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Abstract To effectively and efficiently reduce the trans-
mission costs of large medical image in (mobile) telemedi-
cine systems, we design and implement a professionally
user-adaptive large medical image transmission method
called UMIT. Before transmission, a preprocessing step
is first conducted to obtain the optimal image block (IB)
replicas based on the users’ professional preference model
and the network bandwidth at a master node. After that, the
candidate IBs are transmitted via slave nodes according to
the transmission priorities. Finally, the IBs can be recon-
structed and displayed at the users’ devices. The proposed
method includes three enabling techniques: (1) user’s pref-
erence degree derivation of the medically useful areas, (2)
an optimal IB replica storage scheme, and (3) an adaptive
and robust multi-resolution-based IB replica selection and
transmission method. The experimental results show that
the performance of our proposed UMIT method is both
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efficient and effective, minimizing the response time by
decreasing the network transmission cost.

Keywords Medical image - Multi-resolution - Mobile
telemedicine system - Image replica - User-adaptive

1 Introduction
1.1 Motivations

Telemedicine is the use of medical information exchanged
from one site to another via electronic communications to
improve, maintain, or assist patients’ health status [1]. Tele-
medicine system (7) is a rapidly developing application of
clinical medicine, where medical information (e.g., medi-
cal image) is transferred through the Internet and other net-
works for the purpose of remote medical procedures, con-
sulting, and examinations. Compared with the traditional
face-to-face interaction of patients and physicians, with
the aid of the TS, patient diagnosis in the remote (rural)
areas can be conducted conveniently with lower costs. With
recent advances in mobile network and medical technolo-
gies, mobile telemedicine systems (M7S) have emerged to
deal with medical diagnosis, treatment, health monitoring,
etc. Compared with the traditional 7Ss, MTSs have three
main characteristics: (1) Mobility of users: most users
using MTS are constantly moving, which means the spatial
position of each user varies with time; (2) Lower process-
ing capability: the processing and battery capacities of the
most mobile client devices (e.g., cell phone, PDA, etc.) are
limited, which motivates us to devise a energy-efficient
technique to support image transmission with optimized
costs; (3) Instability and heterogeneity of mobile networks
(MN): MN for MTS is often instable that means some nodes
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may be down or connected intermittently to the network,
and the bandwidth between any two nodes may vary with
time.

Patents’ medical images are a key basis to facilitate diag-
nosis. For the transmission and browsing of large medical
images in TSs, network transmission cost of such images
accounts for a large percentage of the overall interaction
time [2]. Therefore, the reduction of transmission cost,
especially in the MTSs, is very critical to the overall perfor-
mance improvement. To achieve this, a scalable, high-
throughput, location-based transmission scheme is gener-
ally required [3]. For physicians in different departments,
however, they have different professional preferences' to
the medical images that include different lesion organs,
corresponding to regions in the images called medically
useful area (MUA)s. For example, for a medical image,
including two lesion organs (e.g., lung and liver), in most
cases, it is natural for a physician from the respiration
department to pay much attention to the lung than the liver
and the rest of the image called non-MUA. Therefore, to
effectively reduce the total transmission cost, the pixel res-
olutions of the MUAs and the non-MUA can be moderately
adjusted, provided that will not affect the image examina-
tion. In this case, the pixel resolution of the MUA replica of
the liver organ can be relatively lower than that of the lung
and the non-MUA. Thus, the total image data size can be
effectively reduced to optimize the total transmission cost
accordingly. In addition, as different receivers (i.e., physi-
cian) have different users’ preference degree (UPD)s for the
different MUAs in an image, the MUASs that have higher
UPDs can be transmitted with higher pixel resolutions and
transmission priorities. Although considerable amount of
research efforts has been carried out on image transmission
[4-7], most of them focused on two ways without consider-
ing the special requirements of medical applications as
mentioned above: (1) improvement of the data transmission
protocol [4-7, 10, 18]; and (2) content-based image data
compression [8, 9, 11-17]. The data transmission efficien-
cies of these two approaches are limited, because the
response time is linearly increasing with the size of the
transferred file. To the best of our knowledge, a little
research has been touched on the medical image transmis-
sion performance improvement from both of the two per-
spectives: the image content and user’s professional
preferences.

To address these aspects, we devise a user-adaptive med-
ical image transmission (UMIT) scheme that not only con-
siders the image content and the network bandwidth, but
also the physicians’ professional preferences. In particular,
exploring the users’ professional preferences to speed up

! Strictly speaking, the professional preference refers to the organ(s)
that a physician is specialized (or interested) in.

@ Springer

the transmission processing and improve user experiences
is a new research direction, which has received a little
attention so far.

1.2 Technical challenges

The technical challenges of designing our high-perfor-
mance personalized medical image transmission method
include the four main aspects:

1. Applying professional preference model to medical
image transmission: a medical image is composed of
some salient objects (i.e., MUA) with UPDs varying
for different users, and their transmission pixel reso-
lutions are proportional to their UPDs. The question
is how to establish a relationship between MUAs and
users’ preferences?

2. High computation cost in medical image transmission:
most of medical images are characterized by high pixel
resolution, high dimensional, and large scale. There-
fore, the computation and transmission costs of such
medical images are very high.

3. Mobility of MN users: as most users in the MN are con-
stantly moving, which means the spatial position of
each user varies with time. Therefore, how to perform
an optimal data placement is also a challenging issue.

4. Instability and heterogeneity of the MN: the nodes in
the MN are instable that means some nodes may be
down or connected intermittently in the network. The
bandwidth between any two nodes in the MN may vary
with time. There is no guarantee that the total response
time of each transmission will be similar.

1.3 Contributions

To address the above challenges, we have implemented the
UMIT method and the contributions of this paper can be
summarized as follows:

e We introduce a framework of a user-adaptive medical
image transmission scheme in mobile telemedicine sys-
tems (UMIT).

e We propose a user’s professional preference model to
support UMIT processing.

e We present three enabling techniques, namely, UPDs
derivation of the MUAs, optimal IB replica storage
scheme, and adaptive and robust transmission scheme
to progressively reduce the communication cost in the
MN environment and improve users’ experiences.

e We conduct extensive experimental studies to evaluate
the effectiveness, efficiency, scalability, and robustness
of our proposed method for medical image transmis-
sion.
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The remainder of the paper is organized as follows. Sec-
tion 2 reviews related works and Sect. 3 presents pre-
liminary definitions and system overview. In Sect. 4, we
introduce a user’s professional preference model. Three
enabling techniques are presented to facilitate the user-
adaptive medical image transmission processing in Sect. 5.
After that, we propose an image transmission scheme
called the UMIT in Sect. 6. In Sect. 7, we perform compre-
hensive experiments to evaluate the efficiency of our pro-
posed approach before we conclude the paper in the final
section.

2 Related work

Image data transmission techniques have been extensively
studied for about 20 years [4-9]. The state-of-the-art meth-
ods can be mainly divided into two categories: (1) improve-
ment of transmission protocol [4-6, 9, 10, 18]; and (2)
image data encoding and compression [8—17].

Charles et al. [4] first presented a wireless image data
transmission method from end to end, and provided some
experimental analysis. John et al. [5] proposed a fast lossy
Internet image transmission scheme for images which
eliminates retransmission delays by strategically shielding
important portions of the image with redundancy bits. After
that, Raman et al. [6] proposed an image transmission pro-
tocol called ITP. Comparing with the traditional TCP pro-
tocol, the ITP is more suitable for image data transmission.
Packet losses just decrease the quality of image or video
in multimedia applications. Robustness to packet losses
is crucial to high-quality image transmission in Inter-
net or wireless channels, where data loss often happens.
Based on compressive sensing, Gao et al. [10] proposed a
robust image transmission scheme for wireless channels.
Since high packet error rates and the need for retransmis-
sion make it inefficient in terms of energy and bandwidth,
recently, Aziz et al. [18] have designed a novel architecture
and protocol for energy-efficient image processing and
communication over wireless sensor networks.

Chang et al. [11] presented a progressive image trans-
mission (PIT) scheme, which transmits the most significant
portion of a picture, followed by less important parts. Lin
et al. [8] presented a compound image compression algo-
rithm for real-time applications of computer screen image
transmission called shape primitive extraction and coding
(SPEC). Ruiz et al. [9] designed an image compression
algorithm to support progressive image transmission. Avail-
able PIT mechanisms and systems can be categorized into
spatial domain [12] and pyramid-structured progressive
transmission [15]. A progressive image transmission in the
spatial domain is called the bit plane method (BPM) [14,
16], in which the final transmitted image is the same as the

original. However, its high transmission bit rate is a major
disadvantage. Due to the drawback of BPM, lossy PIT
techniques have received more attention. To provide a fast
PIT scheme, Chang et al. [13] improved the BPM method
called the guessing by neighbors (GBN), in which fifty per-
cent of the pixels are transmitted, while the other fifty per-
cent were “guessed”. Based on the Reed—Solomon coding,
Pinar et al. [17] designed a robust image transmission over
wireless sensor networks. Sun et al. [19] proposed a pro-
gressive image transmission system over wireless channels
by combining joint source—channel coding (JSCC), space—
time coding, and orthogonal frequency division multiplex-
ing (OFDM). Victor et al. [20] devised a 3D scalable medi-
cal image compression method with optimized volume of
interest coding. Recently, Arslan et al. [21] have proposed a
generalized unequal error protection LT codes for progres-
sive data transmission.

Besides image transmission, Hoppe [23] introduced a
new progressive mesh (PM) scheme for storing and trans-
mitting arbitrary triangle meshes. Teler and Lischinski
[24] proposed a streaming method of complex 3D scenes
for remote walkthroughs. Rusinkiewicz and Levoy [25]
designed a viewer for networked visualization of large,
dense models. Gu et al. [26] proposed to remesh an arbi-
trary surface onto a completely regular structure called
geometry image. Bischoff and Kobbelt [27] proposed a
robust approach for broadcasting of geometric data. Lam-
berti and Sanna [28] introduced a streaming-based solution
for remote visualization of 3D graphics on mobile devices.
Cheng et al. [29] proposed an analytical model for progres-
sive mesh streaming. Kumarl and Mishra [30] presented a
3D object transmission scheme over the Internet using 2D
image streaming technology.

In our previous work [22], we have proposed a content-
aware and multi-resolution-based medical image trans-
mission scheme, in which only two factors, image content
and network bandwidth, are considered for optimizing
the transmission. Different from the above state-of-the-
art methods, this paper proposes a user-adaptive medical
image data transmission method, in which the three factors,
i.e., the receiver users’ professional preferences, the image
content, and network bandwidth, are holistically analyzed
to obtain optimized transmission pixel resolution for differ-
ent IBs. To the best of our knowledge, this is the first work
to improve the transmission performance from the per-
spectives of the user’s professional preferences on image
contents.

3 Preliminaries and system overview

The list of symbols to be used throughout the rest of this
paper is summarized in Table 1.
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Table 1 List of notations

Symbol Description

Q A set of medical images

Q) The medical images in the jth local slave node

I A transmission medical image and Is € 2

MUA; The ith MUA in a medical image and i € [1,|MUA|]

R The rest of the image I (i.e., non-MUA)

IF Image fragment (i.e., MUA and R)

1B Image block

dpi Dots per inch

Dy,Dy The lower and upper bounds of the dpi, respectively

EL Ey The lower and upper bounds of the network bandwidth, respectively
UPPV User professional preference vector

PUS Pivot user set

UPD User preference degree

m The number of organs(or professional preferences)

IMUA| The number of MUAs in an image

h The number of pivot users

Ur A receiver user

Ui) The jth pivot user and j € [1, h]

A Granularity value both for network bandwidth and the image pixel resolution

Definition 1 A mobile network (MN) is a graph that is
modeled by a triplet:

MN := (N,E,T) (1

where N refers to the set of nodes and E refers to a set of
edges representing the network bandwidths for data trans-
mission at time 7.

As the data and message communication in an M7S is
based on an MN environment, due to the instability and
heterogeneity of the MN environment, the bandwidth of
any two nodes in MN may be different and varies with
time. In addition, the data transmission distance in an MN
is limited.

Definition 2 The nodes in MN can be logically divided
into three categories: master nodes (Ny), slave nodes
(Ns), and receiver nodes (Ng), formally denoted as
N = Ny U Ng U Ny, where

— Ny is responsible for: (1) transmission request routing,
and (2) collecting and analyzing the network bandwidth
and receivers’ information for optimal transmission
pixel resolutions of IB replicas;

— Ng is responsible for: (1) storing the IB replicas with
different pixel resolutions and transmission priorities,
and (2) sending the replicas to the receivers; and
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Mobile
phone

PDA

ﬁ Tablet PC

Receiver node layer

Master node layer

Slave node layer

Fig. 1 Three-layer architecture in a 7S

— Np is responsible for receiving and reconstructing the
IB replicas at the receiver devices.

As shown in Fig. 1, for the slave nodes in the MN, they
can be further divided into two types: global slave nodes
(Ngs) and local slave nodes (Ng).

Definition 3 (Global Slave Node) A global slave node,
denoted as Ngs, is a slave node for storing the partial IB
replicas that are not frequently accessed.

Definition 4 (Local Slave Node) A local slave node,
denoted as Nig, is another type of slave node to store the
partial IB replicas that are frequently accessed, Nirg is
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R
M UA, MUA;
M UA,
MUA;

Fig. 2 Four MUAs in a medical image

composed of « slave nodes (N]is), where N]’;S is the ith Nis,
fori €[1, a].

For each image, in most cases, there exist some salient
objects that users are interested in. The regions of such sali-
ent objects are called medically useful area (MUA)s.

Definition 5 A medically useful area (MUA) in an image
can be modeled by a six-tuple:

MUA; := (i, O, S, pos, dpi, pr) )

where i is the ID number of the MUA, O represents the
organ that the MUA corresponds to, S is the area value of
the MUA, pos is the coordinate position of the MUA in the
image, dpi refers to the dots per inch for the MUA, and pr
is the probability that a user is interested in the MUA.

Definition 6 The rest part of an image (R) can be mod-
eled by a two-tuple:

R := (S, dpi) 3)
where S is the area value of the R and dpi refers to the dots
per inch for the R.

Based on Definitions 5 and 6, in Fig. 2, there exist
four MUAs (MUA;, MUA,, MUA3, and MUA,), and one
R(Rp) in the image, in which the corresponding MUA
areas are preliminarily identified by the discriminately
trained deformable part model-based approach [32]. Each

MUA corresponds to an organ. For example, MUA;.O =
“liver”, MUA,.0 = “spleen”, MUA3.0 = “kidney”, and
MUA4.0 = “kidney”. The probabilities that the receiver is
interested in the MUAs of the image are defined by their
corresponding UPDs.

Definition 7 (User Preference Degree) Given an MUA;
in an image and a user Uj, its corresponding user’s prefer-
ence degree (UPD) is the probability that U; is interested
in MUA;, denoted as: UPDMUA;, U;) € [0,1], where
i €[1,|MUA|L

As mentioned before, for a medical image, it can be
equally partitioned into image blocks.

Definition 8 (Image Block) Given an image block IB;, it
can be modeled by a five-tuple:

IB; := (i, S, pos, TP, dpi) 4)

where i refers to the ID number of the IB, S is the area
value of the IB, pos is the coordinate position of the IB in
the image, TP refers to the transmission priority of the IB
and 7P € [0, 1], and dpi means the corresponding pixel res-
olution of the IB.

Figure 3 shows the data flow diagram of UMIT pro-
cessing. The basic idea behind the transmission scheme is
that given a medical image Ig, the pixel resolutions of its
MUASs that are equal to the user’s preference organs with
high UPDs are kept high, and different UPDs correspond
to different pixel resolutions of the MUAs. The resolution
of the rest of the image can be reduced according to other
factors, such as network bandwidth, its corresponding area,
etc. Concretely, first of all, in the preprocessing step of
the UMIT, for each image I;, its corresponding MUAs are
first logically identified and drew manually by users. Then,
the image is physically and equally partitioned into some
blocks, denoted as IB, the IBs in MUASs, and the rest part
are placed at the slave nodes with different pixel resolu-
tions and transmission priorities. As the MUASs are the main
contents of the image, they are critically important to the
UMIT processing, in which their original pixel resolutions
can only be adjusted moderately based on the different

Fig. 3 Data flow chart of the

UMIT processing

MuAs Detection UPDs derivation of
Muas
L «| Robust IB replica
4 transmission
Adaptive IB replica Optimal IB replica
selection scheme storage

Preprocessing step Transmission step
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Table 2 Example of the UPPV

PO Brain
for U;

Lung

Heart Liver Kidney Intestine

Pr 0 30 %

20 % 60 % 10 % 0

UPDs. For the rest of the image, both of its pixel resolu-
tion and transmission priority are lower than that of the
MUAs, so that the main part of the image can be transmit-
ted and displayed in priority. Once the preprocessing step is
completed, the next step is to perform the UMIT process-
ing. Specifically, when a medical image Is is prepared to
transmit, the information, such as user’s professional pref-
erences, current network bandwidth, and receivers’ identity
needs to be collected and analyzed uniformly to derive the
optimal pixel resolutions of the IB replicas for the different
MUASs and the rest part in Is. Then, the candidate IBs are
transmitted to the receiver node (Ng) from the slave ones
(Ns) based on their transmission priorities. Finally, the IBs
are reconstructed and displayed at the receiver nodes.

The goal of our proposed method is to transmit a large
medical image adaptively in the MTSs with minimal data
communication and CPU costs based on users’ professional
preferences.

4 Modeling user’s professional preference

As the first step in the transmission preprocessing step, it
is critically important to model user’s professional prefer-
ences. The basic idea is that for a receiver Ug, his user’s
preferences can be first initialized and derived from his
nearest neighbor pivot users based on their user similar-
ity distance (USD). Therefore, in this section, we first give
a definition of the user’s professional preference vector
(UPPV) in Sect. 4.1. Then, in Sect. 4.2, three approaches
are developed to construct the UPPVs of the pivot users.
Finally, we propose a user’s preference propagation method
to in Sect. 4.3.

4.1 User’s professional preference vector

As mentioned before, for each user Uj;, the corresponding
preference distributions with probabilistic guarantees are
important to facilitate user-adaptive medical image trans-
mission processing. Therefore, as a preprocessing step, it is
critical to build a user’s preference vector for each receiver,
which is defined as follows.

@ Springer

Definition 9 (User Professional Preference Vector,
UPPV) The user’s professional preference vector of a user
Ui, denoted as UPPV, is a vector represented as:

UPPV; = ((PO1, Pry),(PO2,Pry),...,(POy, Pry)) (5)

where i refers to the user ID, PO; is the jth professional
organ(preference), and Pr; is the probability that the user is
interested in PO);.

Note that, for easy illustration, the professional organ
refers to a lesion organ of a disease, a physician special-
izes in. Table 2 shows an example of the UPPV of U;,
in which the probabilities that U; likes different POs are
illustrated.

4.2 UPPVs construction for pivot users

Before introducing the UPPVs construction, the MUAs in
the n images of 2 have been identified and the correspond-
ing organs in the MUAs have been annotated (e.g., “lung”
“heart” etc). For a pivot user, the corresponding UPPV
can be constructed by three approaches, namely, implicit,
explicit, and unified.

e [Implicit approach

e The UPPV model can be implicitly established as fol-
lows: given a pivot user Uf, and the n medical images
I; € @, we first count the times of the corresponding
organs in the MUA accessed in each of the n medical
images. Then, the probability that Ufg is interested in the
kth preference organ can be derived as:

> Limua,.0=Poy}
te[l,|l;.MUA|]
i€[l,nlke[l,m] (6)

S 1. MUA]

Pry =

Finally, we can obtain the UPPV which is represented
as a vector in the following:

UPPV | (U}) = {{PO}, Pry), (PO, Pra) ..., (PO, Pr)}
)
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where POy is the kth preference organ, Pry is the prob-
ability that U{D is interested in POy in Eq. (7), and k €
[1,m].

e Explicit approach Next, we study an explicit approach
to build the UPPV model by using a user’s preference
profile. For the user’s professional preference distribu-
tion, it can be represented by a vector:

UPPV(Uh) = {(POy,pry ), (PO2,prs) ... (PO, pry, )}
®)
where pry, is the probability that user prefers to POy.
e Unified approach Finally, based on the above two
approaches, we propose a unified approach to obtain the

UPPV model by merging the above two vectors, which
is uniformly derived in the following:

2 2
<P0m, Pr%» ©)

4.3 User’s professional preference propagation

: P P
UPPV(U}) = {<P01, M>,<POZ,M>,...,

As mentioned above, for user-adaptive transmission pro-
cessing, it is important to obtain the user’s professional
preference profile information in advance, but we cannot
expect users enter them manually. Therefore, in this sub-
section, we propose a pivot-based user’s professional pref-
erence propagation method.

4.3.1 User similarity distance

Definition 10 A physician can be modeled by a five-tuple:

U; := (i,dep,pos, T, PO) (10)

where i denotes the user ID; T refers to the time; dep
refers to the department that U; is affiliated with, pos is the
location coordinate value of U; who submits image trans-
mission at time T (denoted as pos:= <lon, lat>, where lon
and lat refer to the longitude and latitude values, respec-
tively); and PO means the preference organs that U; is
interested in.

Definition 11  Given two users: U; and Uj, their user simi-
larity distance (USD) can be derived as follows:

> I[PO(U;) N PO(U))|
|[PO(U;) U PO(U))|

D
where U;. dep = U;. dep means U; and U; are in a same
department. PO(U;) means the preference organs that U;
prefers to and the probabilities that U; are interested in
these organs are larger than zero.

Based on Definition 11, smaller the USD is, closer (more
similar) the two users are.

1
USD(U;, Uj) = 1 - 5
{U;.dep=U;.dep}

4.3.2 Learning from user’s preferences

For user Ug, there are two scenarios in terms of the rela-
tionship between Ug and the pivot users. The first scenario
is that Ug is from the pivot user set (PUS); and the second
one is that Ug is not from the PUS.

o Ugfrom PUS

In the first scenario, the preference profile of the receiver
user (Ug) can be easily obtained by matching the user name.

e Ugnot from PUS
In the second scenario, as Uy is not from the PUS, it is not

trivial to infer the corresponding professional preferences
due to data sparsity. So, here, we explain how to derive

& Pivot user

@ Unlabeled receiver user

USD(Ug,U2) = 0.15

USD(Ur,Ub) = 0.3 &4
-——— -

2NN(Ug) = U @ INN(Ug) = U3%
Ur

Fig. 4 PL-based derivation of the UPPV
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Fig. 5 Example of the prob- PO Prob.
ability propagation -
brain 75%
lung 8%
liver 5%
kidney 10%
intestine 2% PO Prob.
(a) Professional preference probability brain 71%
distribution of U2 ’ lung 6.7%
PO Prob. liver 4.3%
brain 63% kidney | 15%
hung 4% intestine 3%
liver 3% (c) Professional preference
kidney 25% probability distribution of Uy
intestine 5%

(b) Professional preference probability

distribution of U},

user’s preferences through the propagation of that from the
pivot ones. To address this problem, we first obtain an ini-
tial preference vector via learning the corresponding neigh-
boring pivot ones with UPPVs already obtained.

The motivations of this method are based on the two
observations: (1) physicians in a same department have simi-
lar professional preferences; (2) beside the organ, a physi-
cian is specialized or interested in, attention is often paid
to nearby organs. Therefore, to obtain the UPPV of each
receiver user, we first propose a pivot-learning(PL)-based
derivation method, in which % users are randomly chosen as
pivot ones. As mentioned above, the corresponding # UPPVs
of these pivot users are obtained previously in Sect. 4.2. The
aim of this method is to derive a UPPV of a user Ug via near-
est neighbor pivot ones in terms of their USDs.

Specifically, let Ug be the receiver user, PO; be the jth
professional preference of Ug, and INN(Ug) and 2NN(Ug)

Pr(Uk is intersted in PO;)
Pr(2NN(Ug) is interested in PO))+ fp - TNn )

be the two nearest neighbor pivot users of Ug. Then, the
probability that the jth professional preference of Ug is
Y can be approximately derived in Eq. (12) based on an
intuition: the more similar the two users are, the higher the
probability that their two corresponding professional pref-
erences are equal.

Pr(2NN(Ug) is interested in PO;) — Pr(Ug is interested in PO;)
Pr(Ug is interested in PO;) — Pr(INN(Ug) is interested in PO;)
USD(Ug,2NN(Ug))
= USD(Ug, INN(Ug))

12)

Solving Eq. (12), the probability that Ug is interested in
the professional preference (PO;) can be represented in the
following:

-Pr(INN(UR) is interested in PO;)

= USDWg.2NN(UR)) | |
USD(UR, INN(Ug)) T

13)

USD(Ug INN(UR)). Pr(2NN(Ug) is interested in PO;)+USD(Ug 2NN(Ug))-Pr(INN(Ug) is interested in PO;)

USD(Ug,2NN(UR))+USD(Ug,INN(Ug))
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where PO; can be professional preference organ, such as
‘heart’, ‘liver’, ‘lung’, etc.

For example, suppose, there are three users (Ug, U },, and
Ulz,) in Fig. 4. The preference distributions of the two pivot
users are shown in Fig. 5a and b. For user Ug, assume that
USD(URU}) = 0.3, and USD(Ug.U3) = 0.15. Therefore, we
have INN(Ug) = Uz and 2NN(Ug) = U}. Based on Eg.
(13), the probability that the Up is interested in ‘/iver’ can
be derived as follows:

Pr (Ug is interested in ‘liver’)

First of all, in the preprocessing step, for a medical
image Ig, its corresponding MUAs are first preliminarily
identified using the discriminately trained deformable part
model-based approach [32], in which some related organ
names have been labeled manually. To support an effi-
cient user-adaptive image transmission with high quality,
the pixel resolution of each MUA can be adjusted based
on the three factors, such as its corresponding UPD, the
area of the MUA, and the network bandwidth, while the

_ USD(Ug,,INN(U;))-Pr 2NN (Ug) Uy is interested in ‘liver’)+USD(Ug,,2NN(Ug))-Pr (INN(Ug) is interested in ‘liver’)

USD(UR,,2NN(UR))+USD(Ug,,INN(Ug))
_0.15-Pr 2NN(Ug) is interested in ‘liver’)+0.3-Pr(INN(U;) is interested in ‘liver’)

- 0.3+0.15

__ 0.15Pr (U} is interested in ‘liver’)+0.3-Pr (U3 is interested in ‘liver”)
- 0.3+0.15

__ 0.15-0.034-0.3-0.05

- 0.3+0.15

=0.043

Similarly, the probabilities that the user Uk is interested in
‘brain’, ‘lung’, ‘kidney’, and ‘intestine’ can be computed
accordingly, as shown in Fig. Sc.

Algorithm 1 summarizes the PL-based UPPV construc-
tion algorithm.

Algorithm 1. The PL-based UPPV construction algorithm
Input: / pivot users 77,
Output: the UPPV of Uy
1. UPPV«—®; //initialization
2. find the two nearest neighbor pivot users to U,
denoted as INN(Ug) and 2NN(Uy);
3. for each professional preference(PO;) do
4. the probability that Uy is interested
in PO; is derived by Eq.(13);
5. add the probability and PO; to the UPPYV
6. end for
7. return UPPV;

5 Enabling techniques

To better facilitate the user-adaptive medical image trans-
mission processing, in this section, we introduce three ena-
bling techniques: (1) UPDs derivation of MUAs, (2) opti-
mal IB replica storage scheme, and (3) adaptive and robust
IB replica selection and transmission scheme.

5.1 Deriving UPDs of MUAs

As analyzed in Sect. 4, we have obtained the user’s pro-
fessional preferences of Ug. To facilitate UMIT process-
ing, the corresponding preference probabilities of different
MUAES in Ig submitted by Ug need to be first derived via the
UPPV model. Therefore, in this subsection, we study how
to derive the UPDs of the MUAs in Is.

pixel resolution of the non-MUA part of the image can be
reduced based on the network bandwidth and its area value.
Next, we study how to obtain the UPDs of all MUASs in
a transmission image Is based on our user’s professional
preference model. More specifically, in Fig. 6, assume that
the preference organs of user Ug are PO1, POs,..., and PO,
respectively, and the MUAs in Is can be represented as:
MUA|, MUA,,..., and MUAMua|. First, for each MUA; in
Is, find its corresponding PO; in the UPPV with organ name
equal to that of the MUA; and its corresponding preference
probability non-zero, then the UPD of MUA; is the prob-
ability value (i.e., PO;. Pr); otherwise, if the probability
value is zero (i.e., PO;. Pr=0), we propose a distance-based
probability propagation method to derive it, in which a body
organ graph (BOG) (see Fig. 7) is introduced to calculate
the distance between any two organs. Specifically, first of
all, for the UPPV of user Ug, the organ with maximal prob-
ability in the vector is identified as a preference one (PO).
Then, find its nearest neighbor organ in the BOG, denoted
as NN(PO), with non-zero corresponding preference prob-
ability in the UPPV. For Ug, suppose an organ (O) has zero
probability of the professional preference in his UPPV, to
derive its UPD of its corresponding MUA, Eq. (14) holds:

Pr (Ug is interested in PO) — Pr (Ug is interested in O)
Pr (Ug is interested in PO) — Pr (Up is interested in NN(PO))
_ disttMUA|,MUA>)
" dist(MUA |, MUA3)

(14)

where dist(MUA;, MUA)) is the Ly dis-
tance of the two corresponding organs of the
two MUAs in the BOG and dist (MUA,», MUAj)

= \/(MUA,-.pos.x — MUAjApos.x)2 + (MUAi.pos.y - MUAj.pos.y)z.

@ Springer



Y. Zhuang et al.

& Up | PO | PO, PO,

Table 3 Example of the UPPV of Ug

PO Brain Lung Liver Kidney Intestine
M Prob. 0% 0% B%  26% 1%
MU4, | MUA, | e MUApon

Table 4 Example of the four MUAS in Ig
MUA MUA; MUA, MUA3
Organ Liver Lung Kidney
Table S Example of the user attention degrees of the three MUAs in
Is

A O MUA MUA, MUA, MUA;
Organ Liver Lung Kidney
UPD 63 % 26 % 26 %
Normalized UPD 44.8 % 18.4 % 18.4 %

X

Fig. 7 Body organ graph

Solving Eq. (14), the probability that Uy is interested in the
organ O is represented in the following:

Pr (Ug is interested in O)
= Pr (Ug is interested in PO)

dist(MUA 1, MUA>) L. .

- — -(Pr (Ug is interested in PO))
dist(MUA |, MUA3)

— Pr (U, is interested in NN (PO)) (15)

For example, assume that the UPPV of Uy, is represented
in Table 3. For a transmission image Ig, assume that there
are three MUASs which are shown in Table 4.

In Fig. 7, since coordinates of the above three MUASs
are:. MUA.pos = (—1,1), MUAypos = (—1,2), and
MUA3.pos = (—1,0), the distances between MUA; and
MUA,, and MUA| and MUAj are distMUA|, MUA,) =
1, and disttMUA|, MUA3) = 1, respectively. As shown in
Table 3, for Ug, as the probability that he is interested in
“lung” is zero, based on Eq. (15), the probability that U is
interested in MUA; (i.e., ‘lung’) can be calculated below:
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Pr (U isinterested in ‘lung’)
= Pr(Ug isinterested in ‘liver’)
dist(MUA |, MUA))
 dist(MUA, MUA3)
— Pr (Ugis interested in ‘kidney’)

|
=0.63 — 1 (0.63 — 0.26)

- (Pr (Ug is interested in ‘liver’))

=0.26

Therefore, the probability that Ug is interested in ‘lung’
is 26 %, shown as the UPD of the MUA, in Table 5. Fur-
thermore, since the sum of the UPDs may be larger than
100 %, normalization is performed, so that the sum of the
normalized UPDs is 100 %.

Algorithm 2 details how to obtain the UPDs of all
MUAS via the content of the user preference organs.

Algorithm 2. Obtaining the UPDs of MUAs()

Input: the MUAS in image s, the UPPV of the user Ug
Output: the UPD probabilistic distribution of the MUAs in Is
1. for each MUA; in image Is do

2. flagFalse;

3 for each PO; of the user Uz do

4 if MUA;.0=P0,.0 and PO;.Pr#0 then
5 MUA;.Pr—PO;.Pr; flag—True;

6. end if
7

8

9

end for
if flag=False then
. perform a distance-based probability propagation of the MUA;;
10. end if
11. end for
12. the normalization processing of the |[MUA| UPDs is conducted.
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5.2 Optimal IB replica storage scheme

The optimal IB replica storage scheme includes a learning-
based slave nodes placement scheme and a UPD-based
optimal IB replicas storage scheme.

e Learning-based slave nodes placement scheme

As mentioned above, the slave nodes are responsible for
the image replicas storage. Since the patients and physi-
cians may not stay at the fixed locations in MTSs, the
transmission distance between the user and the corre-
sponding slave node may affect the image transmission
performance. To minimize the total communication costs,
the total distance between all users and their correspond-
ing slave nodes should be minimized. Moreover, as not
all of the IB replicas are accessed frequently by users,
this motivates us to store the IB frequently accessed rep-
licas separated from those not. This arrangement ensures
that frequently accessed IB replicas can be obtained more
quickly. Concretely, the IB replicas that are frequently
accessed are stored at the slave node which is the nearest
to the user, while the IB replicas that are seldom accessed
can be stored at the slave one which is relatively far away
from the user

Based on the above analysis, in this subsection, we pro-
pose a learning-based slave nodes placement scheme. As
fast data access is very important to location-based image
transmission in MNs, the basic idea of this approach is to
find an optimal slave nodes placement in the MN through
mining user movement trajectories.

Theorem 1 Given m objects: O; = (xi,y;), where i€
[1, m], there exists a centroid object C = (x.,y.), the total
distance Y ;| (x; — xe)? + Yo i — ve)? is minimal, iif
Xe = %Z?’:lxiandyc = %Z;":lyz'-

Proof
m m
Yo i—x)?+ > 0i—ye)’
i=1 i=1
m m m m
= mx? — 2xc Zx,-—i— lez + my? -2y Zy,- + Zylz
i=1 i=1 i=1 i=1

3 (o) i—xe) 300 Gi—ye)?)
ox. =0, then

Xe = %Z?lzlxi’ Ye = %Z;":l%‘- 0

As the users (e.g., patients and physicians) in the MTSs
are moving constantly, and in most cases, their moving
ranges are in relatively fixed areas. To obtain the spatial
position of each user, we present a sampling approach to
get a representative position of each user.

Let have

we

m
U; - pos.lon = % > Ui.pos;.lon
j=1

m (16)
U; - pos.lat = % > Ui.posj.lat
j=1

where m is the sampling times.

In Fig. 8a, suppose that there are eleven users (e.g.,
U1 — Uy1) with positions obtained by Eq. (16) based on
the sampling approach. As shown in Fig. 8b, they are first
grouped into three clusters (the dash blue circles) based on
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Fig. 9 IB replicas storage

their locations by the DBSCAN clustering algorithm [31].
Based on Theorem 1, the centroid coordinate axis of each
cluster (i.e., the coordinate axis of each local slave node)
can be derived in the following:

. .
N/ §.pos.lon = ﬁ ZL’J U;.pos.lon
7

. _ (17)
ZIEJJ U;.pos.lat

J 1
Nj g.pos.lat = =
where |C;| means the total number of users in the jth cluster.

For the centroids (NJLS) in all clusters, the coordinate axes
of the global slave node are represented by the following:

1 INLs| a7
Nas.pos.lon = 5 it Nj g.pos.lon

: 1
Ngs.pos.lat = INis\ Z‘NLSl Nj g.pos.lat (%)

i=1

where | N1 s| means the total number of the local slave nodes.
Summarizing the above description, Algorithm 3 shows
our learning-based slave nodes placement algorithm.

Algorithm 3. Learning-based slave nodes placement algorithm

Input: Q: the image set, # sampling users;
Output: the optimal slave nodes placement;
1. m sampling of the spatial positions of the 7 users are conducted
to obtain their representative positions by Eq.(16);
2. the 7 sampling users are grouped into & clusters based on their
representative positions by the DBSCAN algorithm;
. for each cluster C; do
the local slave node position of the cluster C; is obtained by Eq.(17);
. end for
. _the global slave node position is obtained by Eq.(18);
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UPD-based optimal IB replicas storage scheme In
this subsection, to facilitate a priority-based image
data transmission, we propose a UPD-based optimal
IB replicas storage scheme. The basic idea of the stor-
age scheme is that the IBs that are frequently accessed
by users are deployed at the nearest local slave node,
while other IBs are placed at the global slave one. Spe-
cifically, based on the optimal slave nodes placement
scheme in Sect. 5.2 and the optimal granularity (A,;)
in Sect. 5.3, the IB replicas are initially stored in the
corresponding nearest local slave node with different
pixel resolutions and their corresponding UPDs. For
example, there are three MUAs represented by blue
rectangles in a medical image in Fig. 9. The IB replicas
for the four IFs MUA|, MUA,, MUA3, and R can be
stored in the slave nodes with their UPDs information.
Algorithm 4 details the initial IB replicas storage pro-
cessing in Nis.

Algorithm 4. Initial IB replicas storage()

Input: Q(j): the images in N7
Output: the initial /B replicas placement at the N7

1

2.
3.

4.

. for each image 7; in Q() do
its corresponding MUAs are identified;
the image is partitioned into several /B replicas
with different UPDs;
the /B replicas with different resolutions are stored
at the N/  based on 4,,,;

end for
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In Algorithm 4, the initial number of the IB replicas
(Agpr = 4) is designed for all bandwidth ranging from E; =
10 MB/S to Ey = 100 MB/S. In most real-life applications,
however, the network bandwidth is relatively stable (i.e.,
varies in a small range [E; = 80MB/S, E;; = 90MB/S
]) and the MUAs in the images are identified in advance.
This motivate us to investigate an adaptive IB replicas stor-
age scheme based mainly on user access frequencies of the
IB replicas. Moreover, the storage efficiency can be sig-
nificantly improved if the frequently accessed IB replicas
can be quickly obtained from the nearest local slave node.
Therefore, to further reduce the storage cost of the IB rep-
licas, we propose a batch updating algorithm for the opti-
mal IB replicas storage by mining the users’ access logs,
which is summarized in Algorithm 5. Specifically, a matrix
MI1... Agp][1...|IF|] is initialized to record the user
access frequency of each IB replica (line 1). Then, we ana-
lyze the access information of each IB by each user (lines
2-9), and sort the user frequencies in a descending order,
in which top A/ . IB replicas are obtained as optimal ones

opt*
(lines 10-11), where A}, < A,;. Finally, the optimal A;pt'

opt — =
IB replicas are deployeé’ at Nf_s, while other IBs are placed
at Ngs (lines 12-13). In the batch updating algorithm, we
assume that if frequency of new user accesses is larger
than a threshold, the batch updating algorithm is performed

again.

e  Multi-resolution-based IB replica selection As men-
tioned before, since the pixel resolutions of the modern
medical imaging systems are very high, this leads to a
large data size accordingly. It is non-trivial to transmit
such images to the receiver nodes directly, especially in
a mobile network environment, in which the network
bandwidth is limited and unstable. Therefore, in this
subsection, we propose a multi-resolution-based image
data replica selection scheme (MRS) by comprehen-
sively analyzing the relationship of the image content
and network bandwidth.

— Content and bandwidth-aware optimal pixel resolu-
tion selection As shown in Fig. 10, the basic idea of
the MRS method is that for the same medical image,
its transmission pixel resolution needs to be adjusted
based on the variance of the network bandwidth. Spe-
cifically, with high network bandwidth, a high-resolu-
tion medical image can be transferred in a reasonable
short period of time ( fr). On the contrary, to get a
short response time, a lower resolution version of the
same image can be sent to the receiver node with lower
network bandwidth.

Although reducing the pixel resolution of the whole image
can reduce the transmission overhead, some salient objects

Algorithm 5. Batch updating of IB replicas()

Input: the original IB replicas storage in N7

7 ¢ n sampling users

Output: the updated IB replicas placement in N7/ o

1. initialize a matrix: M[1..4,,/][1..|//F]] for the IB replica IDs;
2. for each image /; in Q(j) do

3 for each /B, in [; do

4 for each its corresponding receiver user Ur do

S. the optimal ID(i,,,) of the IB replica is identified;
6 Mi,,. U freq++;

7 end for

8 end for

9. end for

10. sort the frequency values in the matrix M in a descending order;

/1 Mi[j].freq=0;

11. obtain top A:m . IB replicas as a updated optimal one based on the access frequencies;

’

IB replicas are deployed in N7

12. the optimal A 1.9

opt

13. the rest part of the IB replicas are placed in Ngs.

5.3 Adaptive and robust transmission scheme

In this subsection, we propose an adaptive and robust trans-
mission scheme which includes a multi-resolution-based
IB replica selection scheme and priority-based IB replica
transmission scheme.

(i.e., MUA), however, cannot be clearly examined by the
physicians, which may lead to misdiagnosis. Therefore, the
resolutions of the MUAS in the image can only be moderately
adjusted based on their UPDs, and should be higher than
that of the rest part (R) of the image. Therefore, the objec-
tive of our method is to get a trade-off between the quality
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Transmission
with large
B bandwidth
(a) Medical image with
high pixel resolution

Transmission with
low bandwidth
(b) Medical image with
low pixel resolution

Fig. 10 Bandwidth-aware pixel resolution selection

MUA; MUA, R MUA, MUA; R

MUA;
(b) After

MUA,

Fig. 11 Comparison of the pixel resolutions of a same image

of medical images and the transmission time under different
resolutions based on the available network bandwidth.
Specifically, let us first denote the average resolution of
the image Is as dpi € [Dy,Dy], where Dy, and Dy mean the
lower and upper bounds of dots per inch (dpi) of I, respec-
tively. For the simplicity of description, we use image frag-
ment (IF) to represent the MUAs and R in the image. Since
the IFs are composed of some IBs, the pixel resolutions of
the IB replicas can be obtained from that of the IFs. There-
fore, the data sizes of the IFs and their corresponding pixel
resolutions can be approximately estimated in the following:

[MUA|
3 (MUAi.S : MUA,-.dpi2> + RS- Rdpi®

i=1

IMUA|
= ( > MUA.S +R.S> - dpi?
i=1

19
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Solving Eq. (19), the average dpi of a whole image can
be derived in the following:

MPAT (MUA,.S - MUA,.dpi®) + R.S - R.dpi*

MUAIMUA,.S + R.S

dpi =

(20)

In addition, the bandwidth of the jth edge is defined as: E; €
[EL, Ey], where Ey, and Ey are the lower and upper bounds
of the bandwidth of the jth edge, respectively. Note that the
above bandwidth is a theoretical value, which is larger than
the actual one. For the current network bandwidth Ej, we
have E; € [EL + W, Ep + %} Since i is

(Ei—EL)-A

an 1nteger, SO 1 = [ Eu—EL

integral part of e.

Based on an assumption that the average dpi of an image
is proportional to the network bandwidth (E;), the corre-
sponding dpi of Ig under the current network bandwidth
(Ej) can be derived as follows:

+ 1—‘, where [o] refers to the

i (Dy —D
dpi:DL—}-% @1)
(Ej—EL)- A Dy — Dy

dpi =D J 1 -
pi L+’V o W n 22)

wherei €[1, Al.

In Eq. (22), a whole image is regarded as an object to
be processed. The pixel resolution of the whole image can
be adjusted according to the variance of the network band-
width. This method, however, will lead to the pixel resolu-
tion of the MUAs of the image be so low that the physi-
cians cannot clearly examine the image. Therefore, in the
preprocessing step, as shown in Fig. 11a, the MUAs in
the image are firstly identified by four blue dash rectan-
gles manually, namely MUA|, MUA,, MUA3, and MUA4.
Figure 11b shows that the resolutions of the four MUAs
in Fig. 11a and b are moderately changed based on their
UPDs, and the resolution of the rest part (R) in Fig. 11b,
however, is decreased significantly.

Combining Egs. (19) and (22), we have

MUAT (MUA,.S - MUA, - dpi®) + R.S - R.dpi®

S MUAIMUA,.S + R.S
(Ej —EL)- A 1 Dy —-Dg
Ey—EL A

=D+ [ (23)

Solving Eq. (23), the dpi of the rest of the image I can be
derived as:
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IMUA]| (E—EL)-A Do—D 2 IMUA]| 5
> MUA.S+RS | - (Dy+ [ GE% 1] - PgPL)” = 75 (MUALS - MUA,.dpi®)
Redpi = \| ~— = (24)
RS

Note that, as different MUASs have different UPDs, to ensure
the personalized and high pixel resolutions of the MUAs,
MUA,;.dpi can be adjusted based on its UPD (i.e., MUA,; .pr).

As MUA,.dpi is proportional to MUA;.pr, which is rep-
resented as:

max

MUA;.dpi oo
./erl,\MUAﬂ{ - dpi}

max

jermax {MUAj.pr}.

(25)

Therefore, the dpi of the ith MUA can be derived in the
following:

maxje[1,MUA|] {MUAj.dpi}
maxje(1,mua) {MUA;.pr}

MUA,;.dpi = -MUA;.pr (26)

Combining Egs. (24) and (26), the dpi of the rest part (i.e.,
R) can be derived in the following equation:

— Optimal Value of A Since the larger A is, the larger the
storage cost of the IB replicas is. To minimize the above
total storage overhead, A needs to be minimized. To
obtain an optimal A, suppose that the image transmis-
sion processing can be finished in a transmission dead-
line (67) set by user, so we have:

Size(I;)
Tr =T — <90
T=00% By = (28)

where

i=1

IMUA| oA b \2
< > MUA,-.S+R.S> . <DL+ ’V(EU_LE)L +q . %> _

IMUA| _max {MUA;.dpi}
g jelLMUAl T )
Z (MUA"S ( max  {MUA,; pr} MUA;.pr

i=1 jelL.IMUA[]

27

R.dpi =

R.S

Note that max;e(1,mua{MUA; - dpi} is the original pixel
resolution of Is.

For example, in Fig. 11, given an image, assume that
the areas of its corresponding four MUAs are 4 inch?, 3
inch?, 2 inch?, and 1.5 inch?, respectively. The UPDs of the
above four MUAs are 44.8, 18.4, 18.4, and 18.4 %, respec-
tively. The total area of the image is 20 inch’. The minimal
pixel resolution and maximal pixel resolution of the image
are: Dy, = 20 dpi and Dy = 200 dpi, and the bandwidth of
the mobile network ranges from 10 to 100 MB/S, namely,
E; =10 MB/S and Ey = 100 MB/S.

Based on Eq. (27), if the current bandwidth (E;) is 50
MB/S, then the optimal transmission dpi for the rest part of
the image can be derived below:

Size(Is) is the data size of Ig, represented as: Size([s)
= (PN (MUA,.S - MUA,.dpi?) + R.S - Redpi® ).

Bit - CR , where Bit means color bit, and Bif can be 8, 16
or 24, CR is an image compression ratio, and CR € [0,1];

— Ty is the start-up transmission time;

— BWidth(E})) is a real network bandwidth, represented as
BWidth(E;) = E;-TR, where Ej is a theoretical network
bandwidth, TR means a attenuation rate of the band-
width and TR € [0,1].

Equation (28) can be rewritten as follows:

<z}“=”}“‘ (MUA,.S-MUA,.dpi®) + R.&R.dpiz) -Bit-CR

T
o+ E.TR

<0r

(29)

R.dpi =

2 2
50—10)-A 200—20 4 200
20 - (20[7< e 1] . 200-20 ) -3t <MUA,-.S- (—0'448 - MUA; -pr) >

20-4-3-2-15

If A =10, then MUA .dpi= 200 dpi, MUAx.dpi ~ 82 dpi,
MUA;.dpi =~ 82 dpi, MUA4.dpi ~ 82 dpi, and R.dpi =~ 63
dpi;

If A = 20, then MUA.dpi = 200 dpi, MUAz.dpi =~ 82
dpi, MUA3.dpi ~ 82 dpi, MUA4.dpi~82 dpi, and R.dpi =~ 6
dpi;...and so on.

IMUA|
> (MUA..S - MUA, dpi®) + R.S - Rdpi® <

i=1

(Or —To)-E;j - TR

- Bit-CR
(30)

For the MUAs in the image, Eq. (26) can be derived as

follows:
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[MUA| IMUA|
> (MUA.S - MUAdpi®) = )

i=1 i=1

2
ma MUA,;.dpi
jE[l,IM)I(JAI]{ s i}
X MUA,’.S . . MUAi.pr
max {MUAj.pr}
JELLIMUAJ]
(31)

For the rest of the image, Eq. (27) is rewritten as follows:

IMUA|

, (E; — Ep).A
R.S - R.dpi* = MUA;.S+RS |- (D !
= | 3 Muns + (oo G2

IMUA| max MUA,;.dpi

S [ muacs je[uMUAu{ i}
_ .S .

MUA,.
i=1 jelLIMUAI] { 777}

corresponding three MUAs are 2 inch?, 4 inch?, and 5 inch?,
respectively. The minimal pixel resolution and maximal
pixel resolution of an image are: D; = 20 dpi and Dy =
200 dpi. In addition, the bandwidth of the mobile network
ranges from 10 to 100 MB/S, namely, 7 = 10 MB/S and
Ey =100 MB/S. Ty =0.1 5,01 =0.6 s, TR=0.1, CR =
0.05, and Bit = 16.

Based on Eq. (36), if the current network bandwidth(E;)
is 50 MB/S, then the optimal value of A is 7.

2
Dy — DL
1

2 (32)

MUA,;.pr

Combining Egs. (30), (31), and (32), we have

R (Ej—Ep) - A
Z MUAiS+RS |+ (DLt | ——+1
i=1 U—~&L

_DU—DL>2< (Or — To) - Ej - TR

A Bit - CR (33)
Solving Eq. (33), we have

(Ej —EL) - A 1}  (Dy—Dy)

A

D
L+’V Ey—E,

Or —Ty) -Ej - TR (34)

Bir- CR(LMPAMUA; - S + R.5)

Then, A can be approximately solved by the following:

Dy — D,

A >

(67 —To)-E;- TR

. _ (Ej—EL)-(Dy—Dy)
Bir-CR(S MM MUA-S+R.S)

Ey—EL

(35)

To minimize the total storage cost of the image fragment
replicas, the value of A should be minimized too. There-
fore, based on Eq. (35), the optimal value of A can be
approximately represented below:

Dy —Dp,

Aopr ~
_ (Ej—EL)-(Dy—Dr)
Ey—Er

Or—To)-E;-TR _
Bit-CR-(XIM MUA, S +R )

(36)

For example, given an image, assume that the total
area of the image is 20 inch2, in which the areas of its
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— Optimal ID of IB replica In the above, we have obtained
an optimal granularity (A,,). Next, we study how to
choose an optimal ID of each IB replica among its A,
replicas.

For the rest of the image, as the lower and upper bounds of
the dpi (i.e., Dy and Dy), the ID number (i) of the image
fragment (R) replica and are met in the following equation:

Dy — DL

Dy +
AUpt

- i = R.dpi (37)

where A, is equal to that of in Eq. (36).
As i is an integer, solving Eq. (37), we have:

P ’V(R.dp;— DLI; : A,ﬂ (38)
U — UYL
_ R.dpi—Dr)-Aopt .
If ‘DL+ DZOP?L . [( %U_;))L ”—‘ —R.dpl‘ <
’ Dy + 4D (PR-K’I;)';?;))L'Aﬂ + 1) — Rudpi| then the
op

optimal ID of the IB replica for the rest part is derived in
the following:

. (R.dpi — Dp) - Aopt
lopt =
Dy — Dy,

(39)

Otherwise, the optimal ID of the IB replica for the rest part
is as follows:

. (R-dpi - DL) : Aopt
= 1
lopt [ Dy — Dy, + (40)
Similarly, for the MUAs in the image, we have
Dy —-Dr . .
Dy + —— - i = MUA,.dpi 41)
Aopt

Therefore, the optimal ID of the IB replica for the ith MUA
is derived in the following:
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. [(MUA.dpi —Dy) - A
i= ’7 tDI; — opt 42)
If )DL + 24D [(MUA’;’S":[’,)L“‘A”’”W - MUA,-.dpi‘ <

’DL + DZ—DL . (’V(MUAi.dpi—DL)'Aapt—‘ + 1) _ MUAdel

opt Dy—Dp
then the optimal ID of the IB replica for the MUA; is
derived in the following:

. (MUA,;.dpi — D) - Aopt
lopt =
Dy — D

(43)

Otherwise, the optimal ID of the IB replica for the MUA;
is as follows:

. (MUA,;.dpi — Dp) - Agpy
lopt = +1
Dy —Dr

(44)

— Priority-Based IB replicas transmission scheme Gener-
ally speaking, in most of the state-of-the-art image data
transmission schemes, an image is transferred as a whole
object, in which the transmission priority of each IB is
equal. Thus, it is possible that the important MUAs in the
image be displayed later than the rest of the image (i.e.,
non-MUA). Moreover, for the medical images with high
pixel resolutions, this transmission method, however, will
lead to more failures in the transmission process. Once
transmission failure occurs, the image needs to be re-
transferred, which results in a higher transmission over-
head. To overcome this technical bottleneck, we propose
a priority-based image block data robust transmission
scheme called PIBT to support successive transmission of
large image data. The transmission priority (7P) of each
IB is based on its UPD, which is defined in the following.

UPD(MUA;, Ugr) IB € MUA;
IB.TP = { 0, ( : Otherwise 435)
where UPD(MUA;,UR) can be derived by Algorithm 2
and the IB belongs to the MUA;. As different IBs have its
corresponding TPs, the IBs can be transmitted based on
their corresponding 7Ps in a descending order, which not
only ensures the robustness of data transmission, but also
guarantees that the important information can be trans-

mitted first.

6 The UMIT algorithm

With the support of the above enabling techniques, a medi-
cal image can be efficiently transferred in the MTS. Algo-
rithm 6 summarizes the detailed steps of our proposed
UMIT processing. First of all, a user Ug sends an image
transmission request (i.e., the ID number of Is) to the mas-
ter node Ny (line 1), then the UPPV of Uy is obtained from

the PUS (lines 2-6) and the IBs in I are identified (line 7).
After that, the network bandwidth, user’s professional pref-
erence vector, etc., are collected and analyzed to obtain an
optimal pixel resolutions and the UPDs of the IB replicas
(i.e., MUAs), respectively (lines 8—12). Finally, the trans-
mission request is sent to the global slave node to identify
if the corresponding IB replicas are at the nearest neighbor
(NN) local slave node. If so, the IB replicas at the NN Nrg
are sent to the receiver node based on their transmission
priorities in a descending order (line 14); otherwise, they
are transmitted from the Ngs (line 16).

Algorithm 6. UMIT(I5,Uy)

Input: /5 a transmission image and some parameters, a user Uy
Output: the image transferred

1. an image transmission request is submitted from Ny by Uy;
2. if Uy is from PUS then

3. obtain his UPPV by user matching;

4

5

. else
perform the user preference propagation processing to
obtain his UPPYV
. end if
7. if the MUAs have not been identified in /5 then identify the
MUAES in this image;

. for each IB;in Igdo // at the master node

9. it corresponding optimal pixel resolution and th
transmission priority of its replica are obtained by the OMR
scheme based on the network bandwidth and the UPD;

10. its transmission priority is defined in Eq.(45);

11. end for

12. the transmission request is sent to the global slave node;

13. if the corresponding /B replicas are in the NN N5 then

14. they are transmitted from N;g based on their transmission
priorities in a descending order;

15. else

16. they are transmitted from Ngg based on their transmission
priorities in a descending order;

17. end if

(=)}

co

7 Experimental evaluation

To verify the efficiency and reliability of the proposed
UMIT method, we conduct simulation experiments to dem-
onstrate the transmission performance of our scheme.

7.1 Experiment setup

The image receiver client is run on the Android platform
[34] and implemented in the Java language. Each node has
a 2.7 GHz Xeon processor, 2 GB memory, and 1 TB hard
disk. The nodes in the local area network are connected via
1 Gbps network links. The number of nodes in our system
varies from 10 to 100. The maximum data communication
rate is 100 Mbps in the mobile network. In the slave nodes,
the IB replicas with different pixel resolutions are stored
in a file system and some key information is recorded in a
MySQL [35] database.
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e Datasets The medical image data sets for our experi-
ment are obtained from two ways: (1) Real data set:
100,000 medical images are downloaded from the
Medical image archive [33], in which the image data
size ranges from 0.2 to 1 MB; (2) Synthetic data set: To
evaluate the effect of data size on the image transmis-
sion performances, we have synthesized five groups of
the medical image data, in which the data size of each
image is 1, 5, 10, 50, and 100 MB, respectively.

e Competitors In the following experiments, we com-
pared our proposed method (UMIT) with the three com-
petitor methods. Method 1 uses the traditional transmis-
sion method (i.e., transmitting the whole medical image
without partition). Method 2 adopts the adaptive image
transmission (AIT) [11]. Method 3 uses a new Region of
Interest (ROI)-based approach to improve wireless elec-
tronic healthcare service quality [3].

7.2 A prototype transmission system

We have implemented a prototype transmission system for
medical images, as shown in Fig. 12. Figure 12a shows an
example of the back-end interface of the offline medical
image processing. The four MUAs in this figure have been
identified by four green rectangles. Figure 12b demonstrates
the receiver (e.g., hepatologist) client interface, in which
the IBs in the five IFs (i.e., the four MUASs represented by
the four green-line rectangles and the rest part R) have been
reconstructed and displayed. Moreover, the pixel resolutions
of the four MUA s are higher than that of the rest part, and the
resolution of the MUA region of ‘liver’ is the highest among
the four MUAs when the image receiver is a hepatologist.

7.3 Effect of image size

In the first experiment, we study the effect of the image
size on the performance of the UMIT processing using
the above two kinds of image data. For each method, we
measured the average time required to transmit an image.

: :
20 25 5 10 15 20 25
A

(b) A vs. storage cost

In Fig. 13a and b, when the bandwidth (e.g., 100 MB/S)
is relatively stable, the total transmission time using the
UMIT is superior to that of other three. Meanwhile, with
the increase of the image data size, the performance gap
of the four approaches becomes enlarged when the image
size is increasing. This is because compared with the UMIT
approach, for the traditional one, its corresponding data
size of the images to be transmitted is increasing so rap-
idly that the images cannot be sent to the destination nodes
quickly. Our proposed hybrid pixel resolution approach can
effectively reduce the transmitted image data, especially for
a large image.

7.4 Effect of network bandwidth

Next, we investigate the effect of network bandwidth on the
performance of the UMIT processing using the two kinds
of images mentioned. Figure 14 shows when the image
data sizes (i.e., 0.5 MB for real data and 50 MB for the
synthetic data) are fixed, the total response time using the
UMIT is better than that of the three ones. Meanwhile, with
the condition that the bandwidth is increasing, the response
time decreases gradually and the performance gap becomes
larger especially for the large synthetic image data. This is
because in the UMIT, compared with the original image
data size, it has to be reduced based on the network band-
width, the image content, and so on, resulting in a signifi-
cant decrease in the transmission cost.

7.5 Effect of A

In this experiment, we proceed to test the effect of A on the
transmission and storage costs, respectively. In Fig. 15a,
when A is from 5 to 25, the transmission cost is gradually
decreasingly; while in Fig. 15b, the storage cost increases
with the increase of A. This is because when A is small, the
data size of each IB replica is relatively larger. Thus, the
transmission cost dominates. Similarly, the total number of
the IB replicas is increasing when A becomes larger, which
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leads to the larger storage cost of the IB replicas. There-
fore, obtaining a trade-off between transmission cost and
storage cost with an optimal A is critically important to the
UMIT processing.

7.6 Effect of IB replica placement scheme

In this experiment, we study the effect of the two IB replica
placement schemes using the two data sets of image sizes
100 and 500 MB, respectively.

First of all, we conducted 50 UMITs processing, in which
the 50 images to be transmitted are randomly selected from
the data set. Figure 16 illustrates that the ratio of the optimal
IB replica ID to A,y ranges from 40 to 80 %, which means
only a part of the IB replicas has been accessed.

Next, we test the effect of IB replica placement scheme
on the storage costs. Method 1 uses the original IB replica
placement scheme and Method 2 adopts the adaptive one.
In Fig. 17, when the A is from 3(5) to 15(25), the storage
costs are gradually increasing, while the storage cost by
Method 1 is larger than that of Method 2. It is obvious that
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the adaptive IB replica placement scheme can significantly
reduce the storage cost, since the optimal IB replicas are
part of the whole ones, which is verified in Fig. 16.
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7.7 Robustness comparison

In this experiment, to evaluate the effect of image size on the
transmission robustness, we then used the synthetic image
data set, in which the images have been divided into five
groups in terms of the data size 5, 10, 20, 50, and 100 MB,
respectively. Two transmission schemes are tested: (1) Image
blocking method and (2) No image blocking one. The trans-
mission reliability (7R) can be defined in the following:
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Number of sucessful data transmissions
TR = (46)

Total number of data transmissions

As shown in Fig. 18, with the increase of data size, the suc-
cessful data transmission ratio is 100 % using the image
fragmentation technique. For the data transmission without
adopting our UMIT method, when the transmission data
size is less than 10 MB, the successful transmission ratio is
100 %. Howeyver, if the data size is 20 MB, the average TR is
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decreased to 87 %; and if the data size is larger than 50 MB,
the average TR is zero, as it is hard to transmit such a large
image successfully. Based on the experimental result, to
guarantee a high successful data transmission ratio, it is only
possible to transfer a large image through the image blocking
method under limited network bandwidth.

7.8 Evaluation of optimal A

This experiment evaluates the optimal A presented in
Sect. 5.3 for the UMIT processing. For the above two
image data sets, we have performed the 20 UMITs pro-
cessing, in which the image is randomly selected from the
three image sets, respectively. Figure 19 shows the actual
and estimated optimal replica ID of each transmission (i.e.,
the horizontal and vertical coordinates of a plotted point,
respectively). Ideally, all points would fall on the diagonal
of the act-est space (i.e., actual and estimated values are
equal). The shaded area covers transmissions for which our
technique yields up to 25 percent relative error, where the
relative error (RE) can be defined as follows:
|actual value — estimated value|

RE =
actual value 47

It is interesting to notice that for the synthetic image data,
in most cases, the optimal A is larger than that of the two
real image data. The is because for a large image data, in
most cases, the smaller the segmentation granularity is, the
higher the probability that the suitable (optimal) IB repli-
cas are obtained. To minimize the image transmission time,
especially for the large image data, its corresponding num-
ber of the IB replicas should be larger than that of others.

7.9 Evaluation of optimal replica ID

Finally, we evaluate the optimal replica ID presented in
Sect. 5.3. Suppose the optimal A is fixed, we have conducted
20 UMITs processing, in which the network bandwidth, the
selection of the MUAS, and their corresponding UPDs, etc.,
are randomly generated in this experiment. Figure 20 shows,
for the two image data sets, the actual and estimated optimal
replica ID of each transmission. Ideally, all points would fall
on the diagonal area. The shaded area covers transmissions for
which our technique yields up to 20 percent relative error. For
the synthetic image data, the optimal replica ID is larger than
other two. The reason is similar to that explained in Sect. 7.8.

8 Conclusions and future work
In this paper, we have presented a professionally user-

adaptive medical image transmission scheme (UMIT) in
MTS, which specifically caters for user preference and
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needs, together with different bandwidth availabilities in
MN. Three enabling techniques, namely, UPD derivation
of MUAs, optimal IB replica storage scheme, and adaptive
and robust transmission scheme, are proposed to reduce
the data communication overhead. Our experiments dem-
onstrate that the proposed UMIT method is efficient and
effective for large medical image transmission in minimiz-
ing the network communication cost and maximizing the
parallelism of I/O and CPU.
In our future work, we will focus on the following:

1. Facing the challenges of transmission intensive appli-
cations, to further improve the whole throughput of the
transmissions, we shall investigate a pipeline-based
distributed transmission optimization technology to
further speed up the transmission efficiency in the
mobile network environments;

2. Last but not the least, besides image transmission pro-
cessing, we shall investigate a progressive transmission
scheme for complex media types, such as 3D objects,
animation, video, etc.
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