For this
study, anchor boxes were defined by training datas’ ground truth boxes. Training data
objects’ ground truth pixel areas and aspect ratios are shown in Fig 3.9.

K-means clustering algorithm is used to determine Anchor Boxes values. The number
of the desired anchor boxes are given class number for the K-means clustering algorithm.
It creates anchor box coordinates depending on the number of classes. Selecting the num-
ber of anchor boxes are another important work, and it depends on training datas’ ground
truth values. A low amount of anchor boxes leads to low intersection over union value,
which means proposed anchor boxes do not overlap the real ground truth boxes. Inc-
reasing too much anchor box number leads to waste of computational power for slight
increase for MeanloU value (Redmond et al. 2007).

In this study, the graphic that is shown as Fig 3.10 is constructed with training dataset
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Figure 3.8. a)VGG16 with Faster R-CNN b)VGG19 with Faster R-CNN

images’ ground truth values. Using only one anchor box leads to unsuccessful IoU with

ground truth values. However, simply increasing the anchor box number also increases the

IoU value. Increasing the number of anchor boxes more than five is not dramatically affect

the mean IoU value. Because of that, the number of anchor boxes is selected between 2-5.

3.6. Augmentation

Data augmentation is used to increase the dataset and prevent overfitting the model.

For this study, training images were mirrored Y-axis to create more images for the training

dataset. Also, ground truth values were also rotated with the augmentation process.

Rotation is a common image augmentation technique and new location of the rotated

pixel can be represented as:
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Ty = cos(0) X (Xp—1 — Xo) + sin(0) x (Yo_1 — Yo) a0
Y, = sin(f) x (X,,_1 — Xo) + cos(8) x (Y,_1 — Yp)
Xo and Y] represents selected fixed point of rotation X,,_; and Y,,_; old location of the

pixel value and X,, and Y,, new location of the pixel. Example of augumented dataset
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image is shown in Fig 3.11.

3.7. Evaluation

For the evaluation of this thesis, several methods were used. Five evaluation criteria
were used to measure the accuracy of constructed object detection model. These eva-
luation criteria are, Recall, Precision, Average Precision, and F1 scores were used. For
evaluations, if detected object locations’ IoU value is higher than 0.5 model classifies
as successful labeling. If detected object locations’ IoU value is lower than 0.5 model
does not classify as an object. Precision is used to calculate to decide how many positive

selected objects are positive objects. It is calculated with equation (3.2),

Precision = (TruePositive) /(TruePositive + FalsePositive) (3.2)

The recall is used to measure how many real positives are selected as positive on the

system. Recall is calculated with equation (3.3),

Recall = (TruePositive) /(TruePositive + FalseNegative) (3.3)

F1 score is harmonic mean of precision and recall values and F1 score is calculated

with equation (3.4), .

F1Score = 2 x (Precision x Recall)/(Precision + Recall) (3.4)
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4. RESULTS AND DISCUSSION

In this thesis, different CNN models with Faster R-CNN object detection models with
different training parameters’ performance were assessed. MATLAB 2020b program was
used for experiments. All networks training process were performed on a computer equ-
ipped with Intel Core 15 9400F CPU, Nvidia RTX 2080 Super 8 GB GPU and 24 GB
of RAM running on Windows 10 64 bit operating system. In order to find the optimal

network parameters, several experiments were performed.

4.1. Batch Size

Batch size one of the important part of the Convolutional Neural Networks’ training
process. One of the effects of batch sizes are Convolutional Neural Networks’ weights on
layers. If the batch size is equal to the training samples, it is called batch gradient descent.
If the batch size is equal to one, only one training sample updates the weights at a single
iteration. Selecting batch size one is called stochastic gradient descent. If the batch size
is between one and training dataset examples, it is called mini-batch size. Selecting too
small batch size changes the weights of convolutional neural network layers with only
one image, leading to unsuccessful results. On the other hand, selecting a mini-batch size
too high can consume much more memory. In this study, different batch sizes effects on
the object detection model were tested. Especially with ResNet50 with Faster R-CNN
model only tested with selecting mini-batch size one. If mini-batch size increased more
than one, GPU memory overflows and leads to the failed training process. In the scope
of this thesis, VGG19 with Faster R-CNN model was tested with different batch sizes to
test the mini-batch effect on the object detection model. Choosing a batch size more than
1 prevents the model from only updating weights per image for one iteration; however,
increasing too much batch size lowers the system’s accuracy, precision and leads to higher
GPU memory usage. On Table 4.1 VGG19 networks performance per class was tested by

different batch sizes.
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Table 4.1. Batch Size Results

Batch | Object Average
CNN Model
Size Class Precision
VGG19 1 Positive 0.8016
VGG19 1 Negative | 0.7298
VGG19 2 Positive 0.7776
VGG19 2 Negative | 0.7260
VGG19 4 Positive 0.8382
VGG19 4 Negatives | 0.7605
VGG19 8 Positives | 0.7506
VGG19 8 Negatives | 0.6909

4.2. Anchor Numbers

One of the essential parameter selections is anchor boxes which are determined by
ground truth values. Choosing the correct anchor box number increases the success rate
of the object detection model. Chosen anchor box values should have a higher overlap
value with ground truth boxes. More anchor boxes mean more anchor boxes similar to
ground truth labels which increases IoU value. However, in some cases, more anchor
boxes can lead to unsuccessful results. On Table 4.2 different CNN models with different
anchor box number performance assessed. For the ResNet18 model, selecting anchor box
number three was a sweet spot for getting good average precision. ResNet50 model, on
the other hand, behaves differently; increasing anchor box number badly affects average
precision. For VGG type network models, selecting Anchor Box number four was a sweet
spot for networks’ success. VGG19 networks’ success rate increased with anchor boxes
number increases. For the anchor box number comparison test, anchor box estimations

and network performances were done only for K167 positive classes.

4.3. Different Network Models

A critical part of object detection is selecting the correct feature extractor network. The

Faster R-CNN model uses feature maps for object detection. Because of that, the Faster
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Table 4.2. Anchor Box Number

Anchor Box | Average
CNN Model | Batch Size

Number Precision

ResNet18 2 2 0.69394
ResNet18 2 3 0.7484

ResNet18 2 4 0.71349

ResNet18 2 5 0.78110
ResNet50 1 2 0.7521
ResNet50 1 3 0.7345
ResNet50 1 4 0.6981
VGG16 3 2 0.7581
VGG16 3 3 0.7185
VGG16 3 4 0.7649
VGG16 4 5 0.7691
VGG16 4 6 0.6917
VGG19 3 2 0.7148
VGG19 3 3 0.7251
VGG19 3 4 0.7944
VGG19 3 5 0.7578

R-CNN object detector model highly depends on the backbone Convolutional Neural Ne-

twork type. In this Table 4.3 the success rate of CNN models are compared. All networks’

best parameters were selected for comparison and their performances. For this test, all

classes were included to measure the performance of the networks. Also, the anchor box

number was selected two for all networks. For batch sizes, the only difference was that

ResNet50 back-boned models’ mini-batch size which was selected one for high memory

consumption problems. Other models’ mini-batch size is selected two for testing network

performances. For KI67 positive object class detection, the ResNet50 back-boned Faster

R-CNN model have achieved the highest value. For KI67 negative object class detection,

VGG19 back-boned network have achieved the highest value.
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Table 4.3. Different Network Model Comparison

Object Average F1
CNN Model Recall | Precision
Class Precision Score
ResNetl8 | Positives | 0.7857 | 0.8462 | 09112 | 0.8775
ResNetl8 | Negatives | 0.7102 | 0.7897 | 0.8035 | 0.7965
ResNet50 | Positives | 0.8393 | 0.8407 | 0.9217 | 0.8793
ResNet50 | Negatives | 0.7025 | 0.7725 | 0.8126 | 0.7921

VGG16 Positives | 0.8055 | 0.8132 | 0.8268 | 0.8199

VGG16 Negatives | 0.7082 | 0.7554 | 0.7928 | 0.7736

VGG19 Positives | 0.7776 | 0.7582 | 0.8903 | 0.8190

VGG19 Negatives | 0.7356 | 0.7725 | 0.7982 | 0.7852

4.4. Supervised Learning and Semi-Supervised Learning

In the scope of this study, two different learning systems were adapted to the object
detection model. All CNN models were tested with these learning methods. Test results
are given in Table 4.4. Evaluation criteria for different learning methods with CNN mo-
dels are Average Precision, Recall, F1 Score values. Recall and Precision values on Table
4.4 were selected when F1 Score had the highest value. First, all CNN models with Faster
R-CNN models were trained with the Supervised learning method. For the Supervised
learning system, all ground truth labeling processes were done manually with human
interaction. The Semi-Supervised learning method allows for the continuation of the pa-
rameter update of the already existing Faster R-CNN model with automatedly detected
images by the same model. Therefore, only an automated labeled dataset was used. The
Semi-Supervised learning method was also used for two iterations. For the first iteration
of the Semi-Supervised method, a detector created with the Supervised learning method
was used to label images that were not present in training, validation, and test datasets.
Then only the automated labeled dataset images were used to continue training the su-
pervised detector. Therefore training process did not start from the beginning, continued
from the previous state. After the first iteration of the training process of the detector was

done, that detector was used for the new dataset labeling process for the second iteration
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Table 4.4. Supervised and Semi Supervised Learning Comparison

Average F1
CNN Model Learning Type Object Class Recall | Precision
Precision Score
ResNet18 Supervised Positives 0.7857 | 0.8462 | 09112 | 0.8775
ResNet18 Supervised Negatives 0.7102 | 0.7897 | 0.8035 | 0.7965

ResNet18 Ist Semi-Supervised Positives 0.7749 | 0.8571 | 0.8478 | 0.8525
ResNet18 Ist Semi-Supervised | Negatives 0.7331 | 0.7747 | 0.7917 | 0.7831
ResNetl8 | 2nd Semi-Supervised Positives 0.8338 | 0.8462 | 0.8750 | 0.8603
ResNetl18 | 2nd Semi-Supervised | Negatives 0.7412 | 0.8047 | 0.7813 | 0.7928
ResNet50 Supervised Positives 0.8393 | 0.8407 | 0.9217 | 0.8793
ResNet50 Supervised Negatives 0.7025 | 0.7725 | 0.8126 | 0.7921
ResNet50 1st Semi-Supervised Positives 0.8475 | 0.8407 | 0.9273 | 0.8818
ResNet50 Ist Semi-Supervised | Negatives 0.7546 | 0.8133 | 0.7929 | 0.8030
ResNet50 | 2nd Semi-Supervised Positives 0.8613 | 0.8681 | 0.8977 | 0.8827
ResNet50 | 2nd Semi-Supervised | Negatives 0.7619 | 0.7618 | 0.8353 | 0.7969
VGG16 Supervised Positives 0.8055 | 0.8132 | 0.8268 | 0.8199
VGG16 Supervised Negatives 0.7082 | 0.7554 | 0.7928 | 0.7736
VGG16 Ist Semi-Supervised Positives 0.8071 | 0.8187 | 0.8663 | 0.8418
VGG16 Ist Semi-Supervised | Negatives 0.6661 | 0.7682 | 0.7427 | 0.7553
VGG16 2nd Semi-Supervised Positives 0.8108 | 0.7857 | 0.8773 | 0.8290
VGG16 2nd Semi-Supervised | Negatives 0.7700 | 0.7704 | 0.8215 | 0.7951
VGG19 Supervised Positives 0.7776 | 0.7582 | 0.8903 | 0.8190
VGG19 Supervised Negatives 0.7260 | 0.8133 | 0.7610 | 0.7863
VGG19 Ist Semi-Supervised Positives 0.7824 | 0.7857 | 0.8462 | 0.8148
VGG19 Ist Semi-Supervised | Negatives 0.7541 | 0.7918 | 0.7785 | 0.7851
VGG19 2nd Semi-Supervised | Positives 0.8164 | 0.8187 | 0.8371 | 0.8278
VGG19 2nd Semi-Supervised | Negatives 0.7356 | 0.7725 | 0.7982 | 0.7852

with the Semi-Supervised learning method. Then the second set of the automated labeled
dataset was used for the second iteration of the object detector training process.
For the Semi-Supervised method, an automated labeling process with human inter-

vention was used for the object labeling process. The supervisor was asked to add labeled
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Figure 4.12. VGG16 with Faster R-CNN a) Supervised b) Semi-Supervised

objects as ground truth objects.

For these tests, different CNN models with Faster R-CNN model was used. ResNet18
backboned Faster R-CNN model with Semi-Supervised learning method, 17 new ima-
ges were labeled in the first, and 29 new images were labeled in the second iteration of
the Semi-Supervised learning process. ResNet50 backboned Faster R-CNN model with
Semi-Supervised learning method, 12 new images were labeled for the first and second
iteration of Semi-Supervised learning process. VGG16 backboned Faster R-CNN model
with Semi-Supervised learning method, 8 new images are labeled for the first and second
iteration of Semi-Supervised learning process. VGG19 backboned Faster R-CNN model
with Semi-Supervised learning method, 9 new images were labeled for the first and 12
new images were labeled for the second iteration of the Semi-Supervised learning pro-
cess. For Faster R-CNN models with the Supervised Learning method, the learning rate
was selected as 10~ for the training process. For Faster R-CNN models with the Semi-
Supervised Learning method, the learning rate was selected 10~ for the first iteration of
the training process, and 10~ was selected for the second iteration of the training process.

As shown in Table 4.4 by using Semi-Supervised learning methods, the performance
of average precision value for object detectors was significantly increased for both classes.
For example, one of the test images randomly selected for testing the networks’ object
detector performance for positive and negative classes and proliferation index for images
is also shown in figures.VGG16 based test is shown in Fig 4.12 . VGGI19 based test is
shown in Fig 4.13 . ResNet18 based test is shown in Fig 4.14. ResNet50 based test is
shown in Fig 4.15.
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Figure 4.13. VGG19 with Faster R-CNN a) Supervised b) Semi-Supervised

Positive Cells Number=2 Negative Cells Number=17 Positive Cells Number=2 Negative Cells Number=17
Positive Percentange=11% Positive Percentange=11%

Figure 4.14. ResNet18 with Faster R-CNN a) Supervised b) Semi-Supervised

Positive Cells Number=2 Negative Cells Number=17 Positive Cells Number=2 Negative Cells Number=18
Positive Percentange=11% Positive Percentange=10%

Figure 4.15. ResNet50 with Faster R-CNN a) Supervised b) Semi-Supervised
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5. CONCLUSION

For this thesis, KI67 nuclear protein applied cell labeling performed by deep learning
algorithms. Different network structures and convolutional network parameters were used
to find the optimal model and parameters for that object detection problem. Also, different
learning methods were tested to increase the efficiency of the KI67 labeling process. The
iteratively Semi-Supervised method was tested for validation of the method’s success rate.

Advantages of using these methods are ;
e High Precision value even with an insufficient labeled dataset.

e Model can be implemented to Semi-supervised learning method.

e an automated image labeling process can replace manual image labeling process,

but only with human observation.

e Automated image labeling process reduces the time for image labeling process and

increases dataset quantity.

e Iteratively using the Semi-Supervised learning method significantly increase the
accuracy of the labeled KI67s.

Some shortcomings are

e Even in small increases of batch size quickly overflow memory can lead to training
failure. Especially for ResNet 50 back-boned system

e Wrong human intervention on semi-supervised learning can lead to significant suc-

cess loss.

e Models are too sensitive to training parameters even slight change can lead to a

decrease of success of object detection
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