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Abstract—Providing fair service to users in cellular networks
is of signiﬁcant importance to mobile operators. However, the
geographic variability of network coverage and irregularity of
user demand in space and time has made consistent fair service
provisioning a challenging problem. Therefore, vehicular users
traversing small cells experience signiﬁcant service ﬂuctuations.
In this paper we investigate how rate predictions of mobile users
can be utilized to improve long-term fairness. We use the αfair utility function to formulate a predictive long-term resource
allocator that improves fair user service over multiple cells. The
α-fair utility provides the ﬂexibility to obtain the desired longterm tradeoff between fairness and throughput. Numerical results
indicate promising fairness-throughput gains over schemes that
do not incorporate user rate predictions.

I. I NTRODUCTION
The continuous increase of global mobile trafﬁc is a fundamental challenge to mobile network operators. Furthermore,
studies have shown that trafﬁc is highly uneven across geographical locations and changes signiﬁcantly during the day
[1]. Cellular network coverage and signal strength are also
highly dependent on the geographical location as reported
in radio map databases [2]. These two factors of variable
network availability, and variable spatio-temporal user demand
lead to challenges in providing long-term service fairness to
mobile users [3]. This is because while some users may head
to favourable network locations, others may move towards
congestion zones or locations with poor signal quality. This
results in signiﬁcant variability in long-term service fairness.
Predicting user mobility can however be of signiﬁcant
use by enabling the estimation of future user channel gains
due to the correlation between location and signal strength
[2]. With such information, long-term planning of resource
allocation both within a single cell, and across multiple cells
can be possible. Mobility predictions are particularly plausible
for users in public transportation or vehicles on highways.
Studies have also shown that peoples’ daily routes exhibit a
high degree of temporal and spatial regularity, with people
following particular routes to and from frequently visited
places [4]. This faciliates a database of user proﬁles that can
further improve prediction accuracy.
The notion of long-term fairness over multiple cells was
discussed in [3], where user Quality of Service (QoS) history
in previous cells is exploited to make allocations in the
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current cell. Such a scheme improves long-term fairness by
prioritizing users that had poor service in previously traversed
cells. However, it does not exploit rate predictions to make
long-term plans. The use of mobility and rate predictions to
improve network functions and user QoS have been investigated in a limited number of recent works. In [5], Ali et
al. employ rate predictions to increase system data rate of a
single-cell but do not consider cooperation between multiple
cells, or formulate different network objectives, and assume
an inﬁnite backlog trafﬁc model only. Yao et al. demonstrate
the use of radio maps in video streaming in [6], where video
servers proactively switch to the transmission rates predicted
to be supportable at the user, and therefore improve TCP
rate control and throughput. In a recent related work [7], we
illustrated how user mobility predictions can be exploited to
increase network throughput and to provide max-min fairness.
As max-min fairness provides a fairness performance limit
but is generally not a practical fairness objective, a more
general predictive fair allocator is needed. Towards this end,
in this paper we present a generic optimal long-term fairness
Resource Allocation (RA) formuation based on the α-fair
utility function [8]. This allows variable degrees of fairness
and enables the formulation of a predictive proportation fair
allocator as a special case. Through extensive simulations with
practical vehichle mobility, we demonstrate the gains of the
predictive fair allocators compared to schemes that do not
exploit user rate predictions.
This paper is organized as follows. In the next section,
we present our system models, followed by the formulation
of the optimal long-term fair allocation problem in Sec. III.
Numerical results are presented and discussed in Sec. IV.
Finally, we conclude our work in Sec. V.
II. S YSTEM D ESCRIPTION
A. System Model
We consider a network with a Base Station (BS) set M of
M BSs and a user set N with N users. An arbitrary BS is
denoted by j ∈ M and a user by i ∈ N. Users are associated
to BSs based on the strongest received signal. The set Uj,t
contains the indices of all the users associated with BS j at
time t.
A highway scenario covered with three BSs is considered as
shown in Fig. 1. To provide realistic vehicular mobility we use
the SUMO trafﬁc simulator [9] to generate vehicle movement
traces. The achieved date rate by each user is dependant on the
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path loss model PL(d) = 128.1 + 37.6 log10 d where the BSuser distance d is in km [10]. The data rate is computed using
Shannon’s equation with SNR clipping at 20 dB to account for
practical modulation orders. Therefore, a user i at time t, will
have a feasible data rate
(1)
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Fig. 2.

B. Resource Sharing Model
Time t is divided in equal slots of duration Δt, during
which r̂i,t is assumed to be constant. A typical value for Δt
is 1 s for vehicle speeds up to 20 m/s, during which average
channel gain is not signiﬁcantly changed. During the allocation
interval Δt, the BS resources can be shared in arbitrary
ratios among the users. We deﬁne the resource sharing factor
xi,t ∈ [0, 1] : i ∈ N, t = {1, 2, . . . , T } as the fraction of time
during each slot t that the BS bandwidth is assigned to user i.
The user received data is therefore r̂i,t xi,t . Fig. 2 illustrates an
example of r̂i,t and r̂i,t xi,t for a user traversing the indicated
highway in Fig. 1. We can see that the user predicted rate is
expected to increase followed by a decrease, and then another
increase. This is based on the prediction of the user motion
across the multiple BSs. A sample allocation, that indicates the
proportion of the predicted channel rate planned to be allocated
to that user is represented by the bars in the ﬁgure. Therefore,
xi,t is the optimization variable used to deﬁne long-term user
allocations over multiple BSs.
C. User Trafﬁc
The data trafﬁc requested by user i at time t is denoted by
Di,t , and the total data requested during T is denoted by Di .
We consider two cases for user trafﬁc: (i) full buffer trafﬁc,
where Di,t → ∞ ∀ i, t, and (ii) ﬁle download trafﬁc, where Di
is ﬁnite ∀ i. Full buffer trafﬁc is used to illustrate the limits of
the fairness performance. A summary of the commonly used
notation in this paper is provided in Tab. I.
D. Reference Resource Allocators
To provide a performance reference we consider the following resource allocators that do not incorporate rate predictions.

Fig. 1.

r̂i,t

3

where Prx is the predicted received power based on the predicted BS-user distance d, while No and B are the noise power
spectral density and the transmission bandwidth respectively.
Future user link rates are assumed to accurately known for a
duration of T seconds, which we call the prediction window.
This is illustrated in Fig. 2 for a user travering the indicated
highway of Fig. 1.
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Example of the predictive RA made to a user.

1) Max-rate Allocation: In Maximum Rate (MR) allocation, the user with the highest data rate r̂i,t is granted full
channel access, i.e. xi,t = 1. This maximizes the network
throughput but makes no effort to serve users fairly.
2) Equal Share Allocation: In Equal Share (ES) allocation,
the BS air time (resource) is shared equally among the users
at each time slot t. If there are Nj,t users associated with BS
j at time t (i.e. Nj,t = |Uj,t |), then xi,t = 1/Nj,t for each
user i ∈ Uj,t , and the rate received by each is r̂i,t /Nj,t .
III. P REDICTIVE α-P ROPORTIONAL FAIR RA
In this section we formulate predictive resource allocation that achieves long-term α-fairness over multiple cells.
Predictions of user rates are assumed to be available at a
central coordinating BS which plans user allocations for all
the cooperating BSs.
A. α-Proportional Fairness
In resource allocation, achieving fairness among users generally comes at the cost of reducing system throughput. There
are several notions of what constitutes a fair allocation [11].
For example, max-min fairness ensures that the minimum data
rate that any user receives is maximized. In other words, an
allocation is said to be max-min fair if any rate ri cannot be
increased without decreasing some rj which is smaller than
or equal to ri . This measure gives absoulte priority to fairness
over system throughput. Proportional fair RA [12] on the other
hand provides a trade-off between fairness and throughput and
its usefulness in scheduling has been of signiﬁcant interest in
literature and industry. To achieve an arbitrary degree of the
fairness-throughput tradeoff, a generalization of proportional
fair and max-min fair allocation was presented in [8]. This
is known as the α-proportional fair allocation where the
parameter α controls the degree of fairness in the allocation. αproportional fair allocation is based on deﬁning the following
utility function:
 (1−α)
x
, if α ≥ 0, α = 1,
φα = (1−α)
(2)
log x,
if α = 1,
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TABLE I
F REQUENTLY U SED N OTATIONS

and thereafter solving the optimization problem:
maximize

N


r

φα (ri )

Symbol
N
M
T

(3)

i=1

subject to: r ∈ S,
where r is the user allocation vector and S is the feasible
region of r. Note that when α → 0, α-proportional fairness is
reduced to maximum throughput allocation, and when α → 1,
proportional fairness is achieved from the logarithmic utility.
It has also been shown that when α → 2, potential delay
minimization is obtained and when α → ∞, max-min fairness
is achieved [8]. More details on the characterization of the
generalized weighted α-proportional fairness allocation have
been studied in [13].

t
α
Uj,t
r̂i,t
xi,t
Di,t
Di
Ri

Description
Number of users in the network
Number of BSs in the network
Prediction window: time duration over which user
routes are predictable [s]
Current time slot: each slot has a duration of 1 s
Fairness control parameter
Set of the indices of users associated with BSj at
time t
Predicted rate that user i can receive at time
t [bits/s]
Fraction of BS resource assigned to user i at time
t
Trafﬁc requested by user i at time t [bits]
Total trafﬁc requested by user i during T s [bits]
Total trafﬁc received by user i during T s [bits]

B. Predictive α-Proportional Fairness
In order to plan an allocation that achieves long-term αproportional fairness over multiple cells, the optimization
problem in (3) can be formulated as follows (for α = 1):
T
N

( t=1 r̂i,t xi,t )(1−α)
maximize
(4)
x
1−α
i=1

xi,t ≤ 1,
∀ j, Δt
subject to: C1:
i∈Uj,t

C2:

T


r̂i,t xi,t ≤ Di ,

∀i

We refer to this formulation as the Predictive α-Proportional
Fairness (PPF) which is a convex optimization problem as the
constaints are linear, and the objective function is an increasing, strictly concave, and continuously differention function
on the open interval (0, ∞) for α > 0, α = 1. The problem
can also be equivalently represented as follows by introducing
additional optimization variables Ri that denote the total data
assigned to each user:
maximize
x,R

t=1

C3: xi,t r̂i,t ≥ MBR,

∀ i, Δt

C4: 0 ≤ xi,t ≤ 1

∀ i, Δt.

N
(1−α)

R
i

i=1

(5)

1−α

subject to: C1, C2, C3, C4

Note that the inner summation over time in the objective
is introduced as we are interested in maximizing the utility
achieved from the total data a user receives during the prediction window T . The predicted user rate at every time slot is
r̂i,t , and the optimization variable xi,t is determined such that
the total utility over all users is maximized. The optimization
problem is coupled over multiple BSs as the total user data
allocation is computed over all the BSs the user traverses
during T . It is therefore solved centrally at the coordinating
BS.
The constraint C1 expresses the resource sharing limitation
at each BS. It ensures that the sum of the resource sharing
factors of all users associated with a BS j is equal to 1 at
every time slot. C1 is applied at each BS, and therefore the
subset of users i ∈ Uj,t is needed for every time slot. This
is predicted based on the predictions of user-BS distance with
time. C2 limits the amount of data assigned to each user during
T to the total amount request. Note that this constraint also
couples user data allocations made over multiple BSs. In C3,
an optional Minimum Bit Rate (MBR) is deﬁned to provide
a lower limit of user allocation for each time slot. This is to
ensure that while considering the long-term utility, the per-slot
user application needs can also be met. Finally, C4 provides
the bounds for the resource sharing factor.

C5:

T


r̂i,t xi,t = Ri

∀ i.

t=1

For the case when α = 1, the resulting PPF problem
becomes:
maximize
x,R

N


log Ri

(6)

i=1

subject to: C1, C2, C3, C4, C5,
which we refer to as predictive proportional fairness. This is
also a convex problem due to the concave log utility function.
IV. S IMULATIONS AND N UMERICAL R ESULTS
In this section, we present the numerical results of the
predictive α-proportional fairness and illustrate the potential
gains of incorprating rate predictions in resource allocation
planning over multiple cells.
A. Simulation Set-up
We evaluate PPF for the highway illustrated in Fig. 1 where
the inter-BS distance is set to 1 km. BS transmit power is
40 W and the bandwidth is 5 MHz. Vehicle mobility traces are
generated using SUMO for vehicles entering the highway at
a rate of 1 vehicle per second. For ﬁle download trafﬁc, the
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Fig. 3.

required ﬁles are 1 Gbits. The prediction window T is 200 s
and MBR is set to zero as no minimum rate is required for a
ﬁle download. Simulations are repeated 50 times, and (5) and
(6) are solved to obtain average values of the metrics deﬁned
below.
B. Performance Metrics
•
•

Max−Rate
Equal Share
PPF: alpha=0
PPF: alpha−>Inf
PPF: alpha=1
PPF: alpha=2
20
25
30
35
40
Number of Users N

TNet : the average downlink network throughput calculated
as the sum of the average data rate of all the users.
JNet : Jain’s fairness
[14]
for user throughput and is
 index
N
2
2
computed as ( N
Th
/N
i
i=1
i=1 Thi , where Thi is the
average user throughput during T . Fairness is computed
based on the total data a user receives during T since we
are interested in long-term fairness.

C. Full Buffer Trafﬁc
Fig. 3 shows the results of PPF for full buffer user trafﬁc.
When α = 0 throughput is maximum but fairness is severely
affected as illustrated in Fig. 3(a) and Fig. 3(b) respectively.

On the other hand when α → ∞, the α-proportional fairness
performs as a max-min allocator resulting in the converse
behavior of a very high fairness and a low throughput. The
results for α = 1 (predictive proportional fairness) and α = 2
demonstrate the usefulness of the α-proportional fair utility
and provide a good trade-off between fairness and throughput.
It is worth pointing that the base-line equal rate allocator
performs poorly in both throughput and fairness. This is due to
its lack of knowledge of the rates users will experience, and
it therefore cannot make opportunitic allocations or planned
transmission delays to improve network throughput and user
service.
D. File Download Trafﬁc
In Fig. 4 we present the results when users have ﬁnite
trafﬁc requests, which is the more practical case. Here we
can see that at low load network performance is not very
different for the α-proportional fairness variants. However,
there still is a considerable performance gains over the non-
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