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Abstract—Due to the tremendous increase in mobile data traffic,
there is a general trend toward the decentralization of mobile
operator networks, at least to a certain extent. This shall be further
facilitated with the virtualization of mobile network functions
and the enabling of mobile cloud networking, whereby mobile
networks are created on demand and in a flexible manner. Mobile
network decentralization will not be efficient without rethinking
mobility management schemes, particularly for users moving for
a long distance and/or at a high speed (e.g., vehicles and bullet
trains). To support such highly mobile users, this paper introduces: 1) a data anchor gateway (GW) relocation method based
on user mobility, history information, and user activity patterns,
and 2) a handover management policy that selects a target base
station or evolved Node B (eNB) in a way to minimize mobility
anchor GW relocation. The performance of the proposed schemes
is evaluated via Markov model-based analysis and through simulations. Encouraging results are obtained, validating the design
objectives of the scheme.
Index Terms—Cellular networks, markov chains, mobile radio
mobility management, QoS, 4G mobile connection.

I. I NTRODUCTION

A

S MOBILE networking and services are entering a new
communication era offering smartphones to users with
higher capabilities and more diverse applications, emerging service requirements create new challenges for the current mobile
network architecture. Such new requirements partly reflect the
popularity of several new services and the emerging contentrich and bandwidth-intensive mobile applications. In addition,
they capture the operator’s desire to offer flat-rate tarifs to
attract more users, encouraging the adoption of new services.
Such a business paradigm may work great in an early phase
assisting the success of new technologies, i.e., Long-Term Evolution (LTE), but at a later stage, it may create a rebound effect
with serious revenue problems for operators. Indeed mobile
operators are facing a challenging task of how to accommodate
huge traffic volumes, far beyond the original network capacity
[1], [2].
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Fig. 1. Today’s centralized mobile operator networks.

Effectively, such new requirements challenge the current
mobile network architecture, which is highly centralized and
not optimized for high-volume data applications. The main
problem relates to the fact that central gateways (GWs) handle
all mobile traffic, acting as a data and mobility anchor for
several radio access points without any complementary caching
or data offload support at the network edge. Fig. 1 shows
the current centralized network architecture pointing out its
shortcomings, which include the following:
• high concentration of traffic demands toward central network locations consuming high backhaul resources in
terms of bandwidth and imposing higher processing demands on centralized mobility GWs, easily leading to
undesirable bottlenecks;
• long communication paths between users and servers leading to waste in core network and backhaul resources,
undesirable delay, and poor quality of experience (QoE);
• higher risk in network availability since a centralized
architecture creates single locations of failure.
A straightforward solution for mobile operators is to invest
in upgrading their network infrastructure in terms of backhaul
speed and core network resources with the objective of always
being able to accommodate peak-hour traffic demands. While
these are technical-wise feasible solutions, financially, they are
challenging, particularly due to the modest average revenues
per user, given in turn the trend toward flat-rate business
models. Operators are thus interested in cost-effective methods
for accommodating the ever-increasing mobile network traffic
ensuring minimal investment into the current infrastructure.
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Fig. 2. Trend toward decentralized mobile operator’s networks.

Network decentralization is a key enabler that allows operators to be equipped with economically competitive solutions
against increased traffic demands and flat-rate charges. The basis for realizing network decentralization is to place small-scale
network nodes with mobility and IP access functionalities, similar to those provided by the currently centralized GWs, toward
the network edge. Such local data anchor GWs allow operators
to employ solutions that can selectively offload traffic as close
to the radio access network (RAN) as possible [3]. Such vision
is also in line with the quest for a network architecture flatter
than what has been achieved with the Evolved Packet Core
(EPC) [4], [5]. In principle, decentralized networks may support
the following network entities being locally deployed, including
packet data network GWs (PDN-GWs or P-GWs), serving GWs
(S-GWs), and mobility management entities (MMEs), with the
objective of serving a local community of users. An example
that demonstrates the vision behind the decentralized mobile
network deployment is shown in Fig. 2. Effectively, by breaking
out selected traffic at entities close to the moving terminal,
operators will be able to avoid overloading their scarce core
network resources.
The discussions and analysis in Third-Generation Partnership Project (3GPP) have been on the definition of the architecture, i.e., on where the point of local breakout/traffic offload
should be placed, in addition to issues regarding security,
charging, mobility, traffic control/handling [6], and optimal
GW selection [7]. The efficient usage of the network resources
in such a decentralized architecture requires the selection of
optimal data anchor GWs for user equipment (UE) [7]. The
notion of GW optimality largely depends on operators’ policies.
It can be in terms of geographical proximity of a user to a
GW and/or GW load [7], [14], [27], [28], [30]. It can also
depend on the service/application type used by the users (e.g.,
a GW can be optimal for anchoring Facebook traffic but not
for YouTube traffic) [30]. In current standards, notifying UE,
particularly in idle mode, of the availability of such an optimal
GW is immediately followed by enforcing the UE to disconnect
and reconnect to the network; during this operation, the UE is
relocated to the currently optimal GW. For UE in idle mode,
moving fast, and/or for a long distance (e.g., vehicles) [31],
this solution may lead to frequent unnecessary GW relocations.

To resolve this issue, a number of solutions can be envisioned.
The objective of this paper is to compare among the different
solutions and discuss their advantages and pitfalls.
Another concern in decentralized mobile networks, particularly for highly mobile users, such as those on board bullet
trains, consists in the fact that serving areas and pool areas of
S-GWs and MMEs, respectively, get smaller and that is for
the purpose of localizing mobility management [8]. This, in
combination with the fact that UE tends to be always active due
to many (e.g., cloud) applications running in the background,
as in smartphones or vehicles with LTE access, increases the
likelihood of performing handoffs with S-GW and/or MME
relocation. Handovers with S-GW/MME relocation may impact
the QoS of an ongoing session since they incur additional
delay compared with the non-S-GW/MME relocation handover
counterparts. In addition, MME/S-GW relocation requires the
establishment of sessions/bearers along the new path, incurring
additional overhead in terms of signaling. Issues pertaining
to admission control at nodes along the new path may also
occur. Given these reasons and more, the 3GPP specifications
[4] indicate that S-GW/MME relocation during handoff for
UE in evolved packet system (EPS) connection management
connected mode (i.e., active mode) is to be avoided when
possible. However, due to lack of coordination between the
RAN and core network nodes, the possibility of S-GW/MME
relocation is not taken into account in the handover decision at
the RAN.
Optimizing the handover decision by combining intelligence
from both the RAN and the core network to avoid S-GW/MME
relocation, when possible, is one of the objectives of this
paper. Such handover optimization can improve handover delay
and reduce associated signaling, positively affecting both the
network performance and the user’s perceived quality. The
importance of the proposed handoff optimization is significant
in case of a high number of active UE with high mobility
features, such as LTE-connected vehicles or smartphones on
board moving objects, particularly when the S-GW service
areas/MME pool areas are of small size (due to the foreseen
mobile network decentralization as previously mentioned). Its
importance is also significant when handling the mobility of a
large group of UE (e.g., all performing simultaneous handoffs
with S-GW/MME relocation due to a specific event such as
concert, arrival of train at a station, etc). While one may argue
that the example of train arrivals at a station can be taken into
account during the mobile network planning phase, there are
scenarios whereby the initial network planning becomes no
longer optimal (such as due to the construction of a new road or
a shopping center) and frequent handovers with S-GW/MME
relocation may then become inevitable.
The remainder of this paper is structured as follows.
Section II describes some related work. Section III introduces our proposed solutions to the two aforementioned issues.
Section IV develops an analytical model for the proposed solutions. The performance evaluation of the proposed solutions,
which is based on both the analytical model and simulations,
is introduced and discussed in Section V. Section VI concludes
this paper with a summary recapping the main findings of this
paper.
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TABLE I
LTE N ETWORK E NTITIES AND T HEIR F UNCTIONS

II. R ELATED W ORK
Before delving into the review and analysis of some related
work, we first introduce the functionality of the most important
network entities used by the LTE reference architecture, namely
EPS, as listed in Table I.
With the introduction of the 3GPP LTE, certain network
decentralization features focusing both on network architecture
and network management were brought forward, significantly
improving the prior universal mobile telecommunications system (UMTS). Specifically, considering the network architecture, LTE merged the former radio network controller (RNC)
within Node B, introducing a new radio access element called
evolved Node B (eNB) that flattens and simplifies the prior
UMTS architecture [4]. In terms of network management, LTE
advances the prior UMTS-based configuration and optimization
methods toward a distributed self-organized paradigm [9]. A
further step toward an even flatter UMTS architecture is in
[10], whereby the GW GPRS support node (GGSN) and serving
GPRS support node (SGSN) are integrated in NodeBs, whereas
in [11], a similar approach is introduced in the context of EPS
with the aim of bringing GW functions to the edge of the network, merging in this way the radio access and core networks.
In principle, there is a fundamental technology- and costrelated tradeoff behind the adoption of either centralized or
distributed network architecture. Costly network equipment are
usually shared, creating centralized architectures. This was the
case in the initial phase of third-generation (3G) deployment,
wherein a centralized architecture was preferred to share core
network utilities and processing resources, while keeping the
cost of base stations low [10]. Nowadays, the evolution of
computer technology has significantly reduced the cost of
equipment, advancing their deployment flexibility. However,
the ever-increasing mobile data volumes render the network
utilization cost high, creating significant revenue problems for
operators. For this reason, operators have been looking into
data offloading solutions, introducing P/S-GW functionality
toward the network edge, i.e., close to eNBs. Additionally,
the provisioning of content-distribution-network services via
caches placed nearby the network edge may complement data
offloading, reducing further network cost as within the backhaul
and via a more efficient resource usage [12].
A tutorial regarding the data offloading techniques, including
local IP access (LIPA), selective IP traffic offload (SIPTO), and
IP flow mobility and seamless offload, focusing on 3GPP Rel-10
is available in [13], whereas further details on LIPA/SIPTO data
offloading are provided in [14], which shows specific network
architectures and service requirements that meet the current
decentralized needs, enlightening also network management
and deployment issues with emphasis on QoS and service con-

tinuity. A complementary analysis on the architecture and main
benefits associated with the use of decentralized architectures
from the Internet Engineering Task Force (IETF) perspective is
documented in [15] and [16], with the most important features
being route optimization and increased robustness.
Current research efforts regarding decentralized cellular networks focus on mobility and service continuity, and on efficient
resource management related to GW selection and relocation.
Ensuring service continuity and QoE for active users while
reducing signaling, by avoiding the use of core network equipment, is the ultimate goal of decentralized mobile networks.
Nevertheless, the means of achieving decentralization is distributed mobility management. A study that examines and
compares centralized and distributed mobility in the context
of 3GPP is presented in [17], also elaborating on a dynamic
and distributed mobility management solution, which merges
the mobility anchor and base station. In particular, the support
of distributed mobility is realized with the use of tunneling to
forward traffic upon a handover, also allowing users to establish flows via different mobility anchors for efficient resource
usage. This latter session establishment mechanism comprises
a significant resource optimization feature, which is also followed in [7], with complementary mechanisms for efficient GW
selection considering load balancing, service availability, and
QoS. The fundamental concepts of GW-based load balancing
with respect to user performance are analyzed in [18], where
an inter-GW load balancing protocol is presented and evaluated considering a GW pool in association with a group of
base stations. A more advanced solution for providing service
continuity is introduced in [19]. Such a solution distributes the
content of a centralized mobility anchor over a set of distributed
mobility agents utilizing the concept of virtual routers and
distributed hash tables, achieving substantial benefits in load
balancing and resiliency.
A comprehensive study on location management solutions
for legacy mobile networks is provided in [20], considering
different mobility models. In this paper, we provide a similar
study envisioning random mobility for decentralized 3GPP LTE
networks. Specifically, so far, none of the state-of-the-art network decentralization solutions considered the case of P-GW
and S-GW relocation within the 3GPP LTE for idle and active
users. In contrast, as will be explained in the following, our
approaches, proposed herein, consider the selection of optimal
P-GWs for high-speed users in a decentralized mobile network
environment. This is a fundamental difference because the
prior approach updates the location area to enable the network
to locate the user when traffic is routed toward him or her,
whereas our proposed approaches update the data anchor point,
namely P-GW, to enable high-speed users, depending on their
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activity level, to obtain optimal connectivity from both the user
and network perspectives. The contributions of this paper are
therefore twofold.
• The first contribution relates to the notification of optimal
P-GW availability and enforcement of P/S-GW relocation
for highly mobile UE in idle mode.
• The second contribution relates to a solution for
S-GW/MME relocation avoidance via optimal target eNB
selection during a handover decision for highly mobile UE
in active mode.
Considering the PDN connectivity of idle users, the work
in [7] introduces the main challenges associated with maintaining PDN connectivity. It also proposes and analyzes some
of the PDN connection reestablishment solutions proposed
in this paper, namely, solutions for periodic PDN connection reestablishment, PDN connection reestablishment upon
a tracking area update, and PDN connection reestablishment
based on network indication. This paper complements the prior
discussed solutions introducing further parameters to perform
PDN connection reestablishment based on user mobility and
history information, and on user activity patterns. User mobility
prediction is also considered in [22] focusing on ensuring QoS
of multimedia applications by minimizing the frequency and
magnitude of fluctuations. The method introduces a stochastic
path prediction model based on history information assuming
a priori knowledge of the destination. Such a history model
could potentially be adopted in this paper to assist with mobility
and user activity prediction.
Although such selection criteria have been encountered
before for centralized schemes, as in [23], considering mobile
IP networks, their scope was mostly focused on active sessions.
Their performance is expected to be different in decentralized
arrangements centered on idle users. The reason is mainly
the different focus that concentrates on the timing issues of
the new session establishment and whether the “always on”
connectivity of UE is maintained, i.e., parameters that affect the
signaling overhead and session establishment delay. This paper
also introduces an analytical framework using Markov-based
models to provide a performance comparison of the proposed
solutions.
For highly mobile users, i.e., LTE-connected vehicles on a
highway and users on board bullet trains, network decentralization would also have a significant impact on the standardized
tracking area update (TAU) procedure and on the maintenance
of idle-mode PDN connections. Although the TAU approach as
in [8] encounters a degree of TAU overlapping, allocating to UE
a GW in the center of the TAU area that could potentially serve
them for a wide geographical area considering the position of
the initially associated eNB, this approach mostly holds for
centralized architectures. In decentralized schemes, we envision smaller service areas and MME pool areas; thus, additional
mechanisms to reduce the frequency of service area/MME pool
area relocations are recommended. In [21], a self-organized
method, which adopts the tracking areas according to the user
mobility taking into account long-term history data, is introduced based on graph partitioning heuristics. In this paper, we
complement such methods by introducing a handover manage-

ment policy that selects neighboring eNBs to avoid service area
relocations whenever possible. The proposed handover policy
is also equipped with a hysteresis mechanism to avoid frequent
handovers related to UE located at the edge of a cell and
exposed to ping-pong effects.
III. P ROPOSED S OLUTIONS FOR THE S UPPORT OF
H IGHLY M OBILE U SERS IN D ECENTRALIZED
M OBILE N ETWORKS
Before elaborating on the details of our solutions toward
supporting highly mobile nodes in decentralized networks, we
stress that, while the description in this paper relates to evolved
UMTS terrestrial radio access network (eUTRAN), the same
applies to UMTS and other types of mobile networks. In the
case of UMTS, MMEs, eNBs, S-GWs, P-GWs, and service areas map onto SGSNs, base stations or RNCs, SGSNs, GGSNs,
and routing areas or location areas, respectively.
A. Smart P/S-GW Relocation for Highly Mobile UE in
Idle Mode
As stated earlier, the current 3GPP architecture is centralized
with relatively few P-GWs, which serve a high population of
UE within a broad geographical area. In such an arrangement,
the network, specifically MMEs, may disconnect UE whenever
an optimal P-GW becomes available without considering any
user-related intelligent information but simply following certain
static predetermined rules, e.g., based on geographical distance.
For specific UE in idle mode, P-GW relocation may occur
by having the network disconnect the UE and immediately
triggers the UE to reconnect to the network. Some applications,
running on the UE, may then be forced to reregister/subscribe
again [e.g., instant messaging or applications based on the
session initiation protocol (SIP)]. In such case, the state of
applications when they refresh their registration/subscription
and the impact of the forced disconnection may potentially
cause disruptions on ongoing communications. In case P-GW
relocation is triggered for every handover conducted by the
UE, the user will be always connected to the optimal P-GW,
but this comes at significant signaling overhead. Of particular
interest, for fast/far-moving UE (e.g., users using smartphones
on board bullet trains), this will clearly cause a large number of
unnecessary signaling that shall waste network resources, not to
mention the negative impact on the UE battery lifetime. Admittedly, such a per-handover P-GW relocation solution, referred
to as baseline GW relocation (or Solution 1) throughout this
paper, is straightforward and has minimal impact on the MME.
It requires no knowledge (at the MME) about the user behavior
nor about any information regarding the type of applications
running on the UE.
Fig. 3 shows schematic flowcharts of four alternative solutions to the aforementioned baseline GW relocation method.
As the first alternative solution (to Solution 1), the MME may
disconnect the UE with some intelligent logic. In particular, in
one solution, the MME could take into account the history of
UE mobility (e.g., number of handoffs/TAUs performed during
a specific period) to decide whether to immediately disconnect
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Fig. 4. Lack of coordination among the core–RAN and S-GW relocations.

Fig. 3. Schematic flowcharts of the proposed solutions. (a) Distance based.
(b) Session based. (c) Hybrid based. (d) User context based.

the UE or to delay the disconnection request until after a
predetermined period and/or after the occurrence of a number
of handoffs and/or TAUs (e.g., when the UE migrates to a cell k
hops far away from the initial cell, which the UE was associated
at the time of the PDN connection setup). In comparison to the
described baseline GW relocation approach (i.e., Solution 1),
this UE mobility-aware GW relocation method [referred to as
Solution 2 throughout this paper; see Fig. 3(a)] reduces the
frequency of PDN disconnection requests and consequently has
less impact on the UE battery lifetime. However, the solution
intuitively relies on some intelligent logic at the MME as the
MME needs to keep track of UE’s mobility.
In a further alternative solution, the MME may indicate
the possible availability of an optimal P-GW in the TAU
response without enforcing the disconnection. The disconnection is enforced only at specific areas, such as service area
boundaries. Compared with the baseline GW relocation and
the UE mobility-aware GW relocation approaches, this solution
[referred to as Solution 3 throughout this paper; see Fig. 3(b)]
is clearly efficient in terms of reducing signaling as it enforces
PDN disconnection only at service area boundaries and does
not require any intelligent logic, such as considering the UE
mobility pattern at the MME (i.e., simple implementation).
Furthermore, it provides UE with the flexibility to decide when
to request the establishment of a new PDN connection (via
the optimal P-GW) based on the type of applications being
active and their state. Indeed, this flexibility allows the UE,

for example, to reestablish the PDN connection—if it was
previously indicated by the network—when the application
updates its periodic registration/subscription status, and not just
after, which would require another reregistration/subscription.
In another approach combining Solutions 2 and 3 [and referred
to as Solution 4 throughout this paper; see Fig. 3(c)], the MME
may disconnect UE for a given number of times as in the baseline GW relocation method (i.e., Solution 1), and after that, the
MME indicates the possible availability of an optimal P-GW
in the TAU response without enforcing the disconnection (as
in Solution 3). In Solution 5, employing some level of contextawareness [see Fig. 3(d)], UE devices with a history record for
frequently initializing IP sessions during certain periods and/or
at certain locations are always connected to the optimal P-GW
during these periods of time and/or when the UE devices are
at these specific locations. Other UE devices are disconnected
and reconnected to an optimal P-GW only when they initiate an
IP session.
B. S-GW/MME Relocation Avoidance During Handover for
UE in Active Mode
As stated earlier, from the core network point of view, it is
highly preferable to avoid MME/S-GW relocation for UE in
active mode [4]. However, the handover decision is a pure RAN
decision. Fig. 4 shows the issue, in which UE, being currently
connected to eNB1, is about to perform handoff. Given the
current location of the UE, the UE has two possible target eNBs,
namely eNB2 and eNB3, as shown in Fig. 4. The two eNBs
are in two different service areas: eNB2 is in the same service
area 1, serviced by S-GW1, as source eNB1, and eNB3 is in a
different service area 2, serviced by S-GW2. After receiving
measurement reports from the UE, source eNB1 decides for
the UE which target eNB to hand over to. In case eNB2 is
selected, the S-GW relocation can be avoided. However, if
eNB3 is selected, S-GW relocation from S-GW1 to S-GW2
will be inevitable. The issue becomes further significant in the
case that S-GW2 is overloaded and shall be avoided. It should
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be noted that the addressed problem is just an example of the
conflict that may happen between functions at the RAN and
the core network, when they are run individually. A handover
optimization function that reflects S-GW relocation avoidance
in the handover decision is thus of vital importance, not only
for the UE’s QoE but also for supporting the GW selection
functions of the core network. It shall be noted that the S-GW
relocation issue may be also experienced in the case of handoff
with MME relocation (i.e., S-GW and S-GW service areas
can be replaced by MME and MME pool areas, respectively)
[8]. Admittedly, due to the relatively larger size of MME
pool areas (in comparison to S-GW service areas), handoffs
with MME relocation may be less frequent than handoffs with
S-GW relocation. We thus focus in this paper on handoffs with
S-GW relocation.
In general, a UE keeps sending measurement reports to the
eNB that it is currently connecting to (i.e., source eNB). These
measurement reports contain information about the detected
signal strengths from the different neighboring eNBs. Taking
into account the reported signaling strengths, in addition to
information regarding the load of each neighboring eNB, the
source eNB decides which eNB the UE shall hand off to (i.e.,
target eNB), encountering also the aforementioned issue. In
general, we propose that RAN, particularly the source eNB,
takes into account the possibility of S-GW/MME relocation in
the handoff decision based on a good coordination between the
RAN nodes and the core network nodes. This could be achieved
by having the information on the possibility of S-GW/MME
relocation available a priori to source eNB. Based on that, the
source eNB decides on optimal target eNB to avoid MME or
S-GW relocation. In the case of static S-GW service areas (e.g.,
S-GW is not UE specific), eNBs on the edge of each service
area can be preconfigured by operation and management with
such information. Alternatively, such information can be assessed by source eNB from the “distance” to the current S-GW
or can be explicitly indicated a priori by MME to the source
eNB when the UE handoffs to the source eNB. This indication
from MME is done only when required.
In an alternative solution, source eNB provides the MME,
e.g., in decreasing order of radio quality, a list of possible
target eNBs. The MME then recommends the best eNB to avoid
S-GW/MME relocation. It shall be noted that the source eNB
provides the MME with such feedback in case all possible target
eNBs have the same characteristics in terms of signal strength,
load, and/or other contextual information. Consulting the MME
could be also performed only when required by the MME, i.e.,
based on explicit indication/triggering.
IV. A NALYTICAL M ODEL
A. System Models
Here, we model the solution variants given earlier, including
Solutions 1, 2, 3, and 4, but not Solution 5, which is considered
later in the simulation study. The aim of these models is to quantify the frequency of users in being connected to their relevant
optimal P-GWs and the cost associated with disconnecting UE
devices once they are relocated from the prior optimal P-GWs.
The system is analyzed using Markovian models. We assume

Fig. 5.

Envisioned mobility models. (a) 1-D (linear) model. (b) 2-D model.

Fig. 6.

Modeling Solution 2 using the 1-D mobility model.

Fig. 7.

Modeling Solution 3 using the 1-D mobility model.

that the 3GPP network is divided into hexagonal cells and that
each cell represents an eNB wherein a P-GW is collocated.
Hence, each cell can be associated with a different P-GW. Two
random mobility models were used, namely the 1-D and 2-D
models. It shall be stated that since the distance between two
neighboring cells is usually on the order of few kilometers, such
random mobility model may be easily applicable to high-speed
vehicles. While the 1-D model is used when the UE mobility
is limited to a prespecified unidirectional trajectory, such as
roads, trains, and tunnels, the 2-D model suits better urban areas
where UE can move in any direction without restriction. Fig. 5
shows both mobility models. The obtained results will be then
employed to express the performance metrics in terms of the
probability to be connected to the optimal P-GW and the cost
of P-GW relocation.
1) 1-D Mobility Model: In this model, UE moves from one
cell to another cell with the same probability p = 1/2 (i.e., as
there are only two possible destinations). Let X(t) denote the
distance at instant time t from the UE’s location to the optimal
P-GW in terms of number of hops. The residence time of the
UE in each cell follows an exponential distribution with a mean
1/μ. Furthermore, the arrival rate of an application session in
the cell is assumed to follow a Poisson distribution with a mean
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Modeling Solution 4 using the 1-D mobility model.

λ. Thus, the interarrival time of an application session into a
cell follows an exponential distribution with a mean 1/λ. In the
following, we use this 1-D mobility model to model the given
solutions.
In Solution 2 (distance based), UE is disconnected once it
performs a handover toward an eNB with a distance k hops or
more away from the one associated with the optimal P-GW.
In this case, the system {X(t), t ≥ 0} forms a continuous-time
Markov chain (CMTC) with the state space {S1 = 0, 1, 2, . . . ,
(k − 1)}, as shown in Fig. 6. Let πs = limt→∞ Pr[X(t) = s],
s ∈ S1 , be the stationary probability distribution of X(t). The
balance equations to derive the stationary probability are given
as follows:
⎧ 2pμπ = pμπ + pμπ
0
1
k−1
⎪
⎪
⎪
⎪ 2pμπ1 = pμπ0 + pμπ2
⎪
⎨ 2pμπ = pμπ
s
s−1 + pμπs+1
(1)
2pμπ
=
pμπ
k−1
k−2
⎪
⎪
⎪
k−1
⎪
⎪  π = 1.
⎩

{0, 01 , 02 , . . . , 0(n) } represents the case of n consecutive
times that the optimal P-GW is maintained after each handoff.
Let πs = limt→∞ Pr[X(t) = s], s ∈ S3 , be the stationary probability distribution of X(t). In Fig. 8, the balance equations to
derive the stationary probability are given as follows:
⎧
thr−2

⎪
⎪
⎪
2pμπ0 = (λ + pμ)π1 + λ
πi + (λ + pμ)πthr−1
⎪
⎪
⎪
i=2
⎪
⎪
π0(1) = π0
⎪
⎪
⎪
⎪
π0(2) = π0(1)
⎪
⎪
⎪
⎪
⎪ ...
⎨
(3)
π0(n−1) = π0(n)
⎪
⎪
⎪
(λ + 2pμ)π1 = 2pμπ0 + pμπ2
⎪
⎪
⎪
⎪
(λ + 2pμ)πs = pμπs−1 + pμπs+1
⎪
⎪
⎪
⎪
(λ + 2pμ)πthr−1 = pμπthr−2
⎪
⎪
⎪
n+1
thr−1
⎪


⎪
⎪
πs +
π0i = 1.
⎩
s=0

i=1

s

s=0

In Solution 3 (session based), UE is disconnected upon
initiating a connection while not having an optimal P-GW.
Similar to Solution 2, the system {X(t), t ≥ 0} forms a CMTC
with the state space {S2 = 0, 1, 2, . . . , (thr − 1)}, as shown
in Fig. 7. The thr represents the size of the serving area (in
terms of number of hops), which means that, upon reaching
thr, the UE is disconnected even if it does not initiate a session. Let πs = limt→∞ Pr[X(t) = s], s ∈ S2 , be the stationary
probability distribution of X(t). As shown in Fig. 7, the balance
equations to derive the stationary probability are expressed as
follows:
⎧
thr−2

⎪
⎪
2pμπ0 = (λ + pμ)π1 + λ
πi + (λ + pμ)πthr−1
⎪
⎪
⎪
i=2
⎪
⎪
⎪
⎨ (λ + 2pμ)π1 = 2pμπ0 + pμπ2
(2)
(λ + 2pμ)πs = pμπs−1 + pμπs+1
⎪
⎪
(λ
+
2pμ)π
=
pμπ
⎪
thr−1
thr−2
⎪
⎪
thr−1
⎪

⎪
⎪
⎩
πs = 1.
s=0

It shall be noted that the model of Solution 2 is a special case
of Solution 3 when thr = k and λ = 0.
In Solution 4 (hybrid based), UE maintains the optimal
P-GW for n consecutive times. The UE is disconnected when
initiating a new session while not connecting to the optimal
P-GW. As in the precedent solutions, the system X(t), t ≥ 0,
forms a CMTC with the state space {S3 = 0, 0(1) , 0(2) , . . . ,
0(n) , 1, 2, . . . , (thr − 1)}, as shown in Fig. 8. The subchain

2) 2-D Mobility Model: Unlike the 1-D model, in the 2-D
model, UE devices have the possibility of visiting six neighboring cells. The probability that UE moves to one of these
cells is p = 1/6. Fig. 5(b) shows a service area where thr = 5.
Each service area contains (thr − 1) rings of cells. As in [24]
and [25], each cell is represented by its ring label and its
position in this ring. For instance, cells in ring k are denoted
Ck,j = (1 ≤ j ≤ 6k). It is worth mentioning that the ring label
represents the distance of UE from its optimal P-GW.
Similar to the 1-D model, let X(t) be the distance at instant
time t from the UE’s location to the optimal P-GW in terms
of number of hops. The residence time of the UE in each
cell Ci,j follows an exponential distribution with a mean 1/μ.
Furthermore, the arrival rate of an application session in the
cell follows a Poisson distribution with a mean λ. Thus, the
system {X(t), t ≥ 0} forms a CMTC with the state space
S4 = {Ci,j |0 ≤ i ≤ (thr − 1), 1 ≤ j ≤ 6i}. As it is defined,
this chain undergoes state-space explosion problem, particularly if the thr value is high. Accordingly, as in [24] and [25],
we propose reducing the state space by aggregating states that
show the same behavior. We obtain a new chain, noted A(t)
with lower number of states. To do so, we take advantage of
the symmetry of the 2-D model. In Fig. 5(b), we see that UE
devices in the first ring have the same behavior and can move to
each neighbor cells with the same probability. That is, UE devices come back to the cell with optimal P-GW with probability
p, stay in the same ring (same distance from the optimal P-GW)
with probability 2p, and move to ring 2 (increase the distance
from the optimal P-GW) with probability 3p.
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Ci and Cim , respectively. The balance equations to solve the
system are as follows:
⎧
l−1
⎪
thr−2
thr−2
2

 
⎪
(j)
λ+pμ
⎪
λ
λ
⎪
π
=
π
+
π
+
πl
0
1
j
⎪
μ
μ
μ
⎪
⎪
j=2
j=1
l=2
⎪
⎪
⎪
⎪
 thr−2
2
⎪

⎪
(j)
⎪
⎪
+ λ+3pμ
πthr−1 + λ+2pμ
πthr−1
⎪
μ
μ
⎪
j=1
⎨
(1)

Fig. 9. Modeling Solutions 2 and 3 using the 2-D mobility model.

Thereby, all states of ring 1 can be aggregated into one
state. Regarding the second ring, we differentiate between two
cases. The first one is if the UE leaves the service area with
probability 3p instead of 2p in the second case. Therefore,
∗
aggregates states
we obtain two aggregated states: State C2,0
∗
aggregates states
{C2,1 , C2,3 , C2,5 , C2,7 , C2,9 , C2,11 }, and C2,1
{C2,2 , C2,4 , C2,6 , C2,8 , C2,10 , C2,12 }. Based on the algorithm
presented in [24], we obtain the following aggregated states
for the case of thr = 5, and note that the cell notation ring is
organized in a clockwise manner, beginning with cell Ci,1 at
the top of the ring
C0∗ = C0 = {C0,0 }
C1∗ = C1 = {C1,1 , C1,2 , C1,3 , C1,4 , C1,5 , C1,6 }
∗
C2,0
= C2 = {C2,1 , C2,3 , C2,5 , C2,7 , C2,9 , C2,11 }
∗
= C2
C2,1

(1)

= {C2,1 , C2,3 , C2,5 , C2,7 , C2,9 , C2,11 }

∗
C3,0
= C3 = {C3,1 , C3,4 , C3,7 , C3,10 , C3,13 , C3,16 }
∗
= C3
C3,1

(1)

= {C3,2 , C3,3 , C3,5 , C3,6 , C3,8 , C3,9 , C3,11 ,
C3,12 , C3,14 , C3,15 , C3,17 , C3,18 }

∗
C4,0

= C4 = {C4,1 , C4,5 , C4,9 , C4,13 , C4,17 , C4,21 }

∗
= C4
C4,1

(1)

= {C4,2 , C4,4 , C4,6 , C4,8 , C4,10 , C4,12 , C4,14, ,
C4,16 , C4, 18 , C4, 20 , C4,22 , C4,24 }

∗
= C4
C4,2

(2)

= {C4,3 , C4,7 , C4,11 , C4, 15 , C4,19 , C4,23 }.

As proven in [24], the new aggregated chain A(t), raised
from the initial Markovian chain X(t), is also Markovian.
Consequently, the system in the case of the 2-D mobility
model is also forming a CMTC. In the following, we model
Solutions 2, 3, and 4 using the 2-D mobility model. As stated
earlier, Solution 2 is a special case of Solution 3 when λ =
0 and thr = k. Therefore, we consider only one model for
Solutions 2 and 3. Fig. 9 shows the transition diagram of the
aggregated Markov chain when thr = 5. Based on this figure,
we can derive the stationary probability of the aggregated states

6pμ
2pμ
pμ
2pμ
π1 = λ+6pμ
π0 + λ+6pμ
π1 + λ+6pμ
π2 + λ+6pμ
π2
⎪
⎪
⎪
(1)
(1)
pμ
pμ
2pμ
pμ
⎪
⎪
⎪ π2 = λ+6pμ π1 + λ+6pμ π3 + λ+6pμ π2 + λ+6pμ π3
⎪
⎪
(1)
pμ
pμ
⎪
⎪ πthr−1 = λ+6pμ
πthr−2 + λ+6pμ
πthr−1
⎪
⎪
⎪
⎪
(∀3 ≤ i ≤ thr − 2)
⎪
⎪
⎪
(1)
(1)
⎩ π = pμ π + pμ π
2pμ
pμ
i
λ+6pμ i−1
λ+6pμ i+1 + λ+6pμ πi−1 + λ+6pμ πi+1
(4)

where x is the smallest positive integer greater than or equal
to x, and
⎧ (1)
(1)
2pμ
2pμ
pμ
π = λ+6pμ
π1 + λ+6pμ
π2 + λ+6pμ
π3
⎪
⎪
⎪ 2(1)
⎪
(1)
(1)
2pμ
2pμ
2pμ
pμ
⎪
⎪
π3 = λ+6pμ
π2 + λ+6pμ
π3 + λ+6pμ
π2 + λ+6pμ
π3
⎪
⎪
⎪
(1)
(2)
⎪
pμ
2pμ
⎪
+ λ+6pμ
π4 + λ+6pμ
π4
⎪
⎪
⎪
⎨ (1)
(1)
(1)
2pμ
2pμ
pμ
pμ
π4 = λ+6pμ
π3 + λ+6pμ
π4 + λ+6pμ
π3 + λ+6pμ
π5
(2)
(2)
⎪
2pμ
pμ
⎪
+ λ+6pμ
π4 + λ+6pμ
π5
⎪
⎪
⎪
⎪
(∀5 < i < thr − 1)
⎪
⎪
⎪
(1)
a(pμ) (1)
⎪
⎪ πi(1) = 2pμ πi−1 + 2pμ πi + pμ πi−1
+ λ+6pμ
πi+1
⎪
λ+6pμ
λ+6pμ
λ+6pμ
⎪
⎪
⎩
(2)
a(pμ) (2)
pμ
+ λ+6pμ πi + λ+6pμ πi+1
(5)
where

1, if 5 ≤ i ≤ thr − 2
a=
0, if i = thr − 1
 i−1
⎧
⎪
⎨ ∀ (6 < i < (thr − 1) and 2 ≤ j ≤ 2 − 1
(j)
(j−1)
(j+1)
(j−1)
pμ
b1 pμ
pμ
πi = λ+6pμ
πi
+ λ+6pμ
πi
+ λ+6pμ
πi−1
⎪
⎩
(j)
(j)
(j+1)
pμ
b2 pμ
b2 pμ
+ λ+6pμ
πi−1 + λ+6pμ
πi+1 + λ+6pμ
πi+1

(6)

where

⎧
⎨ 1, if i is odd.
 i−1
b1 = 1, if i is even and 2 ≤ j ≤ 2 − 2
⎩
−1
2, if i is even and j = i−1
2

0, if 6 ≤ i ≤ thr − 2
b2 =
1, if i = thr − 1

(∀2 ≤ l ≤ thr−1
)
2
(l)
(l−1)
(l−1)
(l)
pμ
pμ
c1 pμ
π2l = λ+6pμ
π2l + λ+6pμ
π2l−1 + λ+6pμ
π2l+1

where
c1 =



0,
1,

(7)

if l = thr−1
2
otherwise

⎧
thr−2
⎪
⎨ ∀2 ≤ l ≤ 2
(l)
(l−1)
(l)
(l−1)
pμ
pμ
pμ
π2l+1 = λ+6pμ
π2l+1 + λ+6pμ
π2l+1 + λ+6pμ
π2l
⎪
⎩
(l)
(l)
(l+1)
pμ
c2 pμ
c2 pμ
+ λ+6pμ
π2l + λ+6pμ
π2l+2 + λ+6pμ
π2l+2

(8)
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Fig. 10. Modeling Solution 4 using the 2-D mobility model.

where

c2 =

0,
1,

if l = thr−2
2
otherwise
thr−1 

thr−1

i−1
2

(m)

πi +
i=0

πi
i=2

= 1.

(9)

Cdisconnection = NNbr−sign−msg ∗ Sizemsg

m=1

It shall be noted that (6)–(8) result from the aggregation process. Equation (5) represents the states rising from the first
level of aggregation, whereas (6)–(8) relate to another level of
aggregation. (For further details on the aggregation process and
the used algorithm, see [24].)
For the modeling of Solution 4, we consider the same
reasoning as for the precedent solutions. In this solution,
the state space increases by including the sub chain {0, 0(1) ,
0(2) , . . . , 0(n−1) , 0(n) }, which represents n consecutive times
that the optimal P-GW is maintained after each handover.
Fig. 10 shows the CMTC of Solution 4. Based on this figure,
we can derive the steady-state probability of the aggregated
states Ci and Cim , respectively. The only equations that change
or appear from the model of Solutions 2 and 3 are
⎧ π0 = π0(1)
⎪
⎪
⎪ π0(2) = π0(1)
⎪
⎪
⎪
⎪ ..
⎪
⎪
⎨.
π0(n−1) = π0(n)
6pμ
2pμ
pμ
pμ
⎪
π1 = λ+6pμ
π0(n) + λ+6pμ
π1 + λ+6pμ
π2 + λ+6pμ
π2(1)
⎪
⎪
⎪
⎪
i−1
⎪
⎪
thr−1
2

 i thr−1
 
⎪ thr−1
(m)
⎪
⎩
πi +
π0 +
πi = 1.
i=0

i=0

i=2

The second metric we consider is the cost (COST) of P-GW
relocation procedure (UE disconnection). Each solution incurs
a cost, in terms of signaling messages, which is important to
study. The cost of one UE disconnect procedure is defined as
the amount of signaling traffic exchanged between the network
and the UE. It is computed as follows:

m=1

(10)
B. Performance Metrics
By resolving the systems presented earlier, we can evaluate
the performance of the proposed solutions. Two metrics were
considered. The first one is the probability that UE is connected
to the optimal P-GW. Obviously, for Solutions 2 and 3, this
value represents the probability to be in state 0 (π0 ). In the
case
4, this probability is derived as follows: (π0 +
n of Solution
i
π
).
i=1 0

(11)

where NNbr−sign−msg denotes the number of exchanged messages when a P-GW relocation is triggered, and Sizemsg denotes the average size of signaling messages.
To compute the average cost (noted COST) of each solution,
we differentiate between the case of 1-D model and that of
2-D model. In the case of the 1-D model, the cost is computed
as follows for Solutions 2 and 3. Recall that the result of
Solution 2 can be obtained by setting λ = 0 and thr = k
COST =

λ
λ + 2pμ

thr−2

πi +
i=1

λ
πthr−1
λ + 2pμ
∗Cdisconnection .

(12)

For Solution 4, the cost is obtained as follows:
n

COST =

π0 i +
i=1

λ
λ + 2pμ

thr−2

πi +
i=1

λ + pμ
πthr−1
λ + 2pμ

∗Cdisconnection .

(13)

Regarding the 2-D model, we follow the same principle by
separating the cost of Solutions 2 and 3 from Solution 4. The
following equations represent the cost when using Solutions 2
and 3, and the cost when using Solution 4, respectively:
⎞
⎛
⎡
i−2
thr−2
thr−2  2
λ
⎜
⎢
(j) ⎟
πi +
πi ⎠
COST = ⎣
⎝
λ + 6pμ
i=1
i=2 j=1
⎛
+

λ + 2pμ ⎜
⎝
λ + 6pμ

 thr−2
2

⎞⎤
(j) ⎟⎥
πthr−1 ⎠⎦ ∗ Cdisconnection

j=2

(14)

3390

IEEE TRANSACTIONS ON VEHICULAR TECHNOLOGY, VOL. 63, NO. 7, SEPTEMBER 2014

⎡
⎢
COST = ⎣

n

⎛

π0 i + λ ⎜
⎝
λ + 6pμ

thr−2 

thr−2

i=1

l−2
2

πi +
i=1

⎞
(j) ⎟
πl ⎠

l=2

⎞⎤
⎛
 thr−2
2
λ + 2p ⎜
(j) ⎟⎥
πthr−1 ⎠⎦ ∗ Cdisconnection .
+
⎝
λ + 6pμ
j=1
(15)
Equations (12)–(15) represent the average COST for the
different solutions. The average COST depends on the cost of
one disconnection [see (11)] but also on the state when the
P-GW relocation is triggered. The latter is stochastic and depends on the probability to be in each state. For instance, in
Solutions 2 and 3, the relocation is done only after k distance
from the optimal P-GW. This explains why in (12), by replacing
λ by zero and thr by k, the average COST will depend only on
state k − 1.

Fig. 11. Impact of distance threshold k on the optimal P-GW connection
probability in the distance-based solution (Solution 2).

V. P ERFORMANCE E VALUATION
Following the description of our proposed schemes, here, we
provide a performance comparison of the discussed solutions
based on an analytical study using Markov models and through
simulations performed via MATLAB. We initially provide
an analytical comparison using Markov-based models of the
P/S-GW relocation solutions for highly mobile UE using a
broad range of values for the update distance threshold, sessionto-mobility ratio, session arrival rate, and the number of consecutive relocations. Such a study is then complemented by a set
of simulations that evaluate the user context and history-based
solution (i.e., Solution 5), where using a Markov-based model
is not feasible as this solution is based on user history. Indeed
user behavior is easier modeled via simulation, which captures
the user habits in a number of prior simulation runs that feed
the system with user-context/mobility history data. Simulations
are also conducted to evaluate the proposed scheme regarding
S-GW relocation avoidance during handover for UE in active
mode since the network layout in combination with the user
behavior are modeled in a more realistic way.
A. Numerical Results
Here, we present numerical results obtained by resolving
the Markov models, which compare the proposed solutions in
terms of the probability of UE to be connected to the optimal
P-GW and the cost associated with each solution. Based on the
3GPP specifications [4], the number of messages exchanged
(NNbr−sign−msg ) between the network and mobile UE is fixed
to 12. We assume that each message has an average size
(Sizemsg ) of 10 B. Further, the results are obtained with the following settings: k = 15 (Solution 2) and thr = 15 (Solutions 3
and 4).
Figs. 11 and 12 show the impact of the threshold distance k
on Solution 2 in terms of the probability of UE being connected
to the optimal P-GW and the cost associated with P-GW relocation, respectively. The results are for both mobility models.

Fig. 12. Impact of distance threshold k on the P-GW relocation cost in the
distance-based solution (Solution 2).

We clearly see that both metrics are decreasing functions of k,
whereby the lowest probability and cost are obtained for high
values of k. This is a consequence of the fact that increasing
the distance threshold reduces the cost since disconnections
of the UE become less frequent, but at the same, it reduces
the probability of the UE being connected to the optimal
P-GW as the UE moves far away from the initial/original
eNB and the associated P-GW loses its optimality, given the
current location of the UE. Accordingly, the value of k defines
a tradeoff between reducing the P-GW relocation cost and the
user’s perceived QoE.
Figs. 13 and 14 show the impact of n on the hybrid solution
(i.e., Solution 3) in terms of the optimality of the currently
used P-GW and the P-GW relocation cost, respectively. The
results are obtained for different values of session-to-mobility
ratio (λ/μ). While high values of this ratio mean that the
UE is establishing sessions more frequently than performing
handoffs, low values represent the case when the UE frequently
performs handoffs. Clearly, for high values of n, both the
probability of the UE to be connected to an optimal P-GW
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Fig. 13. Impact of n on the optimality of the currently used P-GW in the
hybrid solution (Solution 3).
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Fig. 15. Probability of UE to be connected to the optimal P-GW for different
session-to-mobility ratios. Case of 1-D mobility model.

Fig. 14. Impact of n on the P-GW relocation cost in the hybrid solution
(Solution 3).

and the cost increase. This performance is expected as, by
increasing n, the frequency of P-GW relocations increases,
which increases the probability of the UE to be often connected
to the optimal P-GW and, hence, the cost. For high values of
n, the behavior is identical to Solution 1. Another observation
is that increasing the session-to-mobility ratio increases both
the probability of the UE to be connected to the optimal
P-GW and the cost. This is mainly due to the fact that frequent
establishment of IP sessions while residing in the same macrocell increases the overall frequency of relocations to the optimal
P-GW.
Figs. 15 and 16 plot the probability of UE to be connected
to the optimal P-GW for different session-to-mobility ratios
in the case of the 1-D mobility model and the 2-D mobility
model, respectively. The two figures compare the results of
Solutions 1 (optimal), 2 (distance based), 3 (session based),
and Solution 4 (hybrid based). We first remark that Solutions 1
and 2 exhibit constant probability, regardless the value of the
session-to-mobility ratio. Solution 1 disconnects UE for each
handoff, which always ensures a connection to the optimal
P-GW and hence achieves the best results, whereas the worst
results are obtained in Solution 2, which is affected only by
the threshold k (which is set to a fixed value in these figures).

Fig. 16. Probability of UE to be connected to the optimal P-GW for different
session-to-mobility ratios. Case of 2-D mobility model.

Moreover, we observe that, compared with Solution 3,
Solution 4 achieves the highest probability of UE to be connected to the optimal P-GW as it forces the UE to disconnect for n consecutive handoffs and afterward triggers UE
disconnection per IP session establishment. This probability
increases along with an increase in session-to-mobility ratio,
and reaches the same value as in Solution 1 for high values.
In Solution 3, UE connectivity with the optimal P-GW exhibits lower probability compared with Solution 4. However,
similar to Solution 4, such probability achieved in the case of
Solution 3 increases along with the increase in the sessionto-mobility ratio as the frequency of P-GW relocations also
increases. The lowest probability is obtained in the case of
Solution 2, which triggers P-GW relocation only when the UE
is at 15 hops away from the eNB collocated with the currently
used P-GW.
Figs. 17 and 18 plot the P-GW relocation cost for different
session-to-mobility ratios in the case of the 1-D mobility model
and the 2-D mobility model, respectively. The highest cost
is incurred in the case of solutions that ensure the highest
probabilities of UE to be often connected to the optimal
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Fig. 17. P-GW relocation cost for different session-to-mobility ratios. Case of
the 1-D mobility model.

Fig. 18. P-GW relocation cost for different session-to-mobility ratios. Case of
the 2-D mobility model.

P-GW. This is intuitively due to the fact that these solutions
invoke P-GW relocations more frequently, which incurs higher
cost. In the case of Solutions 2 and 3, the cost increases along
with an increase in session-to-mobility ratio as these solutions
trigger P-GW relocations when a new IP session is initiated.
The maximum cost is incurred in Solution 1, whereas the lowest
cost is attained in Solution 2.
B. Simulation Results
As previously stated, the simulation study mainly concentrates on evaluating the user-context solution, namely Solution 5,
which is based on user behavior and history statistics. In
particular, for users in active mode, it is possible to develop their
mobility and activity history with fine granularity, at the level of
access points. Mobility history can be also obtained for users in
idle mode but with a granularity that corresponds to relatively
larger areas, such as tracking areas (i.e., set of eNBs), service
areas, or MME pool areas in the context of EPS, and routing
areas in the context of UMTS. The user-context information is
modeled based on monitored user activity from prior simula-

tions. Indeed, we run the simulations multiple times, and for
each simulation run, we record the user mobility (as described
below) and the locations (i.e., eNB ID) and time instances when
users initiate an IP session. In the simulations, an IP session
is modeled by its initiation time and its duration (randomly
selected from within an interval). We then develop a contextual
profile of users, including their mobility patterns and the set
of sessions (location, time, and duration) that they initiate. To
introduce more realistic scenarios, we considered the difficulty
of predicting the user behavior with absolute precision. Hence,
errors are introduced deliberately by altering the user-context
prediction in terms of mobility and activity, with a certain
specified error percentage. To enrich the results, simulations are
used to provide a diverse flavor of mobility beyond the random
mobility model considered in the Markov-based analysis and to
assess the impact of the proposed P-GW solutions under a range
of nonuniformly structured network topologies. Regarding the
nonrandom mobility model considered in the simulations, we
assume users driving around predefined locations, representing
vehicle drivers (e.g., taxis or transport vehicle drivers) that
perform regular trips among points of attraction. To do so, we
assigned points of attractions for each simulated user (UE) and
simulated their movement toward these points of attractions at
a high probability. We run the simulations multiple times. For
each simulation run, we take records of the users’ mobility.
These records are used to develop (i.e., predict) a mobility
pattern that is associated with each simulated user. While the
predicted mobility pattern does not always accurately match
the actual mobility of a user in every new simulation run, we
deliberately introduce further errors in the predicted mobility
pattern. This is to simulate relatively realistic scenarios as in
real life and to predict, all but impossible, the mobility of
users with high accuracy. In addition, we evaluate the proposed
S-GW relocation avoidance scheme, which was not considered
in the prior analysis and demonstrate its potential in improving
the handover performance in the EPS system.
The RAN is formulated as a graph G(V, E) with V eNBs and
E indicating adjacency between neighboring cells. To provide
a representative result sample considering a dense network
arrangement, our study adopts the Erdos–Renyi model [26],
wherein the G(V, p) is used to create a random instance for
the simulation topology with V = 80 number of eNBs and
p = 0.12 probability of adjacency between two cells. Such a
model is adopted to create a series of random and relatively
dense RAN topology instances. Such network deployment may
represent a network composed by small cells, wherein network
decentralization is envisioned. For simplicity, the coverage
among neighboring eNBs is assumed to be ideal, assuming no
fading and no interference. Effectively, our study and results
concentrate solely on the effect of the different GW relocation
schemes.
In the following, we assume that 30 UE devices reside in
the RAN while being in idle mode, each starting an application
session following a Poisson distribution with a mean rate λ =
0.5 per minute. For the performance evaluation of the different
P-GW relocation schemes, we consider a highly decentralized
mobile network similar to the one considered in the Markovbased analysis, assuming P-GWs being collocated with eNBs.
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Fig. 19. Performance evaluation of P-GW relocation methods without considering user-context information: signaling overhead due to P-GW relocation.

Fig. 20. Performance evaluation of P-GW relocation methods without considering user context information: P-GW optimality.

The simulations were run for a duration of 50 min considering
all five P-GW relocation schemes discussed, (i.e., Solutions 1,
2, 3, 4, and 5), in which the update distance k = 15 hops for
Solution 2 and the consecutive number of optimal updates is
thr = 15 for Solutions 3 and 4, respectively. As before, the
evaluation of the proposed methods is performed considering
the tradeoff between the P-GW relocation overhead and P-GW
optimality upon initiating an IP session (e.g., probability of
UE to be connected to the optimal P-GWs). In particular, the
P-GW relocation overhead is measured as the number of P-GW
relocations per UE in the entire network, whereas the P-GW
optimality is measured as the percentage of UE devices that are
associated with the optimal P-GW at the time when they initiate
a new IP session. The simulations are performed by altering the
mean cell residence time 1/μ = {0.5, 1, 1.5, 2.0, 2.5} min to
evaluate the performance of the proposed schemes for different
mobility speeds. It is important to note that the simulations
were run multiple times and the obtained results represent an
average of these runs. The confidence interval values of the
obtained optimal P-GW percentages was 3%–4% in the case
of Solutions 3 and 4, whereas the results obtained in the case
of the other approaches exhibited confidence interval values of
less than 2%. Considering the overhead measurements, results
obtained in the case of all approaches experienced less than
4%–5%. Such values are low and indicate, on one hand, the
stability of the simulations and, on the other hand, the validity
of the obtained results.
Figs. 19 and 20 show the signaling overhead associated with
P-GW relocations and the P-GW optimality for Solutions 1–4,
respectively. A general observation is the strong correlation
between the P-GW relocation overhead and the P-GW optimality, matching the Markov-based analysis. A high number
of P-GW updates produces a high degree of P-GW optimality.
Solution 1 ensures constant P-GW optimality irrespective of
speed, at the cost of significantly high signaling overhead,
whereas the nonoptimal approaches, Solutions 3 and 4, are 30
to 70% less accurate than Solution 2, introducing the minimum

overhead at the cost of almost no P-GW optimality. Solution 3
disconnects UE devices and reconnects them back only upon
the attempt to establish a new IP session. UE devices need
to be then first allocated a P-GW before the actual delivery
of data. This intuitively increases the connection establishment delay. All other solutions avoid increasing the connection
setup delay since UE devices are always associated with a
corresponding P-GW, although they introduce suboptimal routing, which results in increased end-to-end delays. For higher
speeds or shorter cell residence times, the difference in the
signaling overhead between the optimal approach (Solution 1)
and the remaining approaches increases, whereas for lower
speeds, all nonoptimal approaches incur a similar amount of
signaling overhead, with the exception of Solution 2, which is
always zero.
The performance of the distance-based approach, i.e.,
Solution 2, hinges on the UE’s mobility pattern and on the
traveled distance threshold after which P-GW relocation occurs. Hence, this solution is beneficial for relatively low number
of UE devices, i.e., users that do not communicate frequently,
whereas for other users, its performance is proportional to the
P-GW update frequency. Effectively, Fig. 20 demonstrates that
the distance-based approach (Solution 2) with a random mobility model incurs a lower percentage of using the optimal
P-GW compared with the equivalent one, whereby movement
is centered around particular locations within the vicinity of
the optimal P-GW, despite the fact that both approaches have
the same distance limit. In terms of P-GW overhead, both
approaches exhibit similar results, as shown in Fig. 19. The
hybrid and session-based approaches, i.e., Solutions 3 and 4,
incur similar signaling overhead for lower speeds, i.e., when
the cell residence time is high, while for higher speeds
Solution 4 produce about three time more overhead compared
with Solution 3. In terms of P-GW optimality, the hybrid
approach outperforms the session-based one. The magnitude
of this better performance decreases as the cell residence time
increases.
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Fig. 21. Enhancing the performance of P-GW relocation considering user
context information: signaling overhead due to P-GW relocation.

Fig. 22. Enhancing the performance of P-GW relocation considering user
context information: P-GW optimality.

The user-context based approach, i.e., Solution 5, provides
high P-GW optimality, close to the optimal solution, while
resulting in 25%–50% less signaling overhead, i.e., when the
information regarding the behavior of particular UE is 90% accurate (see Figs. 21 and 22). However, in practice, it is difficult
to predict, with so small error, the behavior of users in terms
of IP session establishment. For this reason, we deliberately
inserted a higher level of errors in the prediction of the user
behavior. Figs. 21 and 22 plot the signaling overhead and the
P-GW optimality in the case user behavior is predicted with
40% error. As comparison terms, we use the optimal solution,
i.e., the session-based and the hybrid ones. When there are
errors in the user behavior prediction, the P-GW optimality
degrades when the user-context-based approach is used. This
degradation increases along with errors in the prediction. However, the signaling overhead remains comparable to the other
schemes. These results demonstrate that with more accurate

Fig. 23.

S-GW relocation frequency for different call-to-mobility factor.

knowledge on user behavior, an operator can largely improve
the usage of its resources.
For studying the performance of the S-GW relocationavoidance-based handover scheme, we assume that neighboring
cells overlap creating regions where all participant eNBs exhibit
an equal quality of radio characteristics, i.e., UE has similar
signal strength. Such conditions introduce an equal handover
selection potential for UE residing by the edge of a cell. MME
may select, for UE that needs to perform an imminent handover, a random neighbor eNB under the conventional handover
scheme (i.e., UE that measures an equal signal strengths);
whereas, using the proposed handover scheme, the source eNB
commands the associated UE to hand over toward a neighbor
eNB within the same service area, avoiding therefore S-GW
relocation. A pool of S-GWs is associated with the RAN,
assuming that each incoming UE is assigned to the optimal
S-GW following the paradigm described in [8], whereby the
selected S-GW always resides in the middle of the service area.
Once the UE performs a series of consecutive handovers, which
occurs after a movement of more than two eNBs away from the
initial eNB, the system enforces a S-GW relocation.
Assuming that incoming users arrive independently following a Poisson distribution with an average arrival rate λ = 40
users per minute and that the cell residence time is exponentially distributed with a mean d = 2 min, we vary the mean
session holding time, which is also a random exponential
variable, within the range of 1/μ = {2, 4, 6, 8, 10} min. The
underlying mobility model used is a random-based one, and the
simulation is run for 20 min, which is long enough to obtain
stable results.
Fig. 23 shows the mean number of total S-GW relocations,
experienced in the case of the conventional and proposed
schemes, for different values of the call-to-mobility factor,
which is defined as λ/μ. The figure clearly indicates the superiority of the proposed handover scheme in reducing the number
of S-GW relocations. We also observe that the number of
S-GW relocations increases along with an increase in the callto-mobility factor and the average difference between the two
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schemes ranges from 15% to 30%. It should be noted that the
results depend on the network topology and the underlying
mobility scheme, with the random mobility model indicating
a typical performance difference.
VI. C ONCLUSION
To cope with the emerging mobile traffic, many mobile
operators are interested in decentralizing their networks. This
network decentralization will not be effective unless mobility
management techniques are also rethought. In this vein, this
paper introduced two schemes, particularly designed for users
with high-mobility features, such as smartphone users on board
vehicles. In one aspect of the paper, solutions were proposed to
avoid, whenever possible, unnecessary S-GW/MME relocation
during a handoff operation of UE in active mode. For UE in
idle mode and traveling for a long distance and/or at a high
speed, a number of solutions were proposed to notify these UE
devices of the availability of optimal data anchor GWs while
minimizing unnecessary PDN disconnections. The proposed
optimizations all aim to avoid unnecessary signaling for the
PDN reconnection to an optimal data anchor GW and unnecessary application layer signaling for registration/subscriptionbased applications. The proposed solutions were analytically
modeled using a Markov model and considering both the 1-D
and 2-D mobility models. The solutions were proven to form a
CTMC. Based on these models, the solutions were analyzed,
and encouraging results were obtained. From the conducted
simulations and the obtained results, it has become clear that
approaches that allow the network to simply indicate to UE
the availability of an optimal PDN connection, without enforcing PDN disconnection, exhibit a better tradeoff in terms of
P-GW optimality and signaling overhead. In some of these approaches, disconnection can still be enforced whenever needed
(e.g., at service area boundaries).
Finally, by proposing different possible solutions and evaluating them, we were able to demonstrate the advantages and
drawbacks of each, which in turn depend on the underlying
scenario; the mobility pattern of the user, i.e., being on board
a local or high-speed train; and behavior of the user, i.e., UE
being used for web browsing, to watch YouTube videos, to
chat, etc. Which solution to use depends, to a large extent, on
the operators’ policies in how to handle these different possible
scenarios.
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