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Abstract

In a mobile communications network, the uneven spatial distribution of traffic demand can
be dealt with by redefining cell service areas. When resizing cells, network operators often aim
at equalizing call blocking rates throughout the network in the hope that this will maximize
the total carried traffic in the network. In this paper, an analytical teletraffic model for the
traffic sharing problem in GSM-EDGE Radio Access Network (GERAN) is presented. From
this model, a closed-form expression is derived for the optimal traffic sharing criterion between
cells. Using this expression, it can be shown that balancing call blocking rate between adjacent
cells is not the optimal strategy. Results show that using the optimal traffic sharing criterion
instead of balancing blocking rates across the network can increase network capacity, even
under restrictions in the cell resizing process.

1 Introduction

In recent years, the success of mobile communication services has led to an exponential increase of
traffic in cellular networks. Thus, traffic engineering has become one of the main areas of interest
for cellular network operators. For circuit-switched traffic, the availability of well-established traffic
models allows proper dimensioning of traffic resources during network design. However, as network
evolves, the matching between the spatial distribution of traffic demand and network resources
becomes poorer. Therefore, continuous adaptation of network resources is needed. As capital
expenditures are limited, the addition of new resources is kept to a minimum. In this situation,
traffic management remains the only solution to keep network performance within pre-specified
levels.

Managing circuit-switched traffic in a cellular network mainly consists of selecting the base sta-
tion to which every mobile station is attached. In GSM-EDGE Radio Access Network (GERAN),
this is performed by three Radio Resource Management (RRM) procedures: cell re-selection, call
admission control and handover, [1]. Fast traffic fluctuations are dealt with by advanced RRM
features, such as dynamic load sharing, [2], and dynamic half-rate coding, [3]. However, these pro-
cedures are unable to solve localized congestion problems caused by spatial concentration of traffic
demand, as shown in [4]. In the long term, these problems are solved by re-planning strategies,
such as the extension of transceivers or cell splitting. However, in the short term, the adaptation
of cell service areas is the only solution for cells that cannot be upgraded quickly. Cell resizing
is performed by modifying base station transmit power, [5], antenna uptilting/downtilting, [6], or
adjusting RRM parameter settings, [7][8][9]. Before applying these techniques, the operator has to
define the desired traffic share between network cells, for which an analytical network model can
be used.

Several analytical teletraffic models have been proposed in the literature for Time-Frequency
Division Multiple Access (TDMA/FDMA) cellular networks. Hong and Rappaport, [10], proposed
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their classical Markov chain model with Poisson fresh call and handover arrivals and exponential
service times to evaluate the performance of prioritizing and queueing handover requests. Guerin,
[11], extended the model to consider queueing of both fresh call and handover requests. Later
studies improved the model by considering more general distributions of channel holding time,
[12][13][14], correlated arrivals, [15][16], retrials, [17][18], multiple services, [19][20][21], and multiple
network layers, [22][23]. These models have been extended to other radio access technologies,
namely Code Division Multiple Access (CDMA), [24][25], and Orthogonal Frequency Division
Multiple Access (OFDMA), [26].

Most of the previous references use queueing models to evaluate the performance of novel
RRM algorithms. However, only a few references use these models to find an optimal network
parameter configuration for re-planning purposes, [27][28][29][30][31]. In [27], the design of a multi-
tier network is solved as an optimization problem, whose goal is to minimize total system cost and
the decision variables are the cell sizes and the number of channels per tier. In [28], the minimum
number of channels per traffic class in a channel reservation scheme is obtained based on an
analytical model of a multi-service scenario. More related to this paper, [29] and [30] formulate the
traffic sharing between adjacent cells as a classical optimization problem. In their approach, the
goal is to minimize call blocking in the network and the decision variables are the handover margins,
defined on a per-adjacency basis. For this purpose, the spatial traffic distribution is estimated
from measurement reports and mobile positioning data, respectively. In [31], an analytical model
of WCDMA cell capacity is used to minimize the total downlink interference in a real scenario by
tuning sector azimuths and antenna tilts. However, none of these references propose a closed-form
expression of the optimal solution for the traffic sharing problem. Thus, in these studies, the best
solution is found by heuristic search methods, without any proof of optimality.

In this paper, a novel method for determining the best traffic share between cells in a GERAN
system is presented. The proposed method computes the optimal spatial distribution of traffic,
given a certain distribution of network resources. The main decision variables are the traffic
demand originated by fresh calls and handovers in each cell. Two queueing models are presented,
corresponding to the cases when traffic is reallocated by tuning parameters in the call admission
control or the handover algorithm. For both models, a closed-form expression of the optimal traffic
sharing criterion is derived based on the properties of the Erlang-B formula. The analysis shows
that the common rule of balancing call blocking rates between adjacent cells is not the optimal
strategy. Performance assessment is carried out in a set of realistic test cases. During the tests, the
proposed exact method is compared with approaches currently used by network operators. The
main contribution of this paper is a novel criterion for balancing circuit-switched traffic between
adjacent cells, which can easily be integrated in automatic network optimization tools.

The rest of the paper is organized as follows. Section 2 formulates the traffic sharing problem
in the two network models considered, Section 3 presents the performance of several traffic sharing
criteria in different scenarios and Section 4 presents the main conclusions of the study.

2 Problem Formulation

This section outlines the problem of determining the optimal spatial traffic distribution when re-
planning an existing TDMA/FDMA cellular network. For this purpose, two different network
models are presented. A first naive model considers the case of re-distributing traffic demand by
tuning parameters in the call admission control algorithm. Then, a more refined model considers
the more realistic case of re-distributing traffic by tuning handover parameters under constraints
on the traffic re-allocation process.

2.1 Naive Model

In the first network model, shown in Figure 1, the network consists of a set of N base stations (or
cells) serving connection requests from users. These cells are heterogeneous in terms of capacity
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Figure 1: A naive model of the traffic sharing problem.

(i.e., each cell i has a different number of channels, ci). User demand is modeled by a unique flow of
calls that can be freely distributed among cells (i.e., full overlapping between all cells is assumed).
The call arrival process is a time-invariant Poisson process with overall rate λT . The service time
is an exponentially distributed random variable with parameter µ = 1/MCD, where MCD is the
mean call duration. Thus, the total offered traffic in the network is AT = λT /µ = λT ·MCD. The
assignment of a user to a cell is performed during connection set-up by the Call Admission Control
(CAC) algorithm and maintained throughout the call. Since there is no possibility of handling
over a call between cells, the channel holding time in a cell coincides with the call duration, and
the service rate per channel is identical in all network cells, i.e., µi = µ = 1/MCD. Finally, it is
assumed that a call attempt is lost if all channels in the cell are busy.

Most of the previous assumptions are widely used in the literature. The considered call arrival
and holding time distributions are standard for voice traffic in telecommunication systems, whether
fixed, [32], or mobile, [33]. The loss assumption is applicable to systems with access control and
without queueing or retrials (e.g., [10][25][26]). The permanent association of the mobile to the
cell where the call is initiated, equivalent to not modeling user mobility, has also been used in
many studies (e.g., [33][34]). Such an assumption is reasonable if cell size is large compared to the
distance traveled by the user during the call. More debatable is the condition of full overlapping
between cells, as will be discussed later.

Under these assumptions, the call blocking probability in a cell is given by the Erlang-B formula

E(Ai, ci) =

Ai
ci

ci!
ci∑

j=1

Ai
j

j!

, (1)

where Ai and ci are the offered traffic and the number of channels in cell i, respectively. The total
blocked traffic in the network is the sum of blocked traffic in each cell, computed as

AbT =
N∑
i=1

Abi =
N∑
i=1

Ai E(Ai, ci) . (2)

In this work, the decision of assigning a connection to a cell does not depend on the current
state of the system (as in RRM), but it is taken during the planning stage by defining cell service
areas. Hence, the goal of traffic sharing is to find the best partitioning of traffic demand among
cells so that the total blocked traffic is minimized. The underlying optimization problem can be
formulated as
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Minimize

N∑
i=1

Ai E(Ai, ci) (3)

subject to

N∑
i=1

Ai = AT , (4)

Ai ≥ 0 ∀ i = 1 : N . (5)

This formulation ensures a minimum total blocked traffic, given that the total offered traffic in the
network is AT and all offered traffic values in cells are non-negative.

In the Appendix, it is shown that the solution to (3)-(5) is the one satisfying that

E(Ai, ci) +Ai
∂E(Ai, ci)

∂Ai
= E(Aj , cj) +Aj

∂E(Aj , cj)

∂Aj
∀ i, j = 1 : N . (6)

The previous equation shows that the total blocked traffic is minimized when the indicatorE(Ai, ci)+

Ai · ∂E(Ai,ci)
∂Ai

is the same for all cells. Such an indicator, hereafter referred to as incremental blocking
probability, adds a term to the blocking probability, E(Ai, ci). This conclusion seems contrary to
the common practice of equalizing network blocking throughout the network. In a homogeneous
network, all cells have the same number of channels (i.e., ci = cj) and, for symmetry reasons, (6)
has a trivial solution Ai = Aj . In these conditions, equalizing any traffic indicator leads to the
optimal solution. However, when cells have different capacity, it is proved in the appendix that
balancing blocking probabilities (i.e., first term on both sides of (6)) does not lead to the optimal
solution.

An intuitive interpretation of the incremental blocking probability, IBP , can be given by using
that, [35],

∂E(Ai, ci)

∂Ai
= E(Ai, ci)

[
ci
Ai

− 1 + E(Ai, ci)

]
. (7)

Thus,

IBP (Ai, ci) = E(Ai, ci) +AiE(Ai, ci)

[
ci
Ai

− 1 + E(Ai, ci)

]
(8)

= E(Ai, ci) [1 + ci −Ai(1− E(Ai, ci))] .

By noting that {ci−Ai(1−E(Ai, ci))} is the average number of free channels in a cell with offered
traffic Ai and ci channels, Nfc(Ai, ci), (8) is re-written as

IBP (Ai, ci) = E(Ai, ci) [1 +Nfc(Ai, ci)] . (9)

Figure 2 shows the incremental blocking probability in a cell with increasing offered traffic for
different number of channels. It is observed that the incremental blocking probability is a non-
decreasing function of the offered traffic. Thus, it is clear that, in cells with a different number
of channels, the same value of incremental blocking indicator is reached with different values of
offered traffic. It should be pointed out that the values of ci in the figure reflect the number of
traffic channels (i.e., time slots) in a cell with 1, 2, 3 and 4 transceivers in a live GERAN network.

2.2 Refined Model

The naive model assumes that: a) users can be freely assigned to cells in the network, b) the
assignment of users to cells is performed during call set-up and not modified later, and c) all
cells can provide adequate coverage during the entire call. Under these assumptions, the desired
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Figure 2: Incremental blocking probability with different number of channels.

balancing effect only relies on the CAC procedure. Such a model, albeit intuitive, is unable to
capture two key issues in the cellular environment: user mobility and limited cell coverage.

As a call progresses, the user might leave the service area of the initial cell and enter that of a
surrounding cell. The HandOver Control (HOC) process ensures that a user is always connected
to the best serving cell. HOC decisions might cause that balancing actions taken by CAC become
ineffective, as HOC prevails over other mechanisms. Thus, calls diverted during call set-up would be
handed back to the best serving cell shortly after connection establishment. To avoid this situation,
the service area of a cell must be controlled by tuning HOC (instead of CAC) parameters.

The refined model in Figure 3 considers the existence of handovers by modeling a call as a
series of connections to several cells, [10]. The total flow of connection requests in a cell is assumed
to be a Poisson process of rate λ = λf + λho, where λf and λho are the arrival rates of fresh calls
and handover requests, respectively. The channel holding time in a cell, whether for a new call or
a handover, is a random variable that can be modeled by a negative exponential distribution with
parameter µc = 1/MHT , where MHT is the mean holding time. Unlike the naive model, a call can
now be handed over between cells, and thus MHT is generally smaller than the mean call duration,
MCD. All these are common assumptions in classical models that explicitly consider user mobility
(e.g., [10][36][37][38][39]). Although more accurate distributions have been proposed for cell dwell
times, channel holding times and handoff inter-arrival times, the exponential assumption is a good
approximation, [40][41].

It is worth noting that the channel holding time does not only depend on user mobility, but
is also influenced by the cell service area defined by HOC settings. Decreasing cell service area
by forcing handovers to adjacent cells leads to a reduction in the channel holding time in the
source cell. Therefore, traffic sharing can also be performed by tuning HOC parameters. The aim
of tuning is to minimize blocking of fresh calls, which is assumed to be the only source of lost
traffic1. Such a goal is achieved by adjusting λho and µc on a per-cell basis to ensure the values of
Ai = λi/µci = (λf i + λhoi)/µci that minimize

AbT =
N∑
i=1

Abi =
N∑
i=1

λf i

µ
E(Ai, ci) =

N∑
i=1

λf i

µ
E(

λi

µci

, ci) (10)

1It is assumed that a call is not dropped when a handover request is blocked, which is reasonable for urban
scenarios, where low user mobility, high cell overlapping and few coverage problems exist.
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Figure 3: A refined model of the traffic sharing problem.

(i.e., the total blocked traffic due to the rejection of fresh calls of average duration 1/µ).
Hitherto, it has been assumed that users can be freely assigned to network cells. In a live

network, a user can only be assigned to cells providing adequate coverage where the call is origi-
nated. This fact limits the minimum and maximum offered traffic that can be assigned to a cell.
A lower bound is associated to connections in the area where the cell is the only one providing
adequate coverage. An upper bound corresponds to connections that fall within the coverage area
of the cell. These bounds limit the capability of sharing traffic, causing that the optimal solution
to the unconstrained problem cannot be reached. Therefore, the new traffic sharing problem can
be formulated as the constrained optimization problem

Minimize

N∑
i=1

λf i

µ
E(Ai, ci) or

N∑
i=1

λf iE(Ai, ci) (11)

subject to

N∑
i=1

Afi (1− E(Ai, ci)) =

N∑
i=1

Ai (1− E(Ai, ci)) , (12)

Albi ≤ Ai ≤ Aubi ∀ i = 1 : N, (13)

where Albi and Aubi are lower and upper bounds on cell traffic due to spatial concentration of
traffic demand. Briefly, (11) reflects the goal of minimizing the total blocked traffic, (12) ensures
that the total sum of traffic accepted by the system equals to the sum of carried traffic in cells,
and (13) describes the limits due to spatial concentration of traffic demand. Note that fresh call
arrival rates, λfi , are not affected by tuning HOC, as they only depend on CAC. Hence, the
decision variables are the offered traffic per cell, Ai. The latter are controled by changes in the
average connection service rates, µci, and incoming handover rates, λhoi, caused by tuning HOC
parameters. Also note that, unlike in the naive model, in the refined model, the traffic entering
the system through a particular cell does not necessarily coincide with the carried traffic in the
cell due to the traffic balancing mechanism.

In the Appendix, it is shown that the solution to (11)-(13) satisfies that the value of β, defined
as

β(Ai, Afi, ci) =
Af i

∂E(Ai,ci)
∂Ai

1− E(Ai, ci) + (Af i −Ai)
∂E(Ai,ci)

∂Ai

, (14)
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is the same ∀ i. More precisely, the optimal solution is the one satisfying that

β(Ai, Afi, ci) = β(Aj , Afj , cj) , (15)

for all cells i, j where constraint (13) is inactive2, and

β(Au, Afu, cu)|Au=Aub
≤ β(Ai, Afi, ci) ≤ β(Al, Afl, cl)|Al=Alb

(16)

for all cells l and u where constraint (13) is active due to the lower or upper bound, respectively.
Basically, (15) shows that, in the absence of traffic constraints, the best performance in the refined
model is achieved by equalizing the indicator β across the network. Likewise, (16) suggests that, in
those cells where one of the traffic bounds is reached, traffic has to be fixed to the limit value and
the traffic excess (or defect) must be re-distributed among the remaining cells. This fact justifies
that sharing the traffic between adjacent cells leads to the optimal solution even in the presence
of constraints on the offered traffic per cell.

3 Performance Analysis

In the previous section, the optimal traffic sharing criteria for two teletraffic models of a cellular
network have been presented. The following experiments quantify the benefit of the exact approach
when compared to current heuristic approaches. For clarity, the analysis set-up is first introduced
and results are then presented.

3.1 Analysis Set-up

Assessment is carried out over four test scenarios of increasing complexity. The first three scenarios
consist of 3 GERAN cells of uneven capacity. In the example, the number of channels per cell is
29, 6 and 6, corresponding to 4, 1 and 1 transceivers, respectively. Scenario 1 considers the naive
model, i.e., static users, full cell overlapping and, consequently, no constraints on traffic sharing.
Scenario 2 considers the refined model with no constraints on traffic sharing, where user mobility
is taken into account, but full cell overlapping is still assumed (i.e., Albi=0, Aubi=∞). Thus, the
impact of user mobility can be quantified. Scenario 3 considers the refined model with limits to
the offered traffic in cells to evaluate the impact of limited cell coverage and spatial concentration
of traffic demand. Scenario 4 extends the analysis to a real case built from data taken from a live
network. This scenario corresponds to the cells served by a real base station controller. Unlike
previous scenarios, cell traffic bounds, Albi and Aubi , are computed on a cell-by-cell basis from
geometric considerations, as will be explained later.

Four traffic sharing strategies are tested. All methods aim to equalize some performance in-
dicator across the network, differing in the particular indicator balanced. The first three are

heuristic methods that equalize the average traffic load, Li =
Ai(1−E(Ai,ci))

ci
, the blocking proba-

bility, E(Ai, ci), or the blocked traffic, AfiE(Ai, ci), respectively. These methods are hereafter
referred to as Load Balancing (LB), Blocking Probability Balancing (BPB) and Blocked Traffic
Balancing (BTB), respectively. While LB is used by most traffic balancing algorithms for real-
time purposes, [42][43], BPB is often used by network operators when optimizing their networks,
[4][9]. The fourth method, referred to as Optimal Balancing (OB), considers the optimal sharing
criterion in each model (i.e., (6) for the naive model and (15)-(16) for the refined model).

To evaluate performance, the traffic share among cells is computed for each strategy. For
optimal sharing (i.e., OB), this is performed by solving (3)-(5) and (11)-(13) analytically. For
heuristic strategies (i.e., LB, BPB and BTB), the balancing problem is formulated as the non-
linear least squares problem

2An inequality constraint is inactive (or not binding) when the equality does not hold.
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Minimize
N−1∑
i=1

(I (Ai, ci)− I (Ai+1, ci+1))
2 (17)

subject to
N∑
i=1

Ai = AT , (18)

for the naive model and

Minimize

N−1∑
i=1

(I (Ai, ci)− I (Ai+1, ci+1))
2 (19)

subject to

N∑
i=1

Afi(1− E(Ai, ci)) =

N∑
i=1

Ai(1− E(Ai, ci)) , (20)

Albi ≤ Ai ≤ Aubi ∀ i = 1 : N, (21)

for the refined model, where I(Ai, ci) is the value of the balanced indicator (i.e., average traffic load,
blocking probability or blocked traffic) in cell i, expressed as a function of Ai and ci. Optimization
models are solved by the fsolve and fmincon functions in MATLAB Optimization Toolbox, [44].
When possible, the Jacobian matrix is provided to the scripts to speed up computations. During
assessment, the total blocked traffic, AbT , and the overall blocking rate, AbT

AT
, are the main figures

of merit. A measure of network capacity for each strategy is computed as the total offered traffic
in the scenario for an overall blocking probability of 2%. To quantify the loss of network capacity
for not implementing optimal sharing, traffic values are normalized by that of OB to give a relative
capacity figure

Cm =
AT |GoS=2%, m

AT |GoS=2%, OB

, (22)

where AT |GoS=2%, m is the network capacity obtained by method m for a Grade of Service (GOS)
of 2%. Finally, to quantify the impact of constraints on traffic sharing, capacity values in the
constrained case are normalized by that of OB in the unconstrained case, as

Cm,const =
AT |GoS=2%, m, const

AT |GoS=2%, OB, unconst

, (23)

where AT |GoS=2%,m,const is the network capacity obtained by method m with constraints on the
offered traffic per cell.

3.2 Analysis Results

3.2.1 Scenario 1: Naive model

The first scenario considers the naive model with 3 cells of uneven capacity. The first experiment
evaluates the performance of traffic sharing strategies for a fixed value of total offered traffic.
Specifically, AT=30E(rlang), which leads to an overall offered traffic load ρ = AT

c1+c2+c3
= 30

29+6+6 =
0.73. Table 1 presents the results of the different strategies in separate columns. Each row in the
table presents the value of a teletraffic indicator. From top to bottom, the rows show total offered
traffic (AT ), offered traffic (A), average traffic load (L), blocking probability (E), blocked traffic
(A ·E), incremental blocking probability (E+A · ∇E) and total blocked traffic (AbT ). Indicators
in bold are represented by vectors with the values in the three cells. Obviously, the second and
third components in every vector have the same value, as those cells have the same capacity in this
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Method LB BPB BTB OB

[Balancing Criterion] [Li] [E(Ai, ci)] [Ai · E(Ai, ci)] [E(Ai, ci)+Ai
∂E(Ai,ci)

∂Ai
]

AT [E] 30

A [E] [19.88 5.06 5.06] [24 3 3] [21.64 4.18 4.18] [23 3.50 3.50]

L [0.67 0.67 0.67] [0.78 0.47 0.47 ] [0.73 0.61 0.61] [0.76 0.54 0.54]

E [%] [1.21 19.61 19.61] [5.22 5.22 5.22] [2.52 13.03 13.03] [3.95 8.24 8.24]

A ·E [E] [0.24 0.99 0,99] [1.25 0.16 0,16] [0.54 0.54 0.54] [0.91 0.29 0.29]

E+A · ∇E [0.13 0.58 0.58 ] [0.38 0.22 0.22 ] [0.22 0.44 0.44] [0.31 0.31 0.31]

AbT [E] 2.224 1.567 1.634 1.486

Table 1: Results of traffic sharing strategies in Scenario 1.

Figure 4: Overall blocking rate for different traffic sharing strategies in Scenario 1.

scenario (i.e., c2 = c3 = 6). Likewise, all three cells show the same value of the indicator equalized
in each strategy (i.e., L in LB, E in BPB, A ·E in BTB and E+A · ∇E in OB). For clarity, these
cases are highlighted in grey.

From the table, it is clear that the minimum total blocked traffic (i.e., AbT , last row) is obtained
by equalizing the incremental blocking probability (i.e., OB method, last column). Nonetheless, it
is observed that large imbalances of the latter indicator still give adequate blocking performance.
For instance, the BPB method (3rd column) causes that the incremental blocking probability (7th

row) in cells 2 and 3 is 43% smaller than in cell 1, i.e., [0.38 0.22 0.22]. Despite this imbalance,
AbT only increases by 5.5% compared to the optimal strategy, i.e., 1.567 versus 1.486. In contrast,
a 50% increase of blocked traffic is obtained by equalizing the average traffic load, i.e., 2.224 versus
1.486. It is worth mentioning that, unexpectedly, equalizing the blocked traffic in cells is worse
than equalizing the blocking probability in terms of total blocked traffic.

The previous conclusions are valid, regardless of the total offered traffic, AT . Figure 4 shows
the evolution of the overall blocking rate with total offered traffic for all strategies. As expected,
OB obtains the minimum blocked traffic (and, consequently, the maximum carried traffic) for all
values of traffic demand. BPB and BTB achieve nearly the same blocking as OB, whereas LB
performs much worse.

From Figure 4, the total offered traffic for an overall blocking rate of 2% in each strategy
can easily be found. This value is used as a measure of network capacity. Analysis shows that,
in this scenario, the network capacity of BTB, BPB and LB relative to OB is CBTB = 0.99,
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Figure 5: Overall blocking rate for different traffic sharing strategies in Scenario 2.

CBPB = 0.98 and CLB = 0.81, respectively. These results confirm that, in the naive model, BTB
and BPB give near-optimal performance, while LB performs much worse. A closer analysis shows
that the gradient of the objective function in (3) in the direction imposed by constraint (4) is small
near the optimum. Thus, significant changes in the traffic distribution cause limited performance
differences.

3.2.2 Scenario 2: Refined model, unconstrained solution

The second scenario considers the refined model, where HOC can freely control the offered traffic
demand to each cell, Ai, given that the fresh call arrival rate in each cell, λfi , is fixed. For
simplicity, a uniform spatial user distribution is assumed, i.e., λfi = λT /N .

Figure 5 shows the overall blocking rate of the different strategies with increasing offered traffic
in the new scenario. In the figure, it is observed that BPB is still the best heuristic method, while
LB still performs the worst. More importantly, larger performance differences are now observed
between methods. Specifically, the relative network capacity for BPB, BTB and LB is now 0.967,
0.967 and 0.65, respectively. In other words, the improvement of network capacity achieved by OB
is 3.3% compared to the best heuristic method. It can be concluded that, in the refined model, the
benefit of the exact approach becomes slightly more evident. Note that, under the assumption of
uniform spatial distribution (i.e., Af i = Af j), BPB and BTB lead to the same solution, since their

balance conditions (i.e., E(Ai, ci) = E(Aj , cj) and AfiE(Ai, ci) = AfjE(Aj , cj), respectively) are
equivalent.

3.2.3 Scenario 3: Refined model, constrained solution

In previous scenarios, it has been assumed that the optimal traffic share can always be reached
by tuning HOC parameters. However, this is not true in live networks, where not all users can
be handed over to all cells. To account for this limitation, in the third scenario, lower and upper
bounds, Albi and Aubi, are included on the offered traffic in cells. Such constraints reduce the
feasible solution space, causing that the optimal solution to the unconstrained problem might not
be reached.

To evaluate the impact of constraints on methods, bounds are gradually relaxed in the scenario.
For clarity, bounds for all cells are controlled by a single parameter, ∆, referred to as deviation
parameter, as
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Figure 6: Evolution of relative network capacity achieved by methods with varying constraints.

Albi = (1−∆)A
(0)
i , (24)

Aubi = (1 +∆)A
(0)
i , (25)

where A
(0)
i is the offered traffic in cell i in a reference solution, A(0). For instance, ∆ → ∞

means that no constraints are considered, while ∆ → 0 causes that all strategies lead to the same

solution, Ai = A
(0)
i . For simplicity, it is again assumed that fresh calls are uniformly distributed in

the scenario, i.e., λfi = λT /N , and the reference solution, A(0), is the optimal traffic distribution
in the unconstrained case.

Figure 6 shows the network capacity of methods compared to that of OB without constraints as
traffic constraints become looser. It is observed that, for ∆ ≈ 0 (i.e., tight constraints), all methods
lead to the same solution and therefore have the same performance (i.e., CLB,const = CBPB,const

= CBTB,const = COB,const). In contrast, for ∆ ≫ 0 (i.e., loose constraints), each method leads to
a different solution. Specifically, CLB,const < CBTB,const ≤ CBPB,const < COB,const. Note that,
due to the way bounds are defined in (24)-(25), the feasible solution space is always centered at
the optimal solution in the unconstrained case. Therefore, the optimal solution to the constrained
problem is always the same as for the unconstrained case, and COB,const=1, regardless of the value
of ∆. As ∆ increases, traffic constraints become inactive and heuristic methods can reach their
own balance conditions. Further increments of ∆ do not have any influence. Similarly to Scenario
2, due to uniform user spatial distribution, BTB and BPB methods show identical behavior. From
the figure, it can be inferred that the LB solution is the one differing the most from the optimal
distribution, as it needs the largest value of ∆ to reach a constant capacity value. From the
value of ∆, it can be deduced that the offered traffic in at least one cell in LB differs by 360%
(=100·(1+2.6)) from that in the optimal traffic distribution.

3.2.4 Scenario 4: Real scenario

The last scenario corresponds to the geographical area served by a base station controller in a live
GERAN network. The area consists of a mixture of omnidirectional and sectorized sites distributed
over 579 km2, comprising 117 cells and 313 transceivers. The dataset consists of site coordinates,
antenna bearings, number of channels per cell, and number of fresh call attempts and carried traffic
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per cell in 10 days. The number of channels per cell in the scenario varies from 6 to 44, and so do
the offered and carried traffic per cell.

The main differences with previous scenarios are: a) the uneven spatial distribution of users
(and, consequently, of fresh calls), and b) the consideration of uneven traffic bounds in cells. The
spatial distribution of traffic demand due to fresh calls is defined relative to the total traffic demand
in the scenario and maintained when increasing the latter to estimate network capacity. Thus,

λf i = µAT ri , (26)

where ri is the ratio of traffic demand in cell i, which is derived from network measurements.
Bounds on offered traffic are calculated on a per-cell basis based on geometric considerations. As
already mentioned, the upper bound, Aubi , is the offered traffic in the coverage area of cell i, while
the lower bound, Albi , is the offered traffic in the area only covered by cell i. In this work, the
coverage area of a cell is defined by a coverage radius, rcvg, and a maximum angle off the antenna
bearing, θcvg (i.e., half of the catchment angle). For simplicity, it is assumed that rcvg is the same

for all cells, θcvg = 360
2m

◦
for m-sectorized sites and θcvg = 180◦ for omnidirectional sites. In the

analysis, rcvg ranges from 1 to 20 km.
To compute offered traffic bounds, the spatial distribution of fresh traffic is needed. For this

purpose, cell service areas are derived from network configuration. First, the dominance area of
sites is computed from site coordinates by Voronoi tessellation, [45]. For omnidirectional sites, cell
service area is the site dominance area. In sectorized sites, cell service area is built by dividing
the site dominance area into as many subareas as sectors based on antenna bearings. Finally, the
spatial traffic distribution is built by mapping traffic measurements onto polygons representing cell
service areas. Figure 7 illustrates an example of how traffic bounds are calculated in the scenario.
In the figure, site location and antenna bearings are given by a symbol ’≻’, while cell service and
coverage areas are represented by solid and dashed lines, respectively. Figure 7 (a) shows the
maximum service area of a cell in light grey. Note that the shaded area coincides with the coverage
area of the cell. Figure 7 (b) shows the minimum service area of the cell in dark grey. From the
figures, it can easily be deduced that

Aubi = AT

ri +
∑
j ̸=i

rj
ai ∩ sj
sj

 , (27)

Albi = AT ri

si −

si ∩

∪
j ̸=i

aj

 , (28)

where ai is the coverage area of cell i, si is the service area of cell i, and ’∪’ and ’∩’ operators are
the union and intersection of areas. Note that both traffic bounds are defined relative to the total
offered traffic in the scenario, AT .

As in other scenarios, network capacity for each strategy is computed by gradually increasing
AT until GoS exceeds 2%. For each value of AT , the fresh call arrival rate per cell is calculated
as in (26). Then, for each value of rcvg, cell traffic bounds are computed as in (27)-(28). Figure
8 shows the relative capacity of methods as rcvg increases in the real scenario. In the figure, it
is observed that OB is always the best method. For rcvg = 1km, all methods perform the same
due to the tight constraints. For the more realistic value of rcvg = 5km, COB,const = 0.925,
CLB,const = 0.912, CBPB,const = 0.904 and CBTB,const = 0.859. Hence, in a real scenario, the
optimal network capacity only decreases by 7.5% when considering traffic constraints. Even with
these constraints, network capacity is increased by 2% when using OB instead of BPB. Similar
results are obtained for larger values of cell coverage radius. Unexpectedly, LB performs better than
BPB and BTB for small values of rcvg. A more detailed analysis shows that, with rcvg < 5 km, the
LB solution is close to the OB solution in this particular scenario. As rcvg increases, LB and BPB
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Figure 7: Limits of service area of a cell.

Figure 8: Relative capacity of methods in the real scenario.

become the worst methods, and BTB approaches to OB. Specifically, for rcvg → ∞, COB,const = 1,
CBTB,const = 0.997, CLB,const = 0.977 and CBPB,const = 0.971. Note that, in this case, BPB is
the worst method.

Obviously, performance figures might vary depending on the spatial distribution of users and
channels per cell (i.e., ri and ci). To quantify the impact of varying these parameters, a sensitivity
analysis was carried out in the real scenario following a Monte Carlo method. Thus, 100 realizations
of user and channel distribution were generated by randomly selecting values for ri and ci, while
ensuring that

∑
ri = 1 in each sample and maintaining the total number of channels in the

scenario. As a result, the capacity gain of OB versus BPB varied from 2% to 21%, averaging 10%.
This result shows that the value of 2% reported above for the real scenario can be considered a
conservative value.
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4 Conclusions

In this paper, the problem of finding the best traffic share between cells in an existing GERAN
system has been studied. Two analytical teletraffic models of the network have been presented.
Both models consider the network as a loss system consisting of multiple cells, but differ in the
mechanism used to re-distribute traffic: call access control or handover. In both models, a closed-
form expression for the optimality criterion has been derived by solving a classical optimization
problem. Preliminary analysis shows that equalizing blocking rates across the network, as operators
currently do, is not the optimal strategy. A comprehensive analysis in different scenarios has shown
that using the optimal sharing criterion instead of balancing blocking rates can increase network
capacity in a realistic scenario by up to 3%. Such figure, albeit small, is not negligible in terms of
operator revenues. More important, the benefit is obtained without changing network equipment,
which is key in mature technologies such as GERAN.

The selection of a proper time scale for re-allocating traffic demand is an important issue. Any
traffic sharing method based on the optimal criterion relies on robust estimates of traffic indicators,
such as the average fresh offered and carried traffic. Time scale must therefore be large enough to
get reliable measurements (i.e., hours). Thus, the proposed criterion is conceived to tune handover
parameters by the network management system, which can only be performed at most on an hourly
basis. It should be pointed out that an hourly measurement might not be valid for the following
hours due to traffic fluctuations in a day. Such an issue can be circumvented by tuning network
parameters based on measurements at the same hour of the previous days, as in [9].

Another issue is how to extend the presented analytical framework to other services and
radio access technologies. The proposed system model has been conceived for voice traffic in
TDMA/FDMA systems. The model can be extended to multiple services by the multi-rate Er-
lang loss model, for which effective methods exist to compute the blocking probability and its
derivatives, [46][47]. Such a model is insensitive to the service time distribution and can consider
a mixture of not only poissonian but also smoother or more bursty traffic, [48]. However, services
must still have full accessibility to resources and no queueing, which is rarely the case of interactive
and background packet-data services. For these services, the goal of minimizing blocked traffic can
be substituted by that of minimizing delay probability (i.e., change Erlang-B by Erlang-C formula
in (10)). For CDMA systems, the multi-rate Erlang loss model with state-dependent blocking
probabilities can reflect how cell capacity depends on neighbor cell interference, [24][25]. A similar
approach can be used in OFDM-TDMA systems, where adaptive modulation and coding cause that
the bandwidth allocated to each user is not deterministic, but dependent on channel conditions,
[26]. In all these models, a new optimal balance equation, equivalent to (15), could be derived by
the approach in the appendix. However, a closed-form expression of the indicator to be balanced
might be difficult to obtain.

Appendix

In this appendix, the optimality conditions for the two problem models described in Section 2 are
derived.

Naive Model

The problem in (3)-(5) has N independent variables, an objective function consisting of a sum of
N non-linear terms, a linear equality constraint and N inequality constraints.

The convexity of the objective function in (3) with respect to Ai can be intuitively shown from
the properties of the traffic overflowing term, AiE(Ai, ci), which is known to be a convex function
of Ai, [49]. Thus, the objective function consists of a sum of convex functions, which is also a
convex function. Likewise, the feasible region defined by constraints (4) and (5) is a convex set3,

3In a convex set, the midpoint of any two points in the set is also a member of the set.
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because it is the intersection of two convex sets. As both the objective function and the feasible
region are convex, the problem is convex. Hence, any local minimum to the problem is a global
minimum.

The problem can be re-formulated as an unconstrained optimization problem. Firstly, it is
assumed that constraint (5) is inactive at the optimum. Note that, once Ai is zero, further
decrements have no effect on the overflowing term, AiE(Ai, ci), but cause an increase of the other
decision variables to maintain (4), which increases the value of the objective function. Hence, (5)
can be eliminated without affecting the optimal solution. Secondly, (4) is eliminated by solving
for one of the decision variables (e.g., AN ) and substituting in (3). As a result, the problem is
re-formulated as

Minimize

N−1∑
i=1

Ai E(Ai, ci) +

(
AT −

N−1∑
i=1

Ai

)
E

(
AT −

N−1∑
i=1

Ai, cN

)
. (29)

In such an unconstrained problem, the optimal solution must satisfy the stationary condition

∇AbT =

(
∂AbT

∂A1
,
∂AbT

∂A2
, · · · , ∂AbT

∂AN−1

)
= 0 (30)

(i.e., the gradient of the objective function in the optimum must be 0). The latter equation can
be developed further by derivating (29) with respect to the decision variables, Aj . This operation
results in a set of (N -1) equations

∂AbT

∂Aj
= E(Aj , cj) +Aj

∂E(Aj , cj)

∂Aj
− E

(
AT −

N−1∑
i=1

Ai, cN

)

+

(
AT −

N−1∑
i=1

Ai

) ∂E

(
AT −

N−1∑
i=1

Ai, cN

)
∂Aj

= 0 ∀ j = 1 : (N − 1), (31)

which can be re-written as

E(Aj , cj) +Aj
∂E(Aj , cj)

∂Aj
= E

(
AT −

N−1∑
i=1

Ai, cN

)

−

(
AT −

N−1∑
i=1

Ai

) ∂E

(
AT −

N−1∑
i=1

Ai, cN

)
∂Aj

∀ j = 1 : (N − 1).

(32)

For symmetry reasons,

∂E

(
AT −

N−1∑
i=1

Ai, cN

)
∂Aj

=

∂E

(
AT −

N−1∑
i=1

Ai, cN

)
∂Ak

∀ j, k (33)

and the right-hand side of (32) is equal ∀ j = 1 : (N − 1). Thus, the left-hand side of (32) is also
equal ∀ j = 1 : (N − 1) and the optimality conditions can be re-formulated as

E(Ai, ci) +Ai
∂E(Ai, ci)

∂Ai
= E(Aj , cj) +Aj

∂E(Aj , cj)

∂Aj
∀ i, j = 1 : N (34)

and
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N∑
i=1

Ai = AT . (35)

Note that, in the latter equations, i and j have been extended to N for symmetry reasons (i.e.,
the solution should be the same, regardless of the eliminated decision variable). Likewise, (35) is
needed to avoid the trivial solution of (34) A1 = A2 = · · · = AN = 0.

¿From (34), it can be concluded that balancing the blocking probability, E(Ai, ci), would not
lead to the optimal solution, unless the second terms on both sides of the equality were also equal
in these conditions. To discard the latter, (34) can be developed by using the definition of the
incremental blocking probability in (9). Thus, (34) is converted into

E(Ai, ci) [1 +Nfc(Ai, ci)] = E(Aj , cj) [1 +Nfc(Aj , cj)] . (36)

It is well known that the average number of free channels (or, conversely, the average number
of busy channels) is not the same for two cells with the same blocking probability but different
number of channels. Hence, it is clear that forcing E(Ai, ci) = E(Aj , cj) does not ensure that
Nfc(Ai, ci) = Nfc(Aj , cj), and it can be concluded that balancing the blocking probability does
not lead to the optimal solution.

Refined Model

The above-described approach cannot be used to solve (11)-(13), since (13) cannot be eliminated
as these constraints may be active at the optimum. Hence, the problem must be solved as an opti-
mization problem with inequality constraints, for which theKarush-Kuhn-Tucker (KKT)multiplier
method, [50], can be used. The KKT method builds the Lagrangian function as a combination of
the objective and constraints functions. For (11)-(13), the Lagrangian is

Φ(A, ϕ,u, z) =
N∑
i=1

Af iE(Ai, ci) + ϕ
N∑
i=1

(Af i −Ai)(1− E(Ai, ci))

+
N∑
i=1

ui(Albi −Ai) +
N∑
i=1

zi(Ai −Aubi), ui, zi ≥ 0 , (37)

where ϕ, ui and zi are the Lagrange multipliers associated to (12) and (13), [51].
The Lagrangian has the nice property that its stationary points are potential solutions to

the constrained problem. Consequently, the optimality conditions can be derived by setting the
gradient of the Lagrangian equal to zero. In a problem with inequalities, these necessary conditions
are referred to as KKT conditions. If the problem is convex, as the one considered here, KKT
conditions are also sufficient for optimality. For (11)-(13), the KKT conditions are

Af i

∂E(Ai, ci)

∂Ai
− ϕ

(
1− E(Ai, ci) + (Af i −Ai)

∂E(Ai, ci)

∂Ai

)
− ui + zi = 0 , (38)

ui(Albi −Ai) = 0 , (39)

zi(Ai −Aubi) = 0 , (40)

N∑
i=1

(Afi −Ai)(1− E(Ai, ci)) = 0 , (41)

ui, zi ≥ 0 , (42)

∀ i = 1 : N . In (38), it has been used that Af i does not depend on Ai when computing the
Lagrangian partial derivative. Note that Ai is modified by tuning HOC settings, while Af i is fixed
by CAC parameters, which remain unchanged.
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The solution to (38)-(42) is the optimal solution, since the problem is convex. Unfortunately,
these set of equations does not give any information about the values of ϕ, ui and zi. Alternatively,
(38), (39), (40) and (42) can be re-formulated in a more convenient way. For convenience, let β be
defined as

β(Ai, Afi , ci) =
Afi

∂E(Ai,ci)
∂Ai

1− E(Ai, ci) + (Af i −Ai)
∂E(Ai,ci)

∂Ai

. (43)

From (39) and (40), it can be deduced that ui and zi must be zero when Ai is different from
Alb and Aub, respectively. Thus, the values of ui and zi reflect whether the inequality constraints
(13) are active or not in the optimal solution. In addition, it can easily be deduced (although not

shown here) that
(
1− E(Ai, ci) + (Af i −Ai)

∂E(Ai,ci)
∂Ai

)
≥ 0. Therefore, it follows from (38) and

(43) that:

a) If Alb < Ai < Aub then ui = zi = 0, and

β(Ai, Afi, ci) = ϕ. (44)

b) If Ai = Alb then ui ≥ 0, zi = 0, and

β(Ai, Afi, ci) = ϕ+
ui

1− E(Ai, ci) + (Af i −Ai)
∂E(Ai,ci)

∂Ai

≥ ϕ. (45)

c) If Ai = Aub then ui = 0, zi ≥ 0, and

β(Ai, Afi, ci) = ϕ− zi

1− E(Ai, ci) + (Af i −Ai)
∂E(Ai,ci)

∂Ai

≤ ϕ. (46)

As ϕ is a constant, it can be deduced from (44) that

β(Ai, Afi, ci) = β(Aj , Afj , cj) (47)

∀ i, j where constraint (13) is inactive (i.e., Albi < Ai < Aubi). Likewise, from (45) and (46), it
follows that

β(Au, Afu, cu)|Au=Aubu
≤ β(Ai, Afi, ci) ≤ β(Al, Afl, cl)|Al=Albl

(48)

∀ l, u where constraint (13) is active due to the lower and upper bound, respectively. Thus, the
KKT conditions in (38)-(42) can be substituted by (47), (48) and (41).
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