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Abstract

Artificial intelligence algorithms have been used in a wide range of applications in clinical aided diagnosis, such as automatic MR
image segmentation and seizure EEG signal analyses. In recent years, many machine learning-based automatic MR brain image
segmentation methods have been proposed as auxiliary methods of medical image analysis in clinical treatment. Nevertheless,
many problems regarding precise medical images, which cannot be effectively utilized to improve partition performance, remain
to be solved. Due to the poor contrast in grayscale images, the ambiguity and complexity of MR images, and individual
variability, the performance of classic algorithms in medical image segmentation still needs improvement. In this paper, we
introduce a distributed multitask fuzzy c-means (MT-FCM) clustering algorithm for MR brain image segmentation that can
extract knowledge common among different clustering tasks. The proposed distributed MT-FCM algorithm can effectively
exploit information common among different but related MR brain image segmentation tasks and can avoid the negative effects
caused by noisy data that exist in some MR images. Experimental results on clinical MR brain images demonstrate that the
distributed MT-FCM method demonstrates more desirable performance than the classic signal task method.
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Introduction

In recent years, the development of medical imaging technol-
ogies, such as computed tomography (CT) scanning, positron
emission tomography (PET) scanning, and magnetic reso-
nance imaging (MRI), have revolutionized diagnostics.
Modern clinical diagnosis tends to have the advantages of
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accuracy, precision, dynamism, microquantization, automa-
tion and noninvasiveness. Medical imaging technologies,
which provide images of the anatomy structure of the human
body, have become important in modern clinical diagnosis.
Currently, many artificial intelligence technologies have been
applied to medical image processes, such as MR image seg-
mentation, lesion area extraction, and 3D reconstruction, to
assist doctors in qualitatively and quantitatively analyzing le-
sions and specific areas and in facilitating the development of
medical diagnoses.

Multimodal medical imaging technologies, such as PET/
MR and PET/CT, have been proposed to improve the quality
of medical images and to overcome some disadvantages of
existing medical images. Many MR sequences can be
achieved by one-time scanning, such as free induction decay
(FID), the Dixon method, and R2*. Among these sequences,
ultrashort echo time (UTE) imaging can effectively extract
bone from air, and the Dixon-based approach can divide soft
tissue into fat and water components [1-3]. In addition, these
multimodal images could also facilitate the understanding of
brain diseases and disorders such as Alzheimer’s disease,
Parkinson’s disease, and autism. Since only limited knowl-
edge can be exploited from a single subject’s medical image,
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however, many disadvantages remain in traditional segmenta-
tion methods. To overcome this challenge, we employed a
multitask learning and clustering algorithm to extensively le-
verage knowledge common among image segmentation tasks
on different patients.

Clustering algorithms, which are commonly recognized as
unsupervised learning preprocessing methods, are widely
used in image segmentation, data mining, file recovery and
pattern classification [4]. With the rapid development of tech-
nology and the appearance of new demands, many multiview
clustering algorithms [5-8], transfer-learning clustering algo-
rithms [9, 10], multitask clustering algorithms [11, 12], and
subspace clustering algorithms have been proposed to chal-
lenge the disadvantages that exist in classic clustering
methods. Multitask clustering algorithms, which transfer
knowledge across related tasks, are widely applied to improve
the clustering performance on single, related tasks. While only
limited information can be exploited from the cluster structure
of a single dataset, for example, bone tissue is not easy to
segment in MR brain images, the multitask clustering method
can improve the clustering performance of each task by
leveraging knowledge across related tasks.

Since MR images of different subjects are obtained by the
same scanning process, much common information could be
exploited among those MR image segmentation tasks. To uti-
lize the related information and to improve the segmentation
performance, a novel distributed multitask fuzzy c-means
(MT-FCM) clustering algorithm, which can extract common
and individual information from multitask data, is adopted to
complete the MR image segmentation tasks. In general, the
contributions of our research in this manuscript are summa-
rized as follows:

1) Considering the advantages of multitask learning, the dis-
tributed MT-FCM algorithm achieves better performance
both in metrics and visualization performance compared
with each single MR image segmentation task.

2) The public cluster centroids representing related informa-
tion of different tasks are shared, which avoids the nega-
tive effect of noise that exists in raw data instances.

3) The simple sampling strategy is applied in our distributed
MT-FCM segmentation algorithm, which can reduce the
clustering time consumption and facilitate the practicabil-
ity of our algorithm.

The remainder of this paper is organized as follows. In
Section 0, the classic fuzzy c-mean algorithm and the multi-
task learning strategy are briefly introduced. In Section 0, the
proposed distributed multitask fuzzy c-means algorithm and
the details of the MRI dataset used in the experiment are
introduced. The corresponding experimental results and dis-
cussion are illustrated in Section 0. Section 0 gives the
conclusion.
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Related work
Fuzzy C-means clustering

JC Bezdek et al. [13—15] proposed the fuzzy c-means (FCM)
clustering method to divide target data into several categories.
The FCM algorithm aims to maximize the interclass separa-
tion and minimize the intraclass variance. Let X = {x;| x; €Rr’,
j=1, ..., N} denote a given dataset consisting of N data in-
stances, and d and N signify the data dimension and data
capacity, respectively. Suppose C (1 < C< N) potential clus-
ters exist in this data set. The framework of the FCM algo-
rithm can be formulated as follows:

C N
ik (JFCM“* =52

~.

uZ?ijvl-Hz) S.t.0<u;<1 and él uj=1

(1)

where is the cluster centroid matrix,; denotes the membership
matrix, and each signifies the fuzzy membership of data in-
stance to cluster centroid; and is the fuzzy index.

Using Lagrange optimization, the updated equation of
membership and cluster centroid in Eq. (1) can be separated as
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Multitask learning strategy

Multitask learning [16] utilizes transferring knowledge across
related tasks to improve the learning performance of each task.
Four types of transferring information exist in multitask learn-
ing, i.e., transferring information of raw data instances
[17-19], transferring information of parameters [20], transfer-
ring knowledge of features [3] and transferring information of
relational knowledge [1, 2, 21].

Raw data instances in different tasks reflect the direct in-
formation of each task, which may include some noisy infor-
mation, especially in MR image data, and can lead to negative
learning across tasks. Given the feature transferring strategy,
which requires that each task achieves a shared feature space
and that the same set of centroids are shared in all tasks, and
the parameter transferring strategy, which assumes that some
parameters are shared in models for related tasks, we adopt the
transferring knowledge of the relational knowledge strategy to
exploit information among each task.
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A distributed multitask fuzzy C-means
algorithm for MR brain image segmentation

As a classical data-driven space partitioning method, the FCM
algorithm has attained great success in different applications
in finding the fuzzy partition corresponding to the antecedents
of fuzzy systems. However, the classical FCM algorithm was
only developed for the traditional single-task clustering scene.
It cannot be directly utilized to handle all the datasets in a
multitask scene simultaneously. The commonly adopted solu-
tion is to use the FCM algorithm to independently cluster the
data of different tasks. This process makes it difficult to find
the common information of all the involved tasks as well as
the individual information of each task by using the classical
FCM algorithm. To improve the modeling performance for
the multitask scene, a co-learning framework between differ-
ent tasks based on the above common and individual informa-
tion of different tasks is exploited. Hence, new FCM algo-
rithms for multitask fuzzy systems modeling are proposed,
and they represent very valuable work in the field. In the
following subsection, the novel distributed multitask FCM
algorithm is presented.

A distributed multitask fuzzy C-means algorithm

For a multitask clustering problem, given a multitask dataset
containing K tasks {7" 1, Tz, e, TK}, each task corresponds to
a dataset with IV, data samples, denoted as XF= xXi wi=1,
..., Ni}, where x;, LER

To extract the common information and to mine the indi-
vidual information from the multitask data, we redesign two
new objective functions based on the FCM algorithm by in-
troducing multitask learning mechanisms. In this paper, the
objective function of multitask fuzzy c-means clustering algo-
rithm (the MT-FCM algorithm), is proposed,. The objective
function of the MT-FCM algorithm is defined as:

min J -
pon S ur-rem
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In this objective function, X; , represents the ith data sample
of the kth task; X; represents the ith data sample of the dataset

containing the data samples of all the tasks; U, = [sz,k} Con
kXN

is the private fuzzy partition matrix of the kth task; V; =
[V]ﬁk, ...,Vck,k} is the private cluster center of the kth task; R
= [rl, e r,;,} is the set of public fuzzy partition matrices for
all tasks; O =[oy, ..., 0p] is the set of public cluster center for

all tasks; and A\, and )\, are two balance parameters to control
the influence of different terms. The parameters \,(\, > 0) and
Ap(Ap, > 0)can be determined by using the grid search strategy
or the cross-validation strategy. In this study, we used the grid
search strategy to obtain the optimized values of these two
parameters.

Remark 1 From the proposed objective function of the MT-
FCM algorithm, i.e., Eq. (4), we can obtain the following
observations: (1) the first term actually uses the classical
FCM objective function to learn the private fuzzy partition
matrices and the cluster centers for different tasks indepen-
dently. (2) The second term uses the FCM objective function
to learn a common fuzzy partition matrix and a cluster center
matrix for the data of all tasks. (3) The third term is a term to
measure the difference between the private clusters of differ-
ent tasks and the public clusters of all tasks. Its purpose is to
make the individual information (the private cluster centers of
each task) as different as possible from the common informa-
tion (the public cluster centers of all tasks). By integrating the
above three terms in Eq. (4), a novel multitask fuzzy c-means
clustering algorithm is proposed.

Next, we can solve Eq. (4) to obtain the optimal solution
for multitask FCM clustering. Accordingly, the Lagrangian
function of Eq. (4) can be expressed as:
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Then, we can derive the following update equations as the
learning rules for the solution variables of our multitask FCM
clustering:
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According to the update equations above, the algorithm of
the distributed MT-FCM algorithm can be summarized as fol-
lows. The workflow of the distributed MT-FCM algorithm is
shown in Fig. 1.

clustering algorithm. In the near future, we will try to address
the more challenging application of multitask clustering where
the numbers of clusters in different tasks are assumed to be
unknown.

Algorithm: MT-FCM

Step 1 Given K

tasks, the number of private -clusters

C, (2<C,<N,) for N, sample points in the kth task,

the number of public clusters PQ2<P<N) for N

sample points of all tasks, the convergence threshold
¢, the fuzzy index m , the balance parameters
A,(4,>0), 4(4, >0) and the maximum number of
iterations 7 , initialize the private cluster center
Vik for each task and the public cluster center 0 »

for all tasks; Set the initial value of iteration number

s=1.
Step 2

for each task.
Step 3

for each task.
Step 4
Step 5
Step 6

Update the private fuzzy membership u

Update the public fuzzy membership

(s+1)
ik

using (6)

Update the private clustering centers v';” using (7)

(s+1)
ip

using (8).

Update the public cluster centers o(*" using (9).

P

If [J¢Y=J9<¢ or if the number of iterations [>T,

then terminate; otherwise, let /=/+1 and go to step 2.

Remark 2 Although the abovementioned MT-FCM clustering
algorithm is a promising method to solve the problem of mul-
titask clustering and to extract the common information of all
tasks and the individual information for each task, there are
still a few weaknesses as follows: i) The objective function
essentially contains two parts, i.e., the first and the second
terms, to realize the clustering. One part completes the local
clustering for each task, and the other part obtains the global
clustering for all tasks. Both parts work on the original data x
in different tasks and do not use any advanced clustering in-
formation; ii) Although the third term is effectively used to
control for the differences between the private clusters of dif-
ferent tasks and the public clusters of all tasks, it is not a trivial
matter to control it in practical applications; iii) Two balance
parameters, A\, and \,, must be adjusted, which leads to a high
computational cost to optimize these parameters; iv) The com-
putational complexity of the proposed MT-FCM algorithm is

K K .
O(TK Y (NkCy) + TK Y (Cy) + TNP + TP), where T
k=1 k=1

is the maximum number of iterations. In theory, the speed of
the proposed multitask fuzzy c-means clustering algorithm is
slow compared to that of the corresponding non multitask
clustering algorithms; v) The number of clusters for different
tasks is assumed to be known for our proposed multitask
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UTE-mDixon PET/MR brain images

The ultrashort echo time (UTE) and the modified Dixon PER/
MR [22-26] brain image datasets in our work consist of three
different sequences, i.e., Dixon (fat only), Dixon (water only),
and R2*, from six patients. Each MRI dataset was composed
of 256 image slices with a resolution of 256 x 256 pixels.
Fig. 2 images show the original images with Dixon-fat,
Dixon-water, and R2* of one patient, which are utilized as
the inputs in the MT-FCM clustering algorithm.

Experimental results
Setup

In a medical image segmentation process, the data capacity
can be up to several million data instances. To promote the
feasibility of the algorithm, a simple sample strategy is applied
in the process of the clustering algorithm, and the labels of the
leftover data instances are achieved by a k-nearest neighbor
strategy. In addition, the sampling strategy is designed to guar-
antee consistency in each algorithm to ensure the fairness in
the quality of the random data. All metrics are reported after
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Fig. 1 Workflow of the distributed MT-FCM algorithm

ten runs of each method under each parameter set to measure
the robustness of the sampling strategy and the algorithm’s
performance.

To illustrate the effectiveness of our proposed MT-FCM
MR brain image segmentation method, the classic single task
FCM (ST-FCM) algorithm has been adopted as a comparison.
The parameter settings of each algorithm are shown as fol-
lows: For the ST-FCM algorithm, the fuzzy index is set within
the set {1.1: 0.1: 2.5}. For our MT-FCM algorithm, the regu-
larization parameters )\, and )\, are both set within the set
{1076, 107°,...,10°, 106}. In our experiment, all the parameters
can be determined by using a grid search strategy. All data
were normalized to the interval [0, 1] before they were used in
the experiments.

Fig. 2 UTE-mDixon MR images

(a) Dixon (fat only)

Private

Cluster centroids

Segmentation

Result of

Task 1

Public

Cluster Centroids

While it is impossible to obtain a precise ground segmen-
tation reference of each MR image, we generate a pseudo-CT
image [26, 27] for each MR image by assigning the HU value
based on the partition results of each algorithm to each seg-
mented tissue. To illustrate the segmentation performance, we
compared the pseudo-CT with the real CT corresponding to
each MR brain image. Three validity metrics, such as the root
mean square error (RMSE), the mean absolute prediction de-
viation (MAPD), and R [26], were used for the performance
comparisons. Values of RMSE and MAPD close to 0 and
values of R close to 1 indicate better performance. All exper-
iments were conducted using a PC with an Intel Core 154590
3.30 GHz CPU, 12 GB of RAM, Microsoft Windows 10 (64
bit), and MATLAB R2016a (64 bit).

(c) R2*

(b) Dixon (water only)

@ Springer



118 Page 6 of 9

J Med Syst (2019) 43: 118

Table 1 Performance comparison of the ST-FCM algorithm and the MT-FCM algorithm on the MR brain image segmentation tasks
Dataset RMSE MAPD R Time/s
ST-FCM  MT- ST-FCM  MT- ST- MT- ST-FCM MT-FCM
FCM FCM FCM FCM
Single Task ~ Task Group
Patient 1 mean 201.1027 189.6785 110.9121 100.3061  0.8539 0.8641 5.6195 18.4832 25.5543 (+0.0253)
std 20.9535 2.4836 16.0934 0.8042 0.0219 0.0036 0.0550
Patient2 mean 260.9469 240.4876  141.3902 128.0083  0.7293 0.7763 6.9606
std 37.5130 0.5351 20.2085 0.4361 0.0786 0.0018 0.0641
Patient3 ~mean 2052662 202.2946 119.8958  110.7344  0.8244 0.8368 5.9031
std 26.9673 12.0157 15.9854 8.2126 0.0429 0.0038 0.1199
Patient4 mean 2329017 220.0795 137.7546 128.4882  0.8357 0.8548 6.2912 19.2462 21.2721 (£0.2948)
std 25.3690 8.9339 17.3646 54113 0.0234 0.0035 0.3383
Patient 5 mean 2389699  239.7784  123.9699 124.6259  0.7974 0.8099 6.8111
std 12.3890 0.9607 114116 0.8624 0.0193 0.0010 0.2254
Patient 6 mean 220.5533  205.0513 131.7083 115.4866  0.7766 0.7974 6.1439
std 11.6982 18.8061 42225 7.8481 0.0184 0.0422 0.1489
Patient7 mean 1944721 192.0314 109.5634 1052172  0.8498 0.8524 5.6243 17.8680 20.1923 (£0.2701)
std 15.9285 0.8189 11.9622 0.5263 0.0179 0.0013 0.0865
Patient 8 mean 249.3192 238.7492  127.1932  120.3547  0.6956 0.7549 5.9084
std 39.3816 4.4959 23.2347 3.7403 0.0971 0.0001 0.2253
Patient9 mean 2104900 194.4711  120.2374 111.2510  0.8767 0.8916 6.3353
std 17.5452 1.4472 12.9469 1.2883 0.0149 0.0010 0.1953

Bolds entries denote the best results obtained by the adopted methods on the given tasks

Results and discussion

There were nine patients in the dataset. Table 1 shows the
experimental results of the comparison between the ST-FCM
algorithm and the MT-FCM algorithm, including the means
and standard deviations of the RMSE, MAPD and R values.
Table 2 illustrates the best parameter settings of the proposed
two methods for all datasets.

From the results of Table 1, it is obvious that the proposed
MT-FCM algorithm achieves relatively high metrics for

Table 2 The best parameter settings for the proposed two methods for
all datasets
Dataset Parameters
ST-FCM MT-FCM
Fuzzy index regularization regularization
m parameter )\, parameter \;
Patient 1 1.5 1.00E-04 0.01
Patient 2 1.2 0.001 0.1
Patient 3 1.7 0.1 100
Patient 4 1.6 10,000 1.00E-04
Patient 5 1.6 0.01 0.01
Patient 6 1.9 0.01 100
Patient 7 1.5 1 100
Patient 8 1.7 0.001 1
Patient 9 1.3 10 10

@ Springer

transferring knowledge of different tasks. However, during the
MT-FCM clustering process, more time is required to exploit
the knowledge from each task, such as the public fuzzy partition
matrix and the public cluster centers; the amount of time con-
sumed by the MT-FCM algorithm is slightly higher than the
sum of the amounts of time consumed by each task by the ST-
FCM algorithm. Based on the partition results, a fixed linear
attenuation coefficient (LAC) is assigned to each corresponding
tissue type, and the pseudo-CT images are shown in Fig. 3.

Table 1 and Fig. 3 illustrate the segmentation performance
of the single-task FCM and multitask FCM algorithms, and
the following can be analyzed:

1) Compared with the classic single-task FCM algorithm,
the proposed multitask FCM algorithm demonstrates bet-
ter segmentation performance from the metric value. In
addition, the lower standard deviation of the three metrics
indicates that the MT-FCM algorithm is more robust
based on the parameter settings.

2) From the visualization results of the pseudo-CT images,
the MT-FCM algorithm could distinguish different tissue
types, such as bone, soft tissue and air, more precisely
than the classic FCM algorithm.

3) Considering the advantage of knowledge among related
MR segmentation tasks, the MT-FCM algorithm could
partition different tissue types more precisely and avoid
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Fig. 3 Pseudo-CT images from

the ST-FCM and MT-FCM algo- Reference Reference
rithms for Patient 1 and Patient 2 CT CT
Pseudo- Pseudo-
CT by the CT by the
ST-FCM ST-FCM
algorithm algorithm
Pseudo- Pseudo-
CT by the CT by the
MT-FCM MT-FCM
algorithm algorithm
Patient 1 Patient 2
600 T T
250 ' ' —6—MAPD
—#— RMSE
200 - 7 MPD
450 - R@) |
150
100 b —5— MAPD 300 - B
—4&— RMSE
50 MPD
R(2) 150 o 4
ok 1 _
-50 1 of 4
oo ﬁE/ﬁ'\ﬁ/‘ﬁ'\‘}_’_ﬁ\1:7 |
150 J
-150 | 1
-200 : . 2300 ; L - I - ‘0 | .
4 2 0 2 10" 10" 10° 10 10" 10
10 10 10 10 b
Aa
(a) (b)
600 600 T T
-] —5— MAPD
—&— MAPD
500 RMSE | 1 500 —#*—RMSE 1
MPD MPD
400 [ RQ) b 400 R(2) 7
300 : 300 B
200 /e\e\e/ 200 ]
100 ¢ 1 100 | b
0 0
5
-100 \%/*//ﬁ\ 100 | .
K X
-200 1 -200 g
300 s . . -300 . . . .
1073 1072 107 10° 10" 1073 1072 107 10° 10° 102
Aa Ab

(c) (d)
Fig.4 Parameter analysis of KTOFC-MRAC with respect to parameters 3 andy. (a) A, VS Patient 3; (b) A\, VS patient 3; (c) A\, VS patient 8; (d) A\, VS
patient 8
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some of the negative effects caused by noisy data in a
single dataset. Therefore, the pseudo-CT images generat-
ed by the MT-FCM algorithm demonstrate a clearer and
more complete picture.

Sensitivity analysis

To completely demonstrate the reliability of our proposed meth-
od, we have also assessed the parameter robustness of our pro-
posed MT-FCM method with respect to the core parameters,
i.e., the regularization coefficients A\, and )\, involved.
Figs. 4(a) and 4(c) illustrate the sensitivity of parameter )\, with
respect to the two patients’ results, which indicate that the pro-
posed MT-FCM method is relatively stable with respect to this
parameter. Figs. 4(b) and 4(d) show that our method is also not
very sensitive to the regularization parameter \,.

From the above, we know that our proposed MT-FCM
method is relatively stable when the core parameters are lo-
cated within proper ranges.

Conclusions

In this paper, a multitask fuzzy c-means clustering algorithm is
adopted for multiple MR image sequence segmentation. Our
proposed method can take advantage of exploiting common
knowledge among related tasks to improve the segmentation
performance of each task. According to the segmentation re-
sults, as illustrated by three metrics and the pseudo-CT im-
ages, the proposed MT-FCM algorithm achieves competitive
performance over the classic single-task FCM algorithm. In
general, the contribution of this paper is as follows: 1) The
multitask clustering algorithm can effectively utilize the infor-
mation common among related tasks to improve performance
in the MR brain image performance. 2) The MT-FCM algo-
rithm can take advantage of extracted knowledge rather than
raw data in related tasks to improve the clustering perfor-
mance and avoid the negative effects caused by noisy raw data
in MR images. 3) The simple sampling strategy is applied in
our MT-FCM segmentation algorithm, which could reduce the
clustering time consumption and facilitate the practicability of
our algorithm. However, our proposed method requires more
runtime to adjust the regularization parameter than the classic
FCM algorithm, which may become a hamper in clinical ap-
plication. In our future work, we will focus on optimizing the
parameter settings and applying our method to more challeng-
ing MR images, such as those of the abdomen.
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