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Abstract: Multiple Sclerosis (MS) causes the central nervous system to malfunction due to inflammation surrounding nerve
cells. Detection of MS at an early stage is very important to prevent progressive MS attacks. Clinical findings, cerebrospinal fluid
examinations, the evoked potentials, magnetic resonance imaging (MRI) findings have an important role in the diagnosis and
follow-up of MS. However, many of the findings on MRI may indicate brain disorders other than MS. In addition, the clinical
practices accepted by physicians for MS detection are very limited. In this study, a Mask R-CNN based method in two dataset is
proposed for the automatic detection of MS lesions on magnetic resonance scans.We also improved the ROI detection stage
with RPN in the Mask R-CNN to easily adapt for different lesion sizes. MS lesions in different sizes in the dataset are
successfully detected with 84.90% Dice similarity rate and 87.03% precision rates using the proposed method. In addition,
volumetric overlap error and lesion-wise true positive rate are obtained as 12.97% and 73.75%, respectively. Moreover,
performance tests of the use of different numbers of GPU hardware structures are also performed and the evaluation of its
effects on processing speed is performed on experimental studies..

1 Introduction

Multiple sclerosis (MS) is a neurological disease that affects the
nervous system. This disease causes inflammation by damaging
myelin sheaths which surrounds and isolates nerve fibres in the
central nervous system (CNS) [1]. MS affects the white and grey
matter in the brain, spinal cord and optic nerve. In addition, MS is
a chronic inflammatory, demyelinating and neurodegenerative CNS
disease. Although the cause of MS is not known precisely, it is
believed to involve a combination of genetic susceptibility,
abnormalities in the immune system and environmental factors that
combine to trigger disease [2].

MS is one of the most common causes of non-traumatic
diseases among young and middle-aged adults. Healthcare costs
directly related to MS are estimated to be more than 10 billion
dollars in the USA annually [3]. Moreover, it is known that more
than 2 million people worldwide have MS [4]. In a worldwide
study, it is stated that the number of MS patients increased from 2.3
million in 2013 to 2.8 million in 2020 [S]. It is seen that the
number of people with MS disease varies by country [6]. The rate
of MS case is between 110 and 140 per 100.000 people in the
northern regions of the USA, between 57 and 78 people in the
southern regions, between 115 and 140 people in Western Europe
and between 81 and 101 people in Australia [7]. In addition, it has
been put forth by the studies that ~20,000 people die per year due
to MS disease [6].

MS is progressively divided into four types such as relapsing-
remitting MS (RRMS), secondary progressive MS (SPMS), primer
progressive MS and relapsing progressive MS. The frequency of
MS attacks varies in each progressive and the daily life of the
patient is adversely affected. Permanent disorders may also occur
in the patients in the following stages. The most common type of
MS is RRMS and the rate of progression of this type to SPMS in
five years is over 50% [1, 8].

A physician usually follow some procedures to diagnose MS
such as looking for clinical evidence of damage in at least two
separate areas of the CNS, test whether the damaged areas change
at least one month intervals and monitoring whether symptoms last
for more than 24 h and whether they occur at different times for a
month or more, investigation of MS lesion in MR images,
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examination of cerebrospinal fluid and oligoclonal bands [9]. In
addition, there is no single diagnostic test for MS. The criteria for
diagnosis include the detection of chronic inflammation of the CNS
based on the evidence of at least two different lesions (such as
plaque or trace) in the white matter in the brain, examining the
progressive of the disease in at least two different episodes in the
CNS, and detection of chronic inflammation of CNS, which is
determined by the analysis of cerebrospinal fluid. The presence of
one or more of these criteria allows a general diagnosis of MS,
which may be updated according to the subsequent progressive of
the disease [8].

The early diagnosis of MS disease can contribute to preventing
MS attacks that progress along with the treatment processes to be
applied. Clinical signs and symptoms, cerebrospinal fluid
examinations and magnetic resonance imaging (MRI) findings are
used in the diagnosis of MS disease. In particular, the widespread
use of MRI has figured the diagnosis and following up of MS
disease. However, many of the findings on MR images can be
symptoms of brain disorders other than MS. For instance, lesions
caused by migraine and some vascular disorders, brain tumours,
pseudo-brain tumours may be similar to MS lesions [10].
Nowadays, various criteria are used to overcome this confusion.
However, it is observed that additional methods are required to
support MR findings, to facilitate diagnosis, to contribute to the
determination of MS course types and to make suspicious
situations more evident. Despite all these detection methods,
diagnosing MS by the physician can still be very challenging. If
vague neurological symptoms in young adults are accompanied by
MR findings in white matter, it becomes easy to diagnose MS. In a
study, it is stated that the main reason for the false diagnosis of MS
is non-specific white matter abnormalities [11]. Therefore, while
making a diagnosis of MS, it is required to utilise from many
secondary tools and methods besides findings of MR.

MRI is of great importance in the diagnosis of MS. Detection of
all brain disorders, including MS, and follow-up the change of
damage on brain MR images comprise a major challenge for
physicians. While it is of great importance to notice minor changes
of the lesions, it is overlooked in some cases. Following the
changes in MR images is considered as an important image
processing issue [12—15]. The diagnosis of MS can also be similar
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to be seen with other white matter diseases such as neuro-myelitis
optica [16], acute cerebral infarction [17], acute diffuse
encephalomyelitis [18]. Therefore, accurate diagnosis of MS
disease with a non-invasive method such as MRI is very important
in planning the treatment of patients.

Computer-aided detection systems based on the imaging
technologies are significant in the segmentation, detection and
classification of medical images [19]. The main goal in these
systems is to achieve an automatic method [20]. The segmentation
of medical images is the most important application and
visualisation process. It provides a second tool for medical doctors
to identify the disease in the body without surgery operations [21].
Such a system for detecting MS lesions on MR images reduces the
time of image analysis, allows the detection phase to be automated
and provides an accurate treatment plan by determining the exact
boundaries of the lesions.

In this study, a state-of-art method is proposed for the automatic
detection of MS using Mask regional convolutional neural network
(R-CNN) on MR scans. The MS dataset used in the study has a
follow-up structure and includes MR images obtained from
different MR scanners at different periods. Since there are both
small and large MS lesions in the datasets, it is clear to choose an
region of interest (ROI) that can adapt to the whole lesion types.
Thus, in our study, we improved the ROI detection stage with
region proposal network (RPN) in the Mask R-CNN. In addition,
this study presents a secondary tool to facilitate the decision
making of physicians for detection of MS on a dataset of this scale.
In the study, firstly, the labels of the lesions in the dataset, which
are suitable for Mask R-CNN, are arranged and then the training
process is completed and the weights are obtained. Then the
obtained weights are subjected to validation process. In addition,
the performance tests of the study are evaluated on the GPU and
the Multi-GPU. Therefore, the hardware efficiency of the system is
investigated. The rest of the paper is organised as follows. In
Section 2, a survey of the related studies is presented. The material
and method, the used dataset and Mask R-CNN architecture are
explained in detail in Section 3. In Section 4, experimental studies
and their results are evaluated and the proposed model is discussed
in Section 5. In the final section, comprehensive evaluation and the
result of the study are presented.

2 Related works

There are many studies in previous on issues such as the diagnosis,
follow-up and change detection for lesions of MS disease. In the
conducted previous studies, besides the studies that use clinical
methods for the detection of MS on MR data, it is also seen that
studies using many machine learning methods and using deep
learning methods have become prominent in recent years.

In the field, many studies have been carried out in various
topics for the detection of MS on MR images for many years [2,
22, 23]. Before the MR imaging technologies developed so much,
important studies were carried out by physicians in the clinical
field and MS lesions were visually detected by radiologists [9, 24,
25]. However, manual segmentation of MS lesions by experts takes
a lot of time and is quite tiring. In addition, it is open to human
error and each expert can draw different inferences about the case
[26]. Significant developments were provided in the diagnosis of
MS with the use of computer-aided systems [27, 28]. In addition,
studies based on whether there are MS lesions on MR images with
learning algorithms are also proposed [29]. The automatic
segmentation of MS lesions can be categorised as supervised and
unsupervised techniques in terms of machine learning. The
unsupervised techniques are generally cluster-based approaches
and formed according to the intensity features of the data.
However, in cluster-based methods, the uncertainty of how to
select the optimum number of clusters and features can reduce the
performance in segmentation results. Although more successful
segmentation results can be achieved in the supervised learning
approaches, determination of the prior knowledge required for
verification by an experienced radiologist can be seen as the
disadvantage of the system [30]. On the other hand, in base
learning approaches, since a robust training phase is required

before segmentation, the performance can be low in detecting
small MS lesions. In addition, in recent years, successful results
were obtained in MS detection, as in many areas, in the studies
using deep learning models. In these studies, high performance is
obtained in datasets with low data numbers, whereas in large
datasets containing different sized lesions, it is seen that the
performance decreases.

Bosc et al. in their study, they automatically detected the
change in the patient's periodic follow-up using MS lesions and
healthy MR images. The framework application was prepared in
the study for comparing the expert's view with the framework's
results [12]. In another study, Souplet e al. [31] used basic image
processing techniques for MS detection. They detected the brain
region by normalising and focusing on three different MR
sequences and highlighted the regions with MS suspicion by
performing maximisation on T1 and T2 sequences via an
algorithm. Schmidt ef al, on the other hand, developed an
algorithm for automatic lesion detection using MR images to assist
in the examination and decision making of MS disease. In the
study, as a result of the evaluation of MS lesions of different sizes
obtained by 3 T scanner with mathematical methods, a good
compliance with lesions determined by manual tracking was
achieved [32]. For the detection of MS lesions, Roura et al.
developed a tool, and test procedures were carried out on patient
data obtained from different scanners. In their study, firstly white
matter and then lesions in this region were detected with the
developed tool [33]. Zhang et al. [34] compared the detection of
MS lesions on a dataset using nearest neighbour algorithm, support
vector machines and decision tree. In another study, Wu and Lopez
performed lesion detection in MR slices using Haar wavelet
transforms, principal component analysis and logistic regression
[35].

Many studies have been conducted on the MR images to detect
MS lesions using different machine learning methods [36-38].
Some studies have also been in recent years proposed using deep
learning techniques for MS detection. In a study that performed
MS lesion detection using the convolutional neural networks
(CNNSs), high detection performance was not achieved [39]. Zhang
et al. conducted a study for automatic MS detection in the fully-
connected layer using dropout and parametric ReLu. Parametric
rectified linear unit and dropout techniques were added to the
developed CNN, and other model was developed with ten layers
(seven layers of convolution layer and three fully-connected layer)
deep neural network [40]. In another study, Maleki et al. proposed
to increase the performance of MS detection by simultaneously on
T1-w and FLAIR images of the same patient using CNN [41].
Wang et al. detected MS lesions using 14-layer CNN model
combined with batch normalisation, dropout and stochastic pooling
techniques [42]. Ravnik ef al. conducted a study on automatic
detection of MS data using CNN. In their study, firstly CNN
training was completed using making pre-processes such as
histogram-based standardisation, normalisation on MR images and
rotating them according to axes. Then, tests were done by adding
the images obtained from the same or different MR scanners to the
dataset [38]. Nair ef al. developed a model for the detection of MS
lesions using 3D CNN. In their study, they emphasised that the
dropout layer is important in determining the lesions. They also
suggested that the high rate of false detection of small lesions
positively affected the detection of other sizes [43]. Birenbaum and
Greenspan conducted a study on the detection of MS lesions using
the multi-view L-CNN model. They argued that the proposed
method is more successful than CNN models for detection of MS
lesions. Since dataset of five patients was used in the study, its
scope seems to be limited [44]. Atlason et al. provided MS lesion
detection on two different databases with the CNN auto-encoder
named SegAE [45].

Although it is difficult to compare previous studies on the
detection of MS disease by using computer-assisted methods, due
to reasons such as not using the same dataset, different detection
methods and various similarity criteria, general evaluation of some
studies proposed for the detection of MS is presented in Table 1.
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Table 1

Previous studies in MS detection and evaluations of these studies

Reference

Database

Number of MRI sequences

subject

Methodology

Evaluations/limitations

Bosc et al. [12]

Souplet et al. [31]

Schmidt et al. [32]

Maleki et al. [41]

Roura et al. [33]

Brosch et al. [36]

Zhang et al. [34]

Brosch et al. [46]

Wu and Lopez [35]

Birenbaum and
Greenspan [44]
Valverde et al.
(2017) [37]

Zhang et al. [40]

Wang et al. [42]

Ravnik et al. [38]

Valcarcel et al. [47]
Zhao et al. [10]

Atlason et al. [45]

Gabr et al. [48]

Nair et al. [43]

Gessert et al. [49]

Wang et al. [30]

their own dataset

MICCAI 2008

their own dataset

their own dataset

MICCAI 2008, their 70 +45 + 14

own dataset (2)

MS lesion
segmentation
challenge 2008

eHealth

MICCAI 2008 and
ISBI 2015

their own dataset

ISBI 2015

MICCAI 2008

eHealth, their own
dataset (private)

eHealth, private
(Zhang et al. [40])

UMCL

their own dataset
MICCAI 2008
the AGES-
Reykjavik, MICCAI
2017

their own dataset

their own dataset

their own dataset

MICCAI 2008

8

45

70

150

500

38

43+21+

377

67

45

38+26

38 +26

60

98

45

60 +60

1008

1064

89 +33

45

T1-w, FLAIR,
multimodal RARE

T1-w, T2-w, T2-w
FLAIR

T2-w FLAIR, 3D T1-
w

not available (NA)

T1-w, T2-w, FLAIR

T1-w, T2-w, FLAIR

T2-w

T1-w, T2-w, FLAIR

NA

T1-w, T2-w, FLAIR

T1-w, T2-w, FLAIR

T2-w

T2-w

T1-w, T2-w, FLAIR

T1-w, T2-w, FLAIR
T1-w, T2-w, FLAIR

3D T1-w, proton
density-weighted
(PD-w), 2D/3D
FLAIR
3D T1-w, T2-w, PD-
w, 2D FLAIR
T1-w, T2-w, FLAIR,
PD-w

FLAIR

T1-w, T2-w, FLAIR

method

automatic segmentation MS lesions
based on image pre-processing,

morphological operations and
expectation and maximisation
algorithm

an automated tool for MS lesion
detection using the developed a

segmentation algorithm

classification of MS lesion via CNN

MS lesion segmentation via an

automated toolbox based on image

processing techniques

segmentation of MS lesions using

deep convolutional encoder
networks

MS lesion detection using machine
learning methods such as k-nearest
neighbours, decision tree, support
vector machine and comparison

results

MS lesion segmentation via deep
3D convolutional encoder networks
with shortcuts for multiscale feature

integration

MS slice identification using Haar

wavelet transform, principal

component analysis and logistic

regression

MS lesion segmentation using multi-

view longitudinal CNN
a novel automated MS lesion

segmentation with a cascaded 3D

CNN

MS lesion identification using an
improved CNN based on parametric

RelLU and dropout

identification of MS lesions using 14-
layer CNN with batch normalisation,

dropout, and stochastic pooling

lesion segmentation via CNN based
different image pre-processing and

augmentation methods
an automated method for
segmentation of MS lesions

MS lesion segmentation using a

level set method

lesion segmentation using a
supervised CNN autoencoder

lesion segmentation in MS using
fully convolutional neural network

detection and segmentation of 3D

MS lesions via CNN based on
Monte Carlo dropout
MS lesion segmentation with

attention-guided two-path CNNs
MS lesion segmentation in brain

MRI using an adaptive sparse
Bayesian model combined with
probabilistic label fusion

automatic change detection using a the results of the study were
non-linear intensity normalisation

not measured by general
metrics. Not tested with a
sufficient amount of dataset
high performance was not
achieved

high performance was not
achieved and it was not
implemented on different
datasets
evaluations were limited to
lesion detection only
requires pre-processing

detection performance can
be increased

high accuracy performance

was not achieved and it was

not implemented on different
datasets

the performance rate is low

compared to other studies

and detection performance
can be increased

the dataset is inadequate

dataset is limited to only 5
patients
the structure of the model is
available to develop

evaluations were limited to
lesion detection only

the results of the study were
not measured by metrics

detection performance can
be increased

detection performance can
be increased
other databases can also be
evaluated.
the structure of the model is
available to develop

the results can be compared
with different methods
detection performance can
be increased

the results can be compared
with different methods
detection performance can
be increased
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Fig. 1 General block diagram of the methodology of the proposed system for MRS detection using Mask R-CNN on MR images

Fig. 2 Sample MR images from the MS database of the eHealth lab. Al,
B1 and C1 MR slices were obtained from the patient's first scan. A2, B2 and
C2 show the MR image of the near point taken from the 6 or 12 month
periodic examination of the same patients

Fig. 3 Some MRI scans with MS lesions in the UMCL MS dataset. A1, Bl,
C1 show the scanning in the axial plane of the MR images, A2, B2, C2
coronal plane and A3, B3, C3 in the sagittal plane

3 Proposed method

In this study, a Mask R-CNN based approach was proposed for the
detection of MS lesions on two public MS datasets. In the study,
firstly data preparation processes were carried out on the dataset.
The training phase was carried out using the GPU hardware
structure with Mask R-CNN on the prepared dataset. After the
training phase was completed, the test performance of system was

performed on the dataset for MS lesion detection. The
methodology of the proposed system is shown in detail in Fig. 1.

3.1 MS datasets

We evaluated our Mask R-CNN based method on two public
datasets such as MS dataset of eHealth laboratory and UMCL MS
dataset for MS lesion detection. In this way, these dataset provide
comparison our results with many state-of-the-art methods.

MS dataset of eHealth laboratory: One of the datasets used in
this study for the detection of MS on MR images was provided by
the University of Cyprus eHealth Laboratory for scientific studies
[50]. The dataset (eHealth) includes both the images of the patients
for first examination and the images obtained during their 6-12
months periodic examinations. The MR images in the dataset were
acquired using a T2-w sequence. The lesions on each MR slices
were marked by specialist doctors. MR images of some patients
with MS lesions taken from the eHealth MS dataset are denoted in
Fig. 2. The dataset used in the study has a total of 1838 MR images
collected from 38 patients. Above 677 of these images have 1777
MS lesions, and the boundaries of the lesions on MR images were
labelled by experts. Loizou et al., that provided the dataset,
conducted studies on multi-scale amplitude modulation frequency
modulation, white matter classification, image normalisation and
quantitative tissue analysis of white matter lesions (WMH) in brain
MR images of this dataset [51-54]. In addition, in some studies
that detected MS lesions using CNN on this dataset, only images
with and without MS lesions were classified [34, 40]. The dataset
used contains an average of 22 slices per patient. In each scan, MR
slices were obtained at the axial plane at 5 mm thickness. Due to
the thickness of the slices, the lesions in successive images are not
in the form of continuation of each other, but in different patterns.
For this reason, randomly selected images in the training and test
sets do not overlap each other as lesion patterns even if they are
from the same patient. In addition, since there are often many MS
lesions in an MR section, the total number of lesions in the dataset
is high. However, in the training and test sets in our study, it was
ensured that there was a homogeneous distribution for all patients,
rather than many MR slices of the same patient.

UMCL MS dataset: Another MS dataset used in this study, 3D
MR image database of MS patients with WMH segmentations of
University Medical Center Ljubljana (UMCL) contains MR images
of MS patients with consensus by ground truth segmentations of
WMHs [55, 56]. In this public dataset, a total of 30 MS patients
were scanned using a 3 T Siemens Magnetom Trio MR system.
MR scan of each patient consisted of 2D T1-w, 2D T2-weighted
(T2-w) and 3D FLAIR images. The acquisition parameter values of
MR scans were issued by Lesjak ef al. [55]. In the database, the
UMCL approved the use of MRI data for all 30 subjects. In this
study, we used the 2D MR scans and their ground truths in axial
plane of the space of FLAIR image for lesion segmentation since
the segmentation procedures in the dataset mainly performed on
the axial cross-sections. Fig. 3 shows some MRI scans with MS
lesions in the UMCL MS dataset.

3.2 Mask R-CNN

CNN architecture, which is the common infrastructure of deep
learning models, is generally based on a structure that classifies the
data with a fully connected layer after converting the data into a
plane with procedures such as convolution and padding [57]. Basic
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Fig. 4 General block overview of Mask R-CNN architecture used in this study
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Fig. 5 Improved ROI detection stage with RPN

(a) Original ROI generated by Mask R-CNN, (b), (¢), (d) Improved ROI generation with dynamic threshold

architecture of the concept of deep learning is accepted as CNN.
This architecture consists of input layer, convolution layer,
padding, ReLu layer, pooling layer, fully-connected layer, dropout
layer and classification layer [57, 58]. Another CNN infrastructure,
R-CNN, is an object recognition algorithm that segments data by
identifying bounding boxes where objects are likely to be found
and runs the detection algorithm to find possible objects inside the
boxes [59]. In many studies, regions were determined using R-
CNN and it has always been desired to find faster and more
accurate results. Mask R-CNN has been developed by adding
masking feature to faster R-CNN on the idea that a mask can be
applied to detect pixel-based region on the image and then a faster
and more precise result can be obtained [60, 61].

Mask R-CNN architecture, which is an extension of Faster R-
CNN, is a very important deep learning model that can be used to
select targets on images. The block diagram of the Mask R-CNN
architecture proposed in this study is shown in Fig. 4. As with
Faster R-CNN, Mask R-CNN model basically has a structure
consisting of two main stages [62]. In the first stage, all possible
regions are determined for the object detection, as known RPN.
This stage is passed through the determined backbone such as
ResNet50 and ResNet101. In these backbone structures, a spatial
order is created on the input data to extract features and create
feature map. As a result of the created feature map, class of the
object in the ROI is determined via RPN. In the second stage, the
proposals are classified and mask and bounding box are predicted
simultaneously. However, Mask R-CNN generates a binary mask
related label and bounding box for each ROI [60]. As a result,
many irrelevant ROIs can be generated that reduce the
classification accuracy. Since classification in Mask R-CNN is
closely related to the generated masks, ROIs need to be estimated
accurately and appropriately. As there are very small or very large
MS lesions in the datasets used in our study, it is obvious to choose
an ROI that can adapt to both lesion types. Therefore, in our study,
we improved the ROI detection stage with RPN in the Mask R-
CNN to easily adapt to changing lesion sizes. Number of ROIs is
selected using a dynamic threshold value with non-maximum
suppression after comparing ROI and ground truth. In the
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improved ROI detection approach, small MS lesions were mainly
largely detected using Mask R-CNN to a large extent. In the
standard case, while the accuracy performance was low in the
detection of lesions smaller than 16 x 16 pixels using the Mask R-
CNN, the detection of lesions up to 4 x 4 pixels was successfully
achieved thanks to the use of the improved ROI selection. In
addition, while the standard ROI detection in Mask R-CNN can be
provided in 32, 64, 128, 256 and 512 pixel sizes, ROI detection up
to 4, 8, 16 pixels were achieved thanks to the use of the improved
ROI detection in Mask R-CNN. The improved ROI detection stage
with RPN is shown in Fig. 5. Afterwards, the feature map and the
determined ROIs are carried to ROI-Align layer. For the
classification and segmentation process in Mask R-CNN,
significant regions are determined with the ROI-Align layer. On
the input data, the regional areas to be segmented are determined
by ROI-Align layer. ROI-Align operation, which is an important
region detection structure proposed with Mask R-CNN, gives faster
results since it does not make the heavy cost calculations for the
regions individually, unlike ROI-Pooling. The costs of the regions
determined in the ROI-Align operation are determined by the
average or maximum pooling process, thus processing speed and
detection performance increases [60]. Finally, a spatial order is
created and the data is separated into two flows. One of them is
presented to the fully-connected layer for classification and one
enters full convolution network for segmentation. Thus, in this
layer, classification and segmentation processes in the regions are
carried out.

Various backbone structures are used in the mask R-CNN
structure. These backbone structures are used primarily for feature
extraction and then for segmentation of objects in specified boxes.
In this study, ResNet50 and ResNet101 are structures used for the
backbone structure of Mask R-CNN. In these backbone structures,
the naming is referred according to the layer depth in this study.
Therefore, the 50-layer ResNet structure is named as ResNet50,
and the 101-layer ResNet structure is called as ResNet101. ResNet,
which has a different structure from the previous models, where the
network model begins to really deepen, is formed by adding
residual values of the blocks that feed the next layers to the model.
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|
|

|

v

=3 = < X

v (%) v 5

o o o o

= = — — s

Q@ [ [ £ = -]

-2 — — - = E
o~ -

32 22351383 <
— = — o

° S o - 2 2

n n n n

o ) ] o

4 o« [ (4

Table 2 Configuration details of the computer used for experimental studies in this study

Hardware component

Configuration

computer

central processor unit (CPU)
memory (RAM)

mainboard

GPU (x2)

hard disk driver

Workstation
Intel Core i9—9900 K @ 5 GHz (8 Core/16 Thread)
32 GB (DDR4 2666 MHz)
ASUS WS Z390 PRO
NVIDIA GeForce RTX 2080Ti 11 GB GDDR6
256 GB SSD HDD + 3 TB SATA 6 Gb 3.5" HDD

Thanks to this feature, ResNet differs from classic models.
Between Linear and ReLu layers, an added value on two layers
changes the calculations in the architecture. As can be seen in the
ResNet architecture in Fig. 6, the value that previously came to
Layer A is considered in Layer A+2 or Layer A+3 in some
models of ResNet.

4 Experimental studies

In this study, many experimental studies were conducted to
confirm the performance of the Mask R-CNN based model
proposed for the detection of MS lesions on MR images, and the
results and the findings were analysed. All applications performed
on the proposed model in Linux environment with Python
programming. For these analyses, a computer with a workstation
was used and its specifications were presented in Table 2. In the
study, various performance tests were performed with double GPU.
The used model was developed by modifying the matterport-
maskrenn [63] which is the open source Mask R-CNN framework.
Matterport-maskrenn application was prepared for the Mask
RCNN architecture [60] in Python using Keras architecture on
TensorFlow framework. This application also provides GPU
support and includes the structures of ResNet50 and ResNet101
backbones running on Mask R-CNN. Moreover, it allows ROI
sorting and filtering, ROI visualisation, masking of different ratios,
examination of weight histograms, examination of training
performance on tensorboard, various measurements and
visualisations on the image. Matterport-maskrenn uses mask
annotations prepared in the COCO format. Therefore, the labels of
the datasets used in this study were rearranged in the json structure
in COCO format.

In this study, two public MS datasets such as eHealth and
UMCL were used for detection and segmentation of MS lesions.
The ones with more apparent labels of MR images were selected.
In the eHealth Laboratory database, 84.53% (470) of the images
containing MS lesions obtained from the periodic scans of the
patients were used during the training phase, and the remaining
15.47% (86) were used for the test phase. In UMCL dataset, we
used 502 (83.67%) training and 98 (16.33%) test MR images for
experimental studies. MS lesion labels are presented with the

6

dataset in.plg format. However, since this format is incompatible
with the system used in the study, it was converted to.json format
in Matlab environment. Files in.plg format are read one by one and
converted to.json format in VGG 1.6 structure. As a result of the
conversion process, labels in the appropriate format for Mask R-
CNN and U-Net used in our study were obtained. Afterwards, the
masks were examined one by one according to their confirmations
provided by experts.

The specific settings determined for the modified Mask R-CNN
architecture in the proposed model in this study are given in
Table 3. While determining these settings, various stages were
followed and the most efficient values for model were created. For
the tests conducted with double GPU, the most appropriate
iteration number was specified to be as 1000 and the number of
epoch was determined to be as 50, which was confirmed by the
success of the tests. In our study, performance improvements were
provided for the developed model on the open source framework
and various improvements were made for the training phase. With
the improvements during the training phase, a mini-mask size was
arranged for the detection of small-sized MS lesions. In addition,
class arrangements were specified according to different MS
lesions sizes.

In the testing phase of the proposed model, a structure was
prepared that separately calculates the weights obtained in each
epoch of the training process in order to perform the performance
measurements appropriately. The test performance of the system
was measured by performing the process repeatedly using the
weights obtained for each epoch. Mask R-CNN model proposed in
the study was rearranged on two different backbones. In the study,
MC-R50 was used for the model with the backbone structure
ResNet50, and MC-R101 for the model with the backbone
structure ResNet101. For the Mask R-CNN model proposed in the
study, a training phase was carried out on ResNet50 and
ResNet101 pre-trained networks with 50 and 100 epoch and 1000
iterations with single and double GPUs. Performance
measurements were performed on the test set by using the weights
obtained as a result of the training with the Mask R-CNN model.

In the study, dice coefficient (DC), value of overlap error
(VOE), precision (PR), recall (RC) and lesion-wise true positive
rate (LTPR) performance metrics were used to measure results in
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Table 3 Specific settings for the application of Mask R-CNN
model for experimental studies

Feature Value Explanations
BACKBONE ResNet50 / pre-trained network
ResNet101 model to be used
GPU_COUNT 2 GPU value at which the
network will run
IMAGE_MIN_DIM 256 minimum dimensions of
images in the dataset
IMAGE_MAX_DIM 512 maximum dimensions of

images in the dataset
number of estimated
regions to be found for
each image during the
training phase

TRAIN_ROIS_PER_IMAGE 200

MAX_GT_INSTANCES 100 maximum number of
lesions in an image
IMAGES_PER_GPU 2 images per GPU
NUM_CLASSES 1+1 number of classes on
lesions (MS lesion +
background)
STEPS_PER_EPOCH 1000 number of step in each
epoch
EPOCH_COUNT 50 number of epoch
THRESHOLD 0.5 the maximum error rate

determined for the
detection success of a
lesion

Table 4 Structure of confusion matrix used in calculating
performance metrics

Expert decision

Lesion 1 0
the masked area 1 (lesion) TP FN
0 (background) FP TN

10

—Global Loss

—RPN Class Loss
RPN BBox Loss
Masked Class Loss
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Fig. 7 Error change graphs in the training process with MC-R50

the experimental studies conducted for the Mask R-CNN model
proposed for the detection of MS lesions. The best results in all
iterations were calculated and tested for these performance
measurement metrics. DC, VOE, PR and RC criteria were
determined according to the true positive (TP), false positive (FP),
true negative (TN) and false negative (FN) values shown in the
confusion matrix in Table 4.

DC, which is shown in (1), is a criterion calculated according to
the overlap amount of the region placed on the pre-selected
regions. DC is a measure of compliance, and it appears that as DC's
value grows, its detection performance also increases. The VOE
metric, denoted in (2), shows the error rate between the expert
opinion and the masked region. PR in (3), which shows how
successful segmentation is in an image, refers to the ratio of
correctly masked lesions to all masked lesions on the image. RC in
(4), which shows how much of the lesions in an image are
segmented correctly, refers to the ratio of successfully masked
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lesions on the image to all lesions on the image [64]. LTPR, in (5),
is the number of lesions that overlap in segmentation and ground
truth map divided by the total number of lesions in the ground truth
map [49]. Here, LTP shows the number of lesions in the reference
segmentation that overlap with a lesion in the output segmentation,
and RL is the total number of lesions in the reference segmentation
[65]. Low and high segmentation results are tracked with the PR
given in (3) and the RC presented in (4). In these equations for
metrics, the expert opinion area was named A, and the area

masked as a result of the proposed model was specified A5k

DC =715 +21¥ +FN ~ aijfk? |2$a:|| 1

VOE = i = 100 % [1- :3:32:1];: @
PR= o 3)

RC= il @

LTPR = % )

In the study, the proposed model was trained on dataset using MC-
R50 and MC-R101. The training process conducted in the MC-R50
is presented in detail with the graphics in Fig. 7. The global loss
shows the decrease of the general error in the training process, and
masked class loss denotes the decrease in the errors of the masked
classes on the training set. On the other hand, RPN class loss
shows the decrease in the determination of the regions where the
objects are located, and RPN Bbox loss denotes the decrease in the
boundaries of the important regions.

In the proposed study, the conducted procedures for automatic
detection of MS lesions on MR images with Mask R-CNN are
shown step by step in Fig. 8. In the first stage, after feature
extraction is conducted on the input image, ROI alignment is
performed and possible important regions are determined. In the
second stage, positive regions are selected among the regions. In
the third stage, the boundaries of the regions that have MS lesions
searched for detection are specified. In the fourth stage, the
boundaries of the region are determined and the lesion detection
process is completed.

The performance of the system was tested by using the weights
obtained as a result of the training process with the proposed Mask
R-CNN based models on the test set. The results of the DC, PR and
RC metrics performed on the MC-R50 and MC-R101 for 50
epochs are denoted in Figs. 9 and 10, respectively. It is seen from
these graphs that the DC value increases in the whole training
process. PR values reached high values due to the successful
detection of most of the lesions in the first epoch. However, the
low DC value in the same epochs indicates that there are lesions in
many non-lesions regions in these epochs.

The change of VOE value for MC-R50 and MC-R101 are
shown for 50 epochs in Fig. 11. This figure shows the decrease in
error between regions identified by the proposed model and
marked by the expert. It is seen that the epochs with the VOE
values reaching the minimum levels are the epochs with the highest
DC performance.

In the tests performed, the values of the VOE, DC, PR, LTPR
and RC metrics in the most successful epochs are shown in
Table 5. As can be seen from this table, the proposed model
achieved success for all metrics in the epochs where the DC
criterion reached the highest level. Although it is run on the same
computer under the same conditions, it is seen that MC-R101 is
more successful than MC-R50 for all metrics.

In the measurement of the test performances of the proposed
study, the best epoch results obtained using both models for the
successfully detected lesions are shown in Table 6. In the proposed
MC-R50 model, the most successful DC performance was in epoch
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Fig. 8 Step-by-step process for automatic detection of MS lesions using the proposed method
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Fig. 9 Change of performance graphs for DC, PR and RC metrics in tests with MC-R50 backbone model
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Fig. 10 Change of performance graphs for DC, PR and RC metrics in tests with MC-R101 backbone model

47, whereas the most successful results were obtained in epoch 44
in the MC-R101 model. As can be seen from the table, 206 of the
total 251 lesions in the test set were detected with MC-R50, and
208 lesions were successfully detected with MC-R101.

The evaluation results of ten images taken from the tests
performed with the best epoch weights obtained in the
experimental studies carried out with the MC-R50 model are
presented in Table 7. The results of the number of MS lesion
(NoL), the number of the detected lesions successfully (NoDL),
DC, PR, RC and VOE metrics on the selected MR images are

8

shown in this table. It is seen that many lesions were successfully
detected with the MC-R50 model. The evaluation results of ten
images taken from the experimental studies carried out with the
MC-R101 model are shown in Table 8. It is clearly seen in the
table that the MC-R101 is more successful than the MC-R50 for
detection of MS lesions. In addition, it can be concluded that the
MC-R101 model is more successful in images with more lesions.
Various performance speed tests were carried out using the
GPU hardware structures on the proposed model within the scope
of the study. Each iteration was conducted for 73 ms on the
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workstation with double GPU for the ResNet50 pre-trained
network. Effect of change in GPU count (GC), steps per epoch
(SPE), images per GPU (IPG) and batch size (BS) parameters of
mask R-CNN on the step speed and time for an image (TI) is
presented in detail in Table 9. BS value in the table is calculated as
a result of BS = GC * IPE equation. TI value is measured by the
TI = Step / BS equation. As a result of these experimental studies,
it has been understood that increasing the number of GPUs and
steps used in the process of processing an image has a significant
contribution. These experiments were carried out with a limited
dataset on the model for the solution of a difficult problem. The
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difficulty of the problem is thought to affect the accuracy of the
time measurements. In addition, the Mask R-CNN model proposed
in the tests performed on the computer with the given
configurations could not be run on the CPU.

5 Discussion

Examples of MS lesions detected successfully in the experimental
studies conducted on the MR images with the Mask R-CNN
models proposed in this study are shown in Fig. 12. Since the
lesions in the images are small, larger versions of these lesions are

-+-MC-R50 VOE
MC-R101 VOE

21 26 31 36 41 46

Number of Epoch

Fig. 11 VOE change graph in tests with MC-R50 and MC-R101 backbone models

Table 5 Performance measurement results of the proposed Mask R-CNN based model in tests

Backbone DC, % PR, % RC, % VOE, % LTPR, %
MC-R50 FPN 81.91 £9.89 81.75 £8.65 82.07 £6.12 18.25+4.24 69.36 £5.79
MC-R101 FPN 84.90 +8.97 87.03 £8.04 82.87 +6.78 12.97 +2.96 73.75 +4.94

Table 6 Comparison of the number of lesions successfully detected on the test set using each model in the proposed study

Mask R-CNN backbone Number of lesion

Number of the detected

Number of lesions detected Number of lesions not

lesions incorrectly detected
MC-R50 FPN 251 206 46 45
MC-R101 FPN 251 208 31 43
Table 7 Results of performance metrics for ten images from the best epoch for the MC-R50
Image ID NoL NoDL DC PR RC VOE
AA first_IM_00039 4 4 1.00 1.00 1.00 0.00
AA_second_IM_00236 4 4 0.89 0.80 1.00 0.20
GPE_first_IM_00038 5 4 0.89 1.00 0.80 0.20
HC_first_IM_00120 4 4 1.00 1.00 1.00 0.00
HC_second_IM_00038. 5 4 0.89 1.00 0.80 0.20
IPH_second_IM_00038 4 4 0.89 0.80 1.00 0.20
MJ_first_IM_00088. 9 8 0.94 1.00 0.89 0.1
PRI_second_IM_00018 7 7 0.93 0.88 1.00 0.13
SKS_first_IM_00016 5 4 0.89 1.00 0.80 0.20
TZN_second_IM_00016 5 5 0.91 0.83 1.00 0.17
Table 8 Results of performance metrics for ten images from the best epoch for the MC-R101
Image ID NoL NoDL DC PR RC VOE
AA_first_IM_00039 4 4 1.00 1.00 1.00 0.00
AA_second_IM_00236 4 4 1.00 1.00 1.00 0.00
Fl_second_img013 5 5 1.00 1.00 1.00 0.00
Fl_second_img016 9 7 0.88 1.00 0.78 0.22
HC_second_IM_00038 5 5 0.91 0.83 1.00 0.17
MJ_first_IM_00089 7 7 1.00 1.00 1.00 0.00
PRI_first_IM_00017 1 1 1.00 1.00 1.00 0.00
SKS_second_IM_00016 6 5 0.91 1.00 0.83 0.17
TZN_second_IM_00014 5 5 1.00 1.00 1.00 0.00
TZN_second_IM_00016 5 5 1.00 1.00 1.00 0.00
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shown by connecting them below the images. In addition, the
lesion coverage of the mask is shown alongside the lesions in the
images. As this ratio approaches 1.0, it can be said that the detected
mask and the volumetric area of the lesion overlaps successfully.

As a result of the tests, the similarities of some MS lesions
evaluated as successful according to the overlap rate with the
lesions determined by the experts who prepared the dataset of MR
images are shown in Fig. 13. The area indicated with the red line
shows the masked lesion by the proposed model, and the area
shown with the green line shows MS lesions determined by the
experts. In addition, it is clearly noticeable that the proposed model
for some MS lesions detected better than the expert. The first of the
numbers appearing on the marked lesions shown in Fig. 11 shows
how much of the selected area is the lesion, and the second shows
how much of the lesion is included in the selected area. Since MS
lesions were very small in the study, when 50% of a lesion was
detected, that lesion was evaluated as positive.

In the study, it was not possible to detect some MS lesions
successfully due to reasons such as the size of the lesions in the
dataset, the quality of the MR image and the differences of the
scanning parameters. Some examples of lesions that could not be
detected successfully are given in Fig. 14. The lesions marked with
a blue box represent lesions that are either not fully detected or not
detected at all. On the other hand, the lesions marked with yellow
boxes represent lesions identified as positive. As can be seen, some
MS lesions, although not many, were not detected using the
proposed models.

We also compared the obtained detection results using Mask R-
CNN with the results using U-Net, another popular segmentation
algorithm, for detection MS lesions in the dataset in this study. In
the U-Net architecture, there are contraction and expansion paths at
both sides of the network, right and left [66, 67]. Therefore, the
encoder and decoder achieve feature extraction and resolution
recovery procedures [68]. In Fig. 15, visual comparisons for

Table 9 Comparison of step times in different parameters of experimental studies with single and double GPU hardware

Backbone GC IPG SPE BS Step, ms TI, ms

MC-R50 1 1 100 1 250 250
1 1 1000 1 140 140
1 2 100 2 382 382
1 2 1000 2 223 111.5
2 1 100 2 129 64.5
2 1 1000 2 73 36.5
2 2 100 4 186 46.5
2 2 1000 4 120 30

MC-R101 1 1 100 1 263 263
1 1 1000 1 149 149
1 2 100 2 398 199
1 2 1000 2 232 116
2 1 100 2 135 67.5
2 1 1000 2 78 39
2 2 100 4 190 47.5
2 2 1000 4 124 31

qu 1.000

msMask 0 99)]
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/

msMask 0999
,

Fig. 12 MS lesion samples successfully detected with the proposed model on MR images
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Fig. 14 Some MS lesions detected incorrectly on MR images in the proposed study

segmentation of MS lesions using U-Net algorithm are denoted on
the eHealth dataset, on the same original MR images and the
ground truths marked by the expert shown in Fig. 13. In the
experimental studies conducted for the U-Net algorithm, the same
training and test sets in the Mask R-CNN model were used. In
these experimental studies on the MC-R101 backbone, the number
of epoch was determined as 100 and data augmentation process
was applied. In detection of MS lesions using U-Net algorithm, the
average performance scores such as 78.76%+9.25 DC, 9.21%+4.63
VOE were obtained on 86 MR images in the test set created for the
eHealth dataset.

A visual comparison of the method proposed in our study on
another public dataset, UMCL MS dataset, was denoted in Fig. 16.
It can be seen from the visual results presented on some FLAIR
images in the dataset that the proposed Mask R-CNN method
(Fig. 16¢) is more successful than the segmentation results with U-
Net (Fig. 16d). In the experimental studies on the UMCL dataset,
502 training and 98 test set images with different numbers of MS
lesions were selected to be similar to the sets in the other dataset.
In the test processes carried out with the same parameters applied
for the eHealth dataset, an average of 81.86%+9.74 DC similarity
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value and 70.88%+7.32 LTPR value were achieved for the
proposed Mask R-CNN method on UMCL dataset, while only
72.21%+6.58 DC value and 64.56%+5.47 LTPR value were
obtained with the U-Net method.

In our study, the effect of noise in MR images on the
performance of the obtained results was also investigated in
detecting MS lesions. For this, firstly, Gaussian noises at a rate of
0.1 were added to the MR images in the test and training sets
created from the eHealth dataset. Afterwards, detection of MS
lesions in MR images was performed using the proposed Mask R-
CNN model. The average 71.38% DC and 25.53% VOE values
were obtained in the MR images of the test set with Gaussian
noise. Then, the noise in the MR images was removed using the
spatially adaptive image denoising method, proposed by Huang et
al. [69, 70]. It is seen that MS lesions were detected more
successfully using the proposed Mask R-CNN method after the
Gaussian noise was removed. In the experimental studies
performed using MR images in the denoising test set, 77.66%6.41+
DC and 17.39%+5.87 VOE measurement results were obtained
using the proposed Mask R-CNN method. Although these results
show that removing noise from MR images improves detection

1
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Fig. 15 MS lesion detection using U-Net on eHealth dataset

a

Fig. 16 Visual comparison of segmentation results of MS lesions in MR images via the proposed Mask R-CNN and U-Net methods on UMCL MS dataset
(a) Original MR image, (b) Ground truth, (¢) Segmentation via the proposed Mask R-CNN, (d) Segmentation via U-Net

performance of MS lesions, they are still far from the results
obtained with the original noiseless MR images.

It is very difficult to compare the previous studies on the
computer aided detection of MS lesions on MR images due to the
lack of the same data, different detection algorithms, and using
different similarity metrics. However, the comparison of the results
of this study with some of the previously proposed studies
according to the DC similarity coefficient and LTPR rate are given
in Table 10. As can be seen from this table, it can be concluded that
the results of this study are noteworthy considering the presence of
lesions, which are quite small in dataset.

12

6 Conclusion

The contribution of computer-aided tools to assist physicians in
diagnosing and follow-up MS on MR images has gained
remarkable progress in the field in recent years. The lesion
detection by manual selection by physicians consists of subjective
and time-consuming procedural sequences. For this reason,
automatic detection of MS lesions using MR images is of great
importance in terms of both time consuming and cost. In this study,
a Mask R-CNN based state-of-art method, which can be used as a
secondary tool in the decision-making process of physicians, was
proposed for the detection of MS lesions on MR images. In
experimental studies conducted on a two public datasets, the
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Table 10 Comparison of the results of this study with the results of previous studies

Study Dataset Method DC, % LTPR, %
Brosch et al. [46] MICCAI 2008, ISBI 2015 deep 3D convolutional encoder networks NA, 68.4 51.6,78.3
Valverde et al. [37] MICCAI 2008 cascaded 3D CNN 56.0 NA
Birenbaum and Greenspan [44] ISBI 2015 multi-view CNN 62.70 NA
Ravnik et al. [38] UMCL CNN 81.49 69.95
Zhao et al. [10] MICCAI 2008, a level set method 55.0 NA
Atlason et al. [45] the AGES-Reykjavik, MICCAI 2017 CNN autoencoder 77.0,67.0 64.0,40.0
Wang et al. [30] MICCAI 2008 adaptive sparse Bayesian model 42.0 NA
Gessert et al. [49] their own datasets two-path CNNs 65.6,65.2 73.1,79.4

Proposed study eHealth, UMCL

Mask R-CNN with proposed ROI detection 84.90,81.86 73.75, 70.88

proposed method detected successfully MS lesions on MR images,
including small ones. In addition, many previously proposed
studies on MS lesion detection were evaluated and a short survey
study was conducted on the previous studies.

The contributions of this study can be summarised as follows.
(1) In this study, which was proposed for the detection of MS
lesions on MR images, performance comparison was conducted on
the ResNet50 and ResNetl0l backbones. As a result of
experimental studies, Dice similarity was achieved as 84.9% by
using the MC-R101 Mask R-CNN model modified using
ResNet101. (ii)) We improved the ROI detection stage with RPN in
the Mask R-CNN for adaptation in different lesion sizes. (iii) A
computer-aided decision support system to assist physicians for the
detection of small lesions such as MS is presented as a secondary
tool. (iv) Speed performance tests were also conducted for the
proposed MC-R50 and MC-R101 Mask R-CNN models for single
GPU and double GPU hardware structures. With the performance
tests, the most efficient operating structure for the double GPU was
determined and the results have been revealed. (v) As a dataset in
follow-up structure where MS patients can be followed up
periodically was used within the scope of the study, a method that
allows decision making by evaluating MR images of different
people at different times was developed. (vi) In the study, the
change of the operating speed according to the iteration number,
number of GPUs and the number of IPG of Mask R-CNN
architecture was evaluated. It was figured out that the structure
operates with relation to BS calculated from the combination of
these values. In calculating the optimum point for the efficiency of
the study, it was showed that the processing time per image
decreases as the BS increases.

In the following studies, it is planned to create a dataset from
MR images obtained from different resolutions, sizes and scanners
for achieving high detection performance. In addition, tests in
different configurations can be performed on a standard dataset to
achieve results on multi GPU and GPU performance. Moreover,
further studies can focus on increasing the detection performance
of MS lesions with a new model without limitations of the Mask R-
CNN model. Besides, it is planned to conduct periodic studies on
MS follow-up on dataset.
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