
Joint Load-Driven Frequency Allocation and User
Association in Dense Cellular Networks

Bart Post
Eindhoven University of Technology

Eindhoven, The Netherlands

Sem Borst
Eindhoven University of Technology

Eindhoven, The Netherlands

Abstract—Fuelled by the proliferation of smartphones, wireless
traffic has experienced huge growth, which will continue and
exacerbate the capacity strain in cellular networks. Network
densification has emerged as a powerful paradigm to boost
spectral efficiency and accommodate the continual rise in demand
for wireless capacity. These dense networks also make resource
allocation more challenging though, as they result in more irreg-
ular cells with possibly overlapping coverage areas and greater
variability in traffic loads. To deal with these load imbalances,
there are typically two methods to dynamically match capacity
and demand: “bring users to capacity” (user association) and
“bring capacity to the users” (frequency/spectrum allocation).

In this paper we study the joint operation of load-aware
dynamic user association and frequency allocation algorithms
in dense cellular networks. Motivated by a joint load-balancing
optimization problem, we consider load-aware algorithms that
operate using load measurements at the access points (APs)
and can react to changing load conditions without knowledge
of difficult-to-obtain system parameters. We present extensive
simulation results for various parameter settings, allowing for
the user association and frequency allocation algorithms to
operate on different time scales. The simulation results show
that the joint operation of these algorithms leads to excellent
performance without the need to provide an initialized and
optimized frequency allocation.

Index Terms—Frequency allocation, user association, dense
cellular networks, dynamic load balancing

I. INTRODUCTION

Wireless cellular networks have experienced immense
growth in traffic loads over the last few years fuelled by
the rapid proliferation of smartphones and bandwidth-hungry
applications. The sharp rise in traffic volumes is widely
forecast to continue, taxing the networks to the limits of their
capacity. Network densification is viewed as one of the key
options to boost capacity by reducing cell sizes and allowing
for higher spectral reuse and efficiency [1]–[5].

The deployment of dense cells raises new and challenging
issues though. The nominal traffic loads will tend to exhibit
more spatial variation than in traditional macro cell networks.
The cellular system will have to take these load imbalances
into account and direct capacity towards areas where it is most
needed [6], [7]. Moreover, not only the spatial variations are
more extreme, dense networks also experience more temporal
load fluctuations. Load conditions are certain to change over
time due to hourly and daily usage patterns. To prevent
severe performance degradation it is crucial that the dense cell
deployments apply load-aware user-association and frequency

allocation algorithms, allowing them to react to changing load
conditions, and dynamically match capacity with demand.

In principle there are two options to match capacity with
demand (users): i) dynamic user association (DUA), “bring-
ing the users towards capacity”; and b) dynamic frequency
allocation (DFA), “bringing the capacity to the users”. In this
paper we investigate the combination of the two approaches
in the same system, and compare it to systems that apply only
one of these options. The two options have different practical
considerations, in particular operating on different timescales.
Hence we investigate different timescale operations of the two
options.

In terms of spectral efficiency and energy consumption it
is more efficient to bring frequency capacity to the users,
as shorter transmission distances allow higher transmission
rates and require less power. However, this may not always
be possible due to frequency assignment constraints, power
consumption at access points (APs) and interference condi-
tions. Also, it is undesirable to change frequency assignments
too fast, since the schedulers at the APs are highly dependent
on the frequency assignments. When changing the frequency
assignment is not an option, adapting the user association can
further help to improve performance.

The frequency allocation and the user association can work
on different timescales, to reflect their main purpose: dynamic
user association is best suited to deal with small variations
in offered loads, while dynamic frequency allocation is more
suitable for dealing with structural or statistical changes in
the traffic demands. When operating two dynamic algorithms
simultaneously, it is not a priori guaranteed that they will
interact in a favourable and predictive fashion. In this paper
we will demonstrate by means of extensive simulations that
this is the case for our proposed algorithms. Moreover, the
simulation results show that the combination of the proposed
algorithms exhibits excellent self-organizing behaviour. This is
a powerful property, as with the massive numbers of APs and
the exact load conditions typically being hard to predict under
dynamic user behaviour, manual cell- and frequency planning
is highly impractical.

A. Contributions and results

To the best of our knowledge, this paper is the first to
study joint load-aware dynamic user association and frequency
allocation operated on different time scales. We investigate



the effect of their joint operation by considering service
denials and user-perceived throughputs, and compare it against
operating the individual load-aware algorithms and a static
user association and frequency allocation policy. We show that
in all considered scenarios and parameter settings, a double
dynamic operation of the dense cellular system has excellent
performance without the knowledge of system parameters. We
furthermore provide insight in the joint operation of these
algorithms, and give insight in the effect of the parameters.

B. Discussion and related work
Both the user association and the frequency allocation (or

resource allocation) problems in wireless networks have an
extensive and rich literature. For example, several papers have
addressed the problem of optimal user association from a util-
ity maximization perspective [8]–[15]. These mostly establish
computational complexity results, in particular NP-hardness,
and develop efficient approximation algorithms for static user
ensembles. Other works consider flow-level dynamics [16],
[17], robust optimization [18], multi-tier settings [19] and
machine learning approaches [20]. We specifically mention the
work of Kim et. al. [21], which presents a user association rule
that is very similar to the one we apply in this paper.

In the domain of resource allocation, many works focus on
dynamic channel or frequency assignments, assuming a regular
hexagonal placement of APs [22]–[25]. Without the assump-
tion of regular AP placements, many works investigate the
problem of interference-avoiding resource allocations [26]–
[30], and/or focus on HetNet scenarios where the resources
have to be optimally shared between the macro and pico or
femto cell base stations [31]–[33]

There are papers that combine user association and resource
allocation [34], but they assume a fixed and given set of
resources at APs: the resource allocation is very much like
a scheduling problem at the AP. Works that consider joint
user association and resource allocation without a fixed set of
resources at the AP do not consider operating them on different
timescales [35], [36].

Although the list of works given above is by no means
exhaustive, it does represent a broader picture: despite the
many works on user association and resource allocation, this
paper is the first (to the best of our knowledge) to combine
load-aware dynamic user association with load-aware dynamic
frequency allocations with different timescale dynamics.

C. Organization of the paper
The remainder of this paper is organized as follows. In

Section II we introduce the system model and some useful
notation. In Section III we explain the dynamic algorithms that
we consider in this paper. Section IV lists all numerical results
and their implications, and finally in Section VII we make
some concluding remarks and suggest directions for future
research.

II. MODEL DESCRIPTION

We consider a system with L APs located in an area, and we
focus on downlink communication only. Within the considered

area, APs provide service to a time-varying set of users. Users
initiate file transfers as a process of rate ν. When a user
initiates a file transfer, it must be immediately and irrevocably
assigned to one of the APs. For each AP l, at any time t the
set of associated users is denoted by Il(t).

We assume that a sub-band is the smallest non-divisible
slice of spectrum that can be allocated to an AP. The set of
sub-bands is given by F , with |F| = F . An AP can transmit
on multiple sub-bands, but on at most Fmax ≤ F at any given
time due to antenna and power restrictions. The number of sub-
bands allocated to AP l is denoted by Fl. An AP uses all its
allocated sub-bands to serve users by applying a proportional
fair scheduling policy, as is also common in current 4G base
stations and will remain so in 5G.

The rate at which users are served depends on their expe-
rienced signal to interference plus noise ratio (SINR) values.
Throughout service, a user may be served on multiple sub-
bands simultaneously, but it is served by only one AP. We do
not account for fast fading and consider only average SINR
values. An AP l transmits on each allocated sub-band f with
equal and fixed power. A user i does not receive full power of
the AP but rather receives some factor of the power due to path
loss factors. For convenience we do not consider frequency-
selective fading, which means that the path loss is independent
of the sub-band and only depends on the distance between the
location and the AP. The Shannon formula then implies that
user i can receive a maximum communication rate Ri,l (in
bits per second) on any sub-band f from AP l equal to

Ri,l = w log (1 + SINR(i, l)) , (1)

where w is the fixed bandwidth of a sub-band, and where
SINR(i, l) is the signal-to-interference-plus-noise ratio that
user i experiences when served by AP l.

We model interference by means of an interference or con-
flict graph on the APs with (undirected) edge set E : if two APs
are connected by an edge then they are not allowed to transmit
on the same sub-band. Even though interference graphs are not
as precise as SINR-based interference models, several studies
have shown that an interference graph is sufficiently accurate
for capturing interference in this context [29], [37], [38].
Allocating sub-bands constrained to the interference graph
means that we impose they are free of significant interference
from other APs.

The APs are operated through Radio-over-Fiber. That means
that at the AP site there is only a simple remote radio head,
and all AP intelligence is located at a centralized entity. This
has the advantage that a lot of information, e.g. the current
sub-band allocation, is known for the entire system, and can
be used in the dynamic operation of the network.

A. Load balancing framework

We will now introduce a mathematical framework justifying
our approach. For convenience, we assume that there is a
discrete set of N user locations, which may be interpreted as a
suitable discretization of the overall coverage area. A location
does not necessarily have a geographical interpretation, but



rather represents a class of users that all have (approximately)
equal physical transmission rate characteristics with respect to
the APs. In other words, each user i that initiates a file transfer
at location n has the same values for Ri,l = Rn,l for all APs
l. Denote by νn the arrival rate of users in location n. The
sizes of the file transfers initiated by users in location n are
independent and have mean µnMbit.

Let xn,l be the long-term fraction of users at location n

which are assigned to AP l, with
∑L

l=1 xn,l = 1, ∀n =
1, . . . , N . Furthermore introduce binary decision variables zf,l,
where zf,l = 1 if sub-band f is assigned to AP l, and 0
otherwise. Then Fl = Fl(z) =

∑F
f=1 zf,l. We can now define

the long-term load of AP l as

ρl = ρl(x, z) =

N∑
n=1

νnµn

Fl(z)Rn,l
xn,l, (2)

where x = (xn,l){n=1,...,N,l=1,...,L} is the vector of assign-
ment fractions, and where z = (zf,l){f=1,...,F,l=1,...,L} is the
vector of binary decision variables.

Matching capacity with demand can be interpreted as mini-
mizing the maximum long-term load among the APs. This can
be formulated by the following optimization problem, where
x and z are the decision variables and U is the maximum load
among the APs:

min
U,x,z

U (3a)

sub: ρl(x, z) ≤ U, ∀l, (3b)

Fl(z) =

F∑
f=1

zf,l ≤ Fmax, ∀l, (3c)

zf,l ∈ {0, 1}, ∀f, l, (3d)
zf,l1 + zf,l2 ≤ 1, ∀{l1, l2} ∈ E (3e)
L∑

l=1

xn,l = 1, ∀n, (3f)

xn,l ≥ 0, ∀n, ∀l. (3g)

In the optimization problem (3a)-(3g) the minimization of
the maximum load is characterized by the objective and
constraints (3b), the constraints in (3c) enforce a limit on the
number of assigned sub-bands to an AP, the constraints in (3e)
represent the interference graph constraints, and the constraints
(3f) make sure all traffic at a location is assigned to an AP.

The optimization problem (3a)-(3g) is a mixed-integer (x is
continuous, z is binary), non-convex and quadratically con-
strained (consequence of the constraints in (3b), (3d), and (3e))
optimization problem with a linear objective function. The
non-convexity in particular makes it hard to find a globally
optimal solution.

To gain more insight in properties of optimal solutions to the
problem (3a)-(3g), let us briefly pause to consider a relaxation
of the problem. We allow (non-negative) continuous values for
z and replace (3c), (3d), and (3e) by

L∑
l=1

Fl ≤ F̂max, (4)

where F̂max is in principle different from Fmax. Equation (4)
may be interpreted as a crude approximation of the interfer-
ence graph constraints.

Proposition II.1. Consider the problem (3a)-(3g) with (3c),
(3d), and (3e) by (4), and allow continuous (but non-negative)
values for z. An optimal solution (U∗,x∗, z∗) to this relaxed
problem satisfies

xn,l > 0⇒ l ∈ arg max
l′
{Rn,l′}, ∀n, l, (5)

and
ρl(x

∗, z∗) = U∗, ∀l. (6)

Proof. We first derive a lower bound for the maximum load
U as follows.

U = max
l
{ρl} = max

l

{
1

Fl

N∑
n=1

νnµnxn,l/Rn,l

}
(7)

≥
∑L

l=1

∑N
n=1 νnµnxn,l/Rn,l∑L

l=1 Fl

(8)

≥
∑N

n=1 νnµn minl′{1/Rn,l′}
F̂max

=

∑N
n=1 νnµn/R

∗
n,

F̂max
, (9)

where R∗n, = maxl′{Rn,l′}. Now consider any allocation x̂
that satisfies (5) and (3f), and take ẑ such that

F̂l =

∑N
n=1 νnµnx̂n,l/Rn,l∑L

l′
∑N

n=1 νnµnx̂n,l′/Rn,l′
F̂max. (10)

Then (x̂, ẑ) satisfies all constraints and furthermore

ρl(x̂, ẑ) =

∑N
n=1 νnµn/R

∗
n,

F̂max
, ∀l. (11)

Since ρl(x̂, ẑ) attains the lower bound we derived above,
(x̂, ẑ) must be an optimal solution. Indeed, x̂ satisfies (5) by
definition, and (6) follows from (11).

Proposition II.1 tells us that the most efficient approach
is to allocate sub-bands to APs closest to users (in terms of
signal strength). Otherwise a user brings more load into the
system as a whole when assigned to an AP which is further
away than when it is assigned to the AP closest to it. Under
the assumption that Rn,l > 0 for all locations n and APs
l, it is not hard to show that (6) also holds for the original
optimization problem (3a)-(3g). However, the original problem
imposed binary values for zf,l, which means that in order to
obtain balanced loads as in (6), some fraction of users will not
be assigned to the AP that provides them with the highest rate.
In principle we can conclude that the binary constraints (3d)
and the interference graph constraints (3e) are the reason that ẑ
would not be optimal for (3a)-(3g). This observation motivates
a decoupled approach: first find a sub-band allocation based
on a Best-Rate association (5), and secondly find an optimal
user association given the sub-band allocation of the first step.

Remark II.1. The formulation of (3a)-(3g) assumes fixed
values for the arrival rates νn and mean file sizes µn while



in practice they may vary over time. Ideally the system would
know at each moment in time what these values are and apply
an optimal solution to (3a)-(3g) for these values. In practice
however, arrival rates and mean file sizes may be unknown,
finding optimal solutions to (3a)-(3g) seems intractable of yet,
and there is not even a discretization of the overall coverage
area to begin with! In view of these practical issues, we use
algorithms that only depend on load proxies at the APs and
SINR information.

III. DYNAMIC AND LOAD-AWARE ALGORITHMS

In this section we describe the load-aware dynamic user
association and dynamic frequency allocation algorithms. With
Remark II.1 in mind we apply measurement-based algorithms
with self-organizing properties. First, they do not need the
knowledge of arrival rates or file sizes, but are based on load
estimates at the various APs. Secondly (and consequently),
the algorithms adapt to changing load conditions caused by
changes in the underlying arrival processes and mean file size
realizations.

A. Load estimates

The load-aware components of both algorithms depend on
the use of load proxies. At given deterministic decision times
tk, for each AP l we determine a load proxy σl(tk). The load
proxy σl(tk) is defined as the percentage of time that AP l
was busy in the time interval [tk−1, tk].

Both the user association and the frequency allocation
algorithms will make use of individual load proxies. This
means that we have two classes of decision times with
possible different intensities νload, allowing for the algorithms
to effectively work on different time scales.

B. Dynamic user association

In this section we explain the Shadow Price Assignment
(SPA-) algorithm [39], the dynamic user association algorithm
that we will use. The SPA-algorithm uses the above-described
load estimates, and additionally uses the mean load proxy
σ0(tk) = (1/L)

∑L
l=1 σl(tk). For each AP l, we maintain

a shadow price yl(t). For the SPA-algorithm, decision times
occur with intensity νSPA

load per second. At each decision time
tSPA
k the shadow prices y(k)l = yl(t

SPA
k ) are (multiplicatively)

updated as:

log
(
y
(k)
l

)
= log

(
y
(k−1)
l

)
+ εSPA (σl(t

SPA
k )− σ0(tSPA

k )) , (12)

for each AP l. In between decision times, the shadow prices
remain unchanged, i.e. for t ∈ [tSPA

k−1, t
SPA
k ): yl(t) = y

(k−1)
l .

Based on pilot signals that users receive from APs, the system
determines (via the use of (1)) the service rate Ri,l that user
i can expect from AP l. User i arriving at time ti is then
assigned to the AP

l ∈ arg min
l′

{yl′(ti)/Ri,l′} , (13)

where Ri,l′ > 0, and breaking ties uniformly at random.
The update rule (12) increases the shadow price of APs

with higher than average load estimates, making them less

attractive for users in the sense of the assignment rule (13).
This creates a system that tries to balance the loads among
APs, directing users to APs with lower load conditions. The
speed at which the shadow prices are adjusted is determined
by the parameters νSPA

load and εSPA.

Remark III.1. When we fix the sub-band allocation z, the
shadow prices of the SPA-algorithm converge to optimal val-
ues, realizing an optimal user-association x(z) [39, Theorem
1, p.41] (optimal in the load balancing sense of (3a) and (3b)).

C. Dynamic frequency allocation

We will now cover the Single Load Interval (SLI-) algorithm
[40]. The SLI-algorithm allows for APs to acquire or release
sub-bands based on load estimates for that AP. In short, the
concept is as follows: choose an interval [ρmin, ρmax]. For each
AP l, determine a load estimate ρl(tSLI

k ) at decision time tk and
attempt acquisition or release a sub-band if the load estimate
is above ρmax or below ρmin respectively.

The idea is to keep the AP loads in the control interval
[ρmin, ρmax]. The upper bound of the interval protects against
overloaded APs. The lower bound of the interval frees capacity
when possible. The load estimate ρl(tSLI

k ) of AP l is determined
by a moving average:

ρl(t
SLI
k ) = (1− εSLI)ρl(t

SLI
k−1) + εSLI(σl(t

SLI
k )), (14)

where εSLI > 0 determines the magnitude of the updates and
is typically small.

The eventual choice of the parameters νSLI
load and εSLI should

ensure that the load estimates are not too sensitive to the
temporal load variations, but that systematic changes in the
underlying load parameters are detected sufficiently fast.

To determine which sub-band an AP acquires we assume
that we are given an interference graph: the nodes of the graph
represent APs, and two APs are connected by an edge if they
are not allowed to simultaneously operate on the same sub-
band. If the SLI-algorithm indicates that AP l should acquire
a new sub-band, then we choose the sub-band with lowest
identifier that is not in use at any of the (graph) neighbours
of the AP, assuming we somehow ordered the sub-bands. If
no such sub-bands are available or if the AP reached the
maximum number of sub-bands it can operate on, no extra
sub-band is allocated to the AP. If an AP has to release a sub-
band, it releases the sub-band with the highest identifier it has
in use, unless the AP has only one sub-band in use.

D. Escaping sub-optimal configurations

Although the SLI-algorithm is carefully designed for as-
signing sub-bands as efficiently as possible while allowing a
dynamic operation, it is not clear if the combination of the SLI-
algorithm and the SPA-algorithm can detect and move away
from an allocation that may look optimial from their individual
viewpoints and yet is globally sub-optimal. Specifically, in a
system with two APs, suppose that the APs both have load
proxies larger than the SLI-lower bound ρmin, i.e. neither AP
is going to release a sub-band. It may very well be possible that
by moving a sub-band from one AP to another it is possible to



realise a lower maximum load (proxy), but the SLI-algorithm
is not doing that. To deal with situations like this we introduce
an efficiency-triggered (sub-band) release (ETR). At decision
moments tSLI

k , each AP l determines an efficiency index as
follows. For each user in service at AP l let Ri,l be the service
rate (as determined by (1)) it receives from that AP, and let
Ri,l+ be the service rate of that user if it was assigned to
the AP that maximizes maxl′ Ri,l′ (which may be different
from (13)!). An AP l then releases a sub-band at time tSLI

k if
ρl(t

SLI
k ) ≥ ρmin and

max
i∈Il

{
Ri,l+

Ri,l

}
> ∆ETR, (15)

where ∆ETR is the efficiency threshold. The ETR escape
mechanism basically releases a sub-band at an AP if the AP
attracts users that are not assigned very efficiently in terms of
the rate (or signal strength) they could get. This release may
initially worsen the performance on the short term. However, if
a neighbouring AP acquires that same sub-band, it apparently
was a good choice: users can now once again be assigned
more efficiently.

IV. NUMERICAL RESULTS

In this section we present the results of simulations we
conducted to gain insight in the joint performance of the SPA-
and the SLI-algorithm. All simulation scenarios consist of a
1000m × 500m area with 10 APs, where users appear and
request a downlink connection according to a 2-dimensional
Poisson Process. Users arrive almost uniformly in the area:
the arrival rate of users is 10 users per second, except in a
non-stationary hotspot. The hotspot is a 200m × 100m area,
and moves over time. It starts with its south-west corner
at (200, 100), then it moves to (400, 100), (600; 100), back
to (400; 100) and finally returns to (200, 100), after which
this pattern repeats. The hotspot has a relative arrival rate of
10 times the normal arrival rate and switches position every
1000 seconds. The file sizes of users are independent and
exponentially distributed with a mean of µ = 5Mbit. These
specific arrival and service distributions are not essential for
the implementations of the algorithms, but are mainly used for
convenience in the simulation.

Each AP transmits with equal power of 24 dBm (on each
sub-band that it transmits on). The signal propagation and path
loss follows the 3GGP urban micro model defined in 3GPP
36.814 v9.0.0, where the path loss (in dB) from AP l to user
i is given by PL(i, l) = 140.7 + 36.7 log10(d(i, l))/1000),
and d(i, l) is the distance in meters between user i and AP
l. Furthermore, each sub-band has a bandwidth of 180 kHz
(similar to the bandwidth of an LTE resource block), and we
assume a thermal noise of −174 dBm/Hz.

The number of users that can be in service at an AP
simultaneously is limited by 100 users. If there are 100 users
in service and a new user initiates a connection, then that user
will be denied service, and leaves the system directly without
receiving service. Each simulation is based on 1 000 000 users.

A. Simulated systems

We consider two types of decision making in a system:
user association and sub-band allocation. For each type of de-
cision we consider two methods: a (traditional) static decision
making process (load-unaware), and a dynamic load-aware
algorithm (SPA- or SLI-algorithm). The traditional static user
association strategy is to assign users to the AP that provides
them with the strongest signal. We will refer to this as the
Best-SINR association.

A static sub-band allocation is determined as follows. We
use a discretization of the area into unit squares to estimate the
offered traffic at each AP. For each unit square, we determine
the expected offered traffic in bits per unit time. The HotSpot
zone is averaged in time over the unit squares it is covering.
The offered traffic from the unit square is then assigned to the
AP from which the received signal, received at the center of the
unit square, is strongest. To obtain a notion of demand at the
AP, the assigned offered traffic is divided by the rate at which
the AP can serve the center of the unit square, where the rate
is in turn obtained by applying the Shannon rate formula (1).
The resulting demand for an AP can then be interpreted as the
number of sub-bands that the AP needs to sustain the offered
traffic, i.e. to serve all traffic offered to the AP per unit time in
expectation. Then we use a greedy graph colouring algorithm
to allocate to each AP a number of sub-bands equal to the
just calculated demand (rounded up to the nearest integer),
respecting the interference graph. We will refer to the resulting
sub-band allocation as the IG allocation, where we constructed
the interference graphs by connecting two APs with an edge
if their mutual distance is less than or equal to r = 300m.

We simulated four systems: the SPA-, SLI-, COM-, and
FIX- (Fixed) system. Their implemented user association and
sub-band allocation algorithms are as follows.

SPA: User association: SPA-algorithm,
Sub-band allocation: IG allocation.

SLI: User association: Best-SINR,
Sub-band allocation: SLI algorithm.

COM: User association: SPA-algorithm,
Sub-band allocation: SLI-algorithm.

ETR: User association: SPA-algorithm,
Sub-band allocation: SLI with ETR mechanism.

FIX: User association: Best-SINR,
Sub-band allocation: IG allocation.

For the SLI-algorithm we used the control interval [0.5, 0.8],
and for the ETR mechanism we applied a threshold
∆ETR = 1.05.

For each system, we simulated numerous parameter config-
urations, which are listed in Table I. For each configuration of
νSPA

load , νSLI
load, ε

SPA, and εSLI, we ran four simulations. All simulations
with number ending with “0” have the same AP positions
and generated the same sequence of random variables for the
users (positions and file sizes) as simulation 0. All simulations
ending with “1” have the same AP positions as simulation
0, but generated a new sequence user-determining random
variables. All simulations ending with “2” have the same user



sequence as simulation 0, but generated new positions for the
APs. Finally, all simulations ending with “3” have the same AP
positions as the preceding simulation (ending with “2”), but
generated a new user sequence. The AP positions of simulation
0 are presented in Figure 1: the blue lines represent Voronoi
cell boundaries or the cell boundaries for user association
under the Best-SINR association, and the black dotted lines
represent the interference graph.

0 1000m
0

500m

0

1

2

3

4

5

6
7

8

9

Fig. 1. AP positions of simulation 0

TABLE I
SIMULATION PARAMETER CONFIGURATIONS

Sim νSPA
load νSLI

load εSPA εSLI

0-3 10.0 10.0 0.01 0.01
10-13 10.0 10.0 0.1 0.1
20-23 1.0 1.0 0.01 0.01
30-33 1.0 1.0 0.1 0.1
40-43 10.0 1.0 0.01 0.01
50-53 10.0 0.1 0.01 0.01
60-63 1.0 10.0 0.01 0.01
70-73 0.1 10.0 0.01 0.01
80-83 1.0 10.0 0.1 0.1
90-93 0.1 10.0 0.1 0.1

100-103 10.0 10.0 0.01 0.1
110-113 10.0 10.0 0.1 0.01
120-123 1.0 1.0 0.01 0.1
130-133 10.0 1.0 0.01 0.1
140-143 10.0 0.1 0.01 0.1
150-153 10.0 1.0 0.1 0.01
160-163 10.0 0.1 0.1 0.01
170-173 1.0 1.0 0.1 0.01

B. Service denials and throughput

One way to measure the performance of a system is to
consider the fraction of service denials. A lower fraction of
service denials implies a more efficient system operation. In
Tables II and III we present the percentage of service denials
for each system in each simulation.

First consider the COM and ETR systems: they show
identical service denials. This is because in none of the sim-
ulations of the ETR-system was the ETR mechanism actually
triggered, which means that the overall user-association of the
COM-system (and thus also ETR) was very efficient. In the
remainder of the paper we will therefore no longer focus on
the ETR system.

Surprisingly it appears that combining the SPA- and SLI-
algorithm does not result in significantly better service denial

TABLE II
PERCENTAGE OF SERVICE DENIALS (SIMULATIONS 0 - 93).

Sim SPA SLI COM ETR FIX

0 0.00 21.29 0.01 0.01 6.09
1 0.00 21.27 0.00 0.00 6.21
2 0.00 13.82 0.00 0.00 5.57
3 0.00 13.82 0.00 0.00 5.57

10 0.00 21.29 0.00 0.00 6.09
11 0.00 18.02 0.00 0.00 6.28
12 0.11 21.00 0.46 0.46 3.77
13 0.11 21.00 0.46 0.46 3.77
20 0.00 21.29 0.12 0.12 6.09
21 0.00 18.13 0.16 0.16 6.28
22 0.02 6.56 0.13 0.13 4.83
23 0.02 6.56 0.13 0.13 4.83
30 0.00 21.29 0.00 0.00 6.09
31 0.00 21.41 0.00 0.00 6.30
32 0.00 17.06 0.00 0.00 6.54
33 0.00 17.06 0.00 0.00 6.54
40 0.00 21.29 0.09 0.09 6.09
41 0.00 21.42 0.08 0.08 6.20
42 0.00 19.08 0.08 0.08 11.07
43 0.00 19.08 0.08 0.08 11.07
50 0.00 21.29 1.46 1.46 6.09
51 0.00 21.30 1.46 1.46 6.05
52 0.00 9.43 1.40 1.40 8.16
53 0.00 9.43 1.40 1.40 8.16
60 0.00 21.29 0.01 0.01 6.09
61 0.00 18.15 0.01 0.01 6.37
62 0.00 9.76 0.02 0.02 6.53
63 0.00 9.76 0.02 0.02 6.53
70 0.50 21.29 0.10 0.10 6.09
71 0.50 21.30 0.13 0.13 6.09
72 3.63 5.12 1.44 1.44 6.02
73 3.63 5.12 1.44 1.44 6.02
80 0.00 21.29 0.00 0.00 6.09
81 0.00 20.93 0.00 0.00 6.28
82 0.05 28.15 1.17 1.17 6.50
83 0.05 28.15 1.17 1.17 6.50
90 0.00 21.29 0.00 0.00 6.09
91 0.00 18.03 0.00 0.00 6.21
92 0.00 7.96 0.00 0.00 5.91
93 0.00 7.96 0.00 0.00 5.91

performance than in a system that only applies the SPA-
algorithm. Of course that depends on the configuration of the
parameters, as e.g. simulations 70-73 favour the COM system,
but in simulations 140-173 the SPA-system shows less service
denials.

It is important to keep in mind that the COM system
learns “everything” by itself through measurements: there is
no a priori information available. The SPA-system however is
initialized with a frequency allocation which requires detailed
information of the arrival process. Considering that the COM-
system only relies on load measurements, its performance
is remarkable: in every simulation it beats the traditional
static operation with a significant margin (in terms of service
denials).

Define the user-perceived throughput as the file size of
a user divided by the time it took the system to provide
the user that file. In Figure 2 we plotted the user-perceived
throughputs of the systems in simulation 140. In essence,
Figure 2 is representative for all simulations we conducted
in the sense of the following observations. In all cases the



TABLE III
PERCENTAGE OF SERVICE DENIALS (SIMULATIONS 100 - 173).

Sim SPA SLI COM ETR FIX

100 0.00 21.29 0.00 0.00 6.09
101 0.00 18.00 0.00 0.00 6.14
102 0.00 7.28 0.00 0.00 5.77
103 0.00 7.28 0.00 0.00 5.77
110 0.00 21.29 0.00 0.00 6.09
111 0.00 21.43 0.00 0.00 6.28
112 0.00 17.30 0.01 0.01 9.09
113 0.00 17.30 0.01 0.01 9.09
120 0.00 21.29 0.00 0.00 6.09
121 0.00 18.02 0.00 0.00 6.19
122 0.41 30.51 0.02 0.02 7.21
123 0.41 30.51 0.02 0.02 7.21
130 0.00 21.29 0.00 0.00 6.09
131 0.00 21.45 0.00 0.00 6.24
132 0.00 7.57 0.01 0.01 7.98
133 0.00 7.57 0.01 0.01 7.98
140 0.00 21.29 0.08 0.08 6.09
141 0.00 21.26 0.09 0.09 6.09
142 0.00 10.85 0.08 0.08 8.64
143 0.00 10.85 0.08 0.08 8.64
150 0.00 21.29 0.12 0.12 6.09
151 0.00 18.10 0.13 0.13 6.15
152 0.52 17.86 5.58 5.58 6.63
153 0.52 17.86 5.58 5.58 6.63
160 0.00 21.29 1.57 1.57 6.09
161 0.00 21.39 1.57 1.57 6.20
162 0.00 17.42 2.49 2.49 9.51
163 0.00 17.42 2.49 2.49 9.51
170 0.00 21.29 0.11 0.11 6.09
171 0.00 18.00 0.07 0.07 6.20
172 0.00 4.93 0.10 0.10 6.88
173 0.00 4.93 0.10 0.10 6.88
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Fig. 2. Empirical cumulative distribution of user-perceived throughput in
simulation 140.

COM-system realized better user-perceived throughputs than
the FIX-system. In the low-throughput region, the SLI-system
realized worse throughputs than the COM-system, but in the
higher throughput region it performs better. This is due to the
larger number of service denials: some APs are under high
load and the SLI-algorithm is not able to fully solve that
issue. The COM-system additionally offloads users to other
APs, relieving the APs with high load and hence realizing
higher throughputs at those APs. However this comes at
the expense of users at APs that otherwise had plenty of
capacity, decreasing those user’s throughputs to offer service

to users that were otherwise denied service in the SLI-system.
Furthermore, the SPA-system realizes better throughput values
than the COM-system because it once again depends on a
reasonable sophisticated frequency allocation and “only” has
to adjust the user association a little bit when the HotSpot
moves.

V. EVOLUTION OF SHADOW PRICES

We know that under the SPA-algorithm the shadow prices
y
(k)
l converge to optimal values, in a static situation. But what

is the effect on the shadow prices when not only the user
arrival process changes (the moving HotSpot) but also the sub-
band allocation changes? In Figures 3 to 6 we plotted the
evolution of y(k)1 for the COM-system in simulation 0, 70 and
140, and for the SPA-system in simulation 140.
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Fig. 3. Evolution of y(k)1 of the COM-system in simulation 0.
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Fig. 4. Evolution of y(k)1 of the COM-system in simulation 70.

In Figure 3 we observe no periodic behaviour of the control
parameter because the speed at which the sub-band allocation
changes is equal to the speed of control parameter updates.
Nonetheless, operating the SPA-algorithm in addition to the
SLI-algorithm greatly improves the performance of the system,
as can be seen by comparing the service denials of the SLI-
and the COM-system in Table II.

In Figure 4 we can see a periodic behaviour of the control
parameter, but the plot suggests that the control parameter has
not yet converged before the HotSpot moves again. The plot
for y(k)1 in the SPA-system of simulation 70 looks similar.
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Fig. 5. Evolution of y(k)1 of the COM-system in simulation 140.
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Fig. 6. Evolution of y(k)1 of the SPA-system in simulation 140.

This behaviour of the control parameter may explain why
in simulations 70-73 the COM-system outperforms the SPA-
system: the control parameters have not yet converged enough,
and the COM-system therefore benefits more strongly from
applying the SLI-algorithm.

In Figures 5 and 6 we see interesting periodic behaviour
of the control parameters. In these simulations, the frequency
of control parameter updates is 100× higher than the SLI-
update frequency, giving the SPA-algorithm enough time to
let the control parameters “converge” before a change in sub-
band allocation is made. Also, it appears the frequency is high
enough to also capture the HotSpot dynamics. In Figure 6
we can distinguish three different “regions” where the y(k)1 of
the SPA-system takes values, corresponding to three different
optimal values: one for each HotSpot position. The periodicity
of the control parameter also coincides with the periodic
behaviour of the HotSpot. In the COM-system (Figure 5) we
observe more than three of those levels, as there are more
situations that the system finds itself in: not only is the HotSpot
moving, but also the sub-band allocation is changing.

VI. SUB-BAND ACQUISITIONS AND RELEASES

At each decision time tSLI
k , define the number of sub-band

changes as the number of APs that acquired a new sub-band
plus the number of APs that released a sub-band. In Figures 7
and 8 we plotted the number of sub-band changes for the
COM- and SLI-system in simulation 140 and 120 respectively.

In Figure 7 we observe a peak in changes at the start in
both systems, but the SLI-system shows no more changes.
This is because the SLI-system is trapped in a sub-optimal
configuration it cannot move away from. The COM-system

0 2 4 6 8

·104

0

2

4

6

8

10

Time (s)

N
r

of
su

b-
ba

nd
ch

an
ge

s

COM
SLI

Fig. 7. The number of sub-band changes for the COM and SLI system in
simulation 140.
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Fig. 8. The number of sub-band changes for the COM and SLI system in
simulation 120, up to tSLI

k = 10000.

however adapts the user-association in reaction to sub-optimal
allocation, giving the system more slack to move sub-bands
around as can be seen by the number of sub-band changes that
keep happening throughout the entire simulation time.

Recall that for the benefit of the schedulers at the APs it is
undesirable to change frequency assignments too fast. Figure 7
shows that the COM-system shows changes in the allocation
only occasionally, and the number of changes is mostly around
one or two, with some peaks capped at four. Considering the
dynamics of the HotSpot, the COM-system realizes a fairly
stable sub-band allocation. This is in sharp contrast with the
number of sub-band changes displayed in Figure 8, making the
parameter settings of simulation 120-123 very undesirable for
the schedulers at APs (updates occur too often), even though
the performance (in service denials) is very good.

VII. CONCLUSION

In this paper we studied the joint operation of load-aware
and dynamic user association and sub-ban allocation algo-
rithms in dense cellular networks. In particular, we applied
the SPA-algorithm for dynamic user association and the SLI-
algorithm for dynamic sub-band allocation, motivated by an
approximate analysis of the joint load-balancing problem. The
load-aware algorithms operate using load measurements at the
access points (APs) and can react to changing load conditions
without knowledge of hard-to-obtain system parameters.



Extensive simulations show that a system that combines
the SPA- and SLI-algorithm (COM-system) is very effective
in preventing service denials, outperforming traditional static
allocation methods. The COM system shows similar service
denial percentages as a system which has an a priori optimized
sub-band allocation and applies the SPA-algorithm for user-
association (SPA-system). This demonstrates the impressive
self-organizing capabilities of the COM-system. In addition,
in the simulations the COM-system was able to avoid getting
trapped in local sub-optimal solutions, as the ETR escape
mechanism we included was never triggered.

An interesting direction for future research is to design
(joint) algorithms that rely on even less information, e.g. by
removing the interference graph from the model and instead
replace it by user-perceived SINR conditions.
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