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Abstract— Radio resource management (RRM) in cellular limited bandwidth between local hodes and the central node,
radio system is an example of automatic control where there, the detailed information can not be made available in the
one way or another, is limited information. Either the control central node. Instead, course information and/or sparsely

algorithm is hosted in a central node and then receives liméd . .
information from a wide area. Or, the algorithm is located in sampled data is sent to the central node. Decentralization

a local node (base station) and then has only knowledge of the gives additional performance gains by using detailed in-
situation in the corresponding cell. Despite these limitabns, formation on the immediate radio environment and current
good utilization of available resources is required withot  yser demands. The information flow can be visualized as in
jeopardizing system stability. Figure 1, where the central node controls the resourceg usin

The proposed RRM algorithm applies to the uplink (mobile . o .
to base station) of acode divison multiple access (CDMA) control signalss;, j =1,2,..., B such that system stability

cellular system and uses decisions made both in a central ned IS guaranteed while the local nodes perform the actual
and in the base stations. The central node, operating on a slo  resource assignment to the separate users. In this context,
update rate, guarantees system stability while the base stans  resource (re-)assignment means that each base station
can make fast decisions to improve performance based on ragi allocates resources to all served userse c;, wherec; is

changes in the local radio environment. .
Simulations indicate that using the proposed combination the set of users served by base stajon

of centralized and decentralized control better resource ti-
lization given an upper limit on the received interference Local nodes
power.Moreover, as opposed to using decentralized controthe

algorithm guarantees system stability. Central node
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I. INTRODUCTION

The control aspect of radio resource management may be
stated as: provide as high quality of service as possible by —
assigning users radio resources without jeopardizingesyst
stability, despite user movement and external disturbakice J (limited information)
overview of radio resource management is given in [1]. |
The purpose of all RRM algorithms is to set the target
values for the power control algorithm of each uplink connec
tion such that the system isasible while providing as high Fig. 1. Information flow in a decentralized RRM algorithm.
quality of serviceas possible. A system is feasible if it exists

finite transmissipn powers such that a]l users perceive anan addition to WCDMA (the radio interface of UMTS)

acceptable quality of the allocated service (typicallateli 564 Enhanced Uplinkis currently being standardized by

to the uplink signal to noise ratio) [2]. 3GPP [3]. The objective is to enable high uplink data rates
System feasibility is a system property, and as suclyg short delays. This will be done by decentralizing most

depends on the situation in the entire system as a whole.df he resource control to the base stations and using more
each base station distributes resources to the users With@gicient retransmissionprotocol [4].
respect to the situation in surrounding cells in a multi cell
system, system feasibility is thus obviously not guarashtee
To efficiently solve the RRM problem it is therefore our
strong belief that the control algorithm should be a combina max, U(7)
tion of centralized and decentralized control. Centréiiza s.t. system is feasible
is required to guarantee system feasibility. Because of the
where~ is the vector of users’ signal-to-noise ratios. The
*This work is supported by the Swedish Agency for Innovatiyst&ms utility function, U(’Y)a can be seen as a realization of the
(VINNOVA), Information Systems for Industrial Control arupervision . .
quality of service demands. It should therefore reflect the

(ISIS) and in cooperation with Ericsson Research, whichadiracknowl- g ) ;
edged. user satisfaction. Speech users and data users have wiiffere
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The resource allocation problem can, like many control
problems, be formulated as an optimization problem.



demands, and should therefore use different utility funazarrier-to-total-interference-ratiqCTIR)?,
tions [5].

Since the limiting resource in the uplink of a CDMA
cellular system is the received interference power, a re-
source control algorithm should consider this quantitye ThThe quantityZ:** is the total interference power in base sta-
difference in performance between algorithms studying thiéon j. Power control adjusts the users’ transmission powers,
introduced interference power and those simply countieg ttpi; @ = 1,2,..., M to meet user individual target CTIR
number of users in each cell has been established in maY@lueSﬂfgt, while mitigating time-varying disturbances.
contributions [6], [7]. Definition 1 (System Feasibility)Given all users’ power

Examples where an optimization problem has been defin@gin o all base stations; ;, i {1t’§l£\4}’ j €{1,B}, and
and solved in a single cell system are [8], [9]. Examples dfSer individual target CTIR values,”, a system iseasible
where all base stations of a multi cell system have been giv&t €xists user individual finite positive transmissionvpers
a common rule and no centralized node is used are [1GjUch that
[11], [12]. A drawback with the methods given in the above Bi > B Vi.
references is that the base stations require knowledge
the current received interference power, which is general
considered hard to measure accurately.

Pigi,K;
b= "

[herwise, the system isfeasible
System feasibility is one out of many names used for this
) o system property [2], [13]. The resource management can
We propose an algorithm consisting of two levels ofperefore be seen as mechanisms to assign CTIR levels to
optimization; in the central node as well as in each bas@sers, while ensuringystem feasibility

station. In short, the central node receives limited power |}, primary resource of the uplink of a CDMA cellular
gain information from each base statioyi, From this, it system is the total received interference powgr! in

dec_ides how much resourcesaXeqch base statio_n can as:signoase stationj. This quantity is modeled as the sum of
to its users {;). The base stations then assign resources pase station specific background noise poweéy, and

to the users. This, together with an agreement between tEGntributions from all users in the entire netwogkg; ;,
central node and the base stations, guarantees feasibiiity o

information flow of the algorithm can be visualized as in M
Figure 1. I°" = N+ pigij- (1)
i=1

An advantage with our approach is that the base station
controls the resources and can therefore assign a user wilthe notation is summarized in Table I.
greater needs more resources on the behalf of other users.
This is useful when the radio traffic is burst, or when
users have different priorities. Furthermore, we only use

TABLE |
SUMMARY OF THE INTRODUCED NOTATION.

information readily available in a practical cellular syt M Number of users
Section Il explains the notation and system model useg—2 Number of base stations
L. e . . Di Transmission power, user
After. that, a criteria 'for system feasibility is prowdeq in 9 Power gain between usérand base statiof
Section Ill. The radio resource management algorithms,z; ; = gg_Ki Relative power gain between useand base statior
which assign resources to the users, studied in this contrit K, Base station useris connected (o
tion are explained in Section V. Simulations were used tp < Set of users connected to base statjon
establish the performance of the algorithms. Results afetho N Background noise power in base statipn
. . . . . Ite Total interference power in base statipn
are discussed in Section V before conclusions are madeHr——i; .
- B; Target CTIR, uses
Section VI.

I1l. SYSTEM FEASIBILITY

II. SysTem MoDEL This section is devoted to finding a criteria for establighin

whether or not the system is feasible, i.e., whether it sxist

Consider a scenario consisting Bf base stations angl/ finite transmission powers to support the users’ target CTIR
users. Usei is solely connected to base statiéh and the Vvalues.
set of users connected to base statjois denotedc;. The If the resource control algorithm manages to maintain a
power gain between userand base statiorj is denoted reasonable load, it is fair to approximate the actual experi

. . . . tgt
g:.; < 1. We will also use relative power gain between usefnced CTIR,j;, with 3%, i.e., power control manages to
i and base statiop, z; ; = 2L track 3;7" despite time-varying disturbances ., , interfer-
. U T . ence from other connections etc.). We thus concentrate on

Each user; is transmitting with powerp,. The uplink

channel is modeled by the power gajnx,. The bit rate 1The CTIR, 3, is related to the more known carrier-to-interferenceorati

and bit error probability perceived by uséis related to the ~ throughg = ;7.



the equations as if the power control has reached a steafly?!, are positive. According to Lemma 1, all elements are

state. Usefi’s transmission power is then positive if \(L) < 1. The corresponding interference vector
Jtot is the solution to Equation (3),
[t — Pigi K, S p = 5?915& tot T rtot tot T\—1

ST TR I = N + LTI & I = (B~ L) 7'\,
The interference power contribution to base statjofiom u
users connected to base statiors IV. RESOURCEMANAGEMENT ALGORITHMS

I 2 > pigii= ﬁfgtﬂffgf =Y Bz 1", A Centralized Algorithm
i€ey i€ey Ji. K i€ey Provided that the central node has knowledge of the entire

since K; for all users incy, is k. Let the element on rovie ~ power gain matrixg; ;], it can make an optimal user target

and columnj of the cross-coupling matrix. be defined by CTIR assignment, maximizing the chosen utility function.

I According to Theorem 1, the system is feasibla(f) < 1.
A 7j

L = Jrar = Z B 2 ;. (2) An example of an optimization problem is tRus
k i€cy max U(ﬂfgt)
Adding all cells’ contributions to the background noiselg#e i (4)
B st.L<L"YE,
I;"t =N; + ZIk,j = whereU is some utilization function representing the cho-
k=1 sen resource management policy and the constraint simply

B states that the maximum eigenvaluelofmust be less than
Nj+ Y Li I j=1,2,...,B. the scalar parametek!s!, i.e., \(L) < L' < 1. The
k=1 RRM algorithm based on the above optimization problem
A compact expression for all the interference powers alébasvill be referred to as theptimal algorithm Solving this
stations is optimization problem requires complete knowledge of the
It = N 4 LT1%", (3) matrix [z ;] in the central node. A centralized solution like
this therefore comes with the price of heavy signaling and/o
slow adaptation to the changes in radio environment thesuser
experience. In practice this leads to a demand for back-off
il the optimization, which yields decreased utilization.

where It = [I*].

Before providing a criteria for system feasibility, we
introduce some additional notation. The eigenvalues of
general matrixA will be denoted by\(A) and the maximum
eigenvalue byA(A), i.e., B. A Semi-Centralized Algorithm
AL The fundamental idea is to limit the intercell interference
) MA) = eig(4) Iy ;, k # j. The variableL; ; is a measure of how much
A(A) £ max \(A). load cellk introduces in cellj. More specificallyLy, ; I;°" is
the intercell interference power users in celintroduce in
Lemma 1:All elements of the vectort®* = N + LT [tot cell j P

are positive and finite iR(L) < .1’. L>0 gndN > 0. One way of limiting the off diagonal elements &f i.e.,
o Proof: LetB(oz)_ be the adiomt matrix of the character-to limit the intercell interference, is to limit each term(i2).
istic matrixaE — A, i.e., B(a) = (O‘E__A)AA(O‘)’ Where A natural strategy is then that users with small relative
A(a) is the characteristic polynomial of, det(aE — A) power gainz,; ; can be given a highe’?’. Feeding back
and FE is thg identity matrix. If all elements of the matrix complete knc;wledge on the relative plower gains from the
L are positive {. > 0), Perron-Frobenius theory states thay,5se stations to a central node requires heavy signaling,
all elements of the matri¥3(«) is non-negative and finite if 54 s thus avoided in practice if possible. The amount of
A(4) < a [14]. By choosinga to 1 andA to LT, we get jntormation sent from each base station to the central node
that if A(LT) < 1 then can be reduced if, instead of sending all users’ relativegrow
0< I = (E—LT)"!'N < oo, gain measurements, only the average is sent, i.e., thervecto
meane., 2;,; IS sent from each base station. This way, the
since all elements in the inverse as well as\irare positive  amount of information sent to the central node depends only
and finite. Using\(L) = A(L") completes the proof. M  on the number of base stations and not on the number of
Theorem 1:A wireless network with user’s uplink CTIR ysers. Using the information on average relative power gain
targets,ﬁfgt, and upllnk relative power gaimm is upllnk values, a matrix = [Yk j] can be Comp”ed,
feasible if \(L) < 1. The resulting interference vectdt°* ’ 1
is given by Yijg = — >z,
Itot — (E o LT)_lN. Mk: i€cn
Proof: There are finite transmission powers to support 2The notationA < B means that the maximum eigenvalue Af- B is

.a” users’ target CTIR values, i.e., th_e system 1Is _fea&bl‘?ess than 0, whilec < y wherez andy may be vectors, means component
if and only if all elements of a solution to Equation (3),wise inequalities.



where M, is the number of users in cell. Introduce the
matrix L = [Ly, ;] as As utility function, U(s), one should choose a convex
function as this makes (7) a convex problem [15]. A possible
choice is a greedy version

b A
Ly = siYy g,

wheresy is a scalar. B

Lemma 2:1f Ly; < Ly;Vk,j € {1,B} and \(L) < Ug(s) =) sk, (8)
LY then \(L) < L9, k=1

Proof: Follows from the fact that increasing an ele-which simply maximizes the system throughput, or one may
ment of a positive matrix can not decrease the maximughoose
eigenvalue. | e
If the resource assignment algorithm chooses target CTIR Us(s) = ZM’fsk’ ©)
k=1

values such that o ) ) )
which is more fair to users in crowded cells. Obviously other

tgt T .
Lij =Y 8"z < Ly;Vk,j € {1, B}, () choices of utility function can be made in the local base
ek stations. We have only uséd, (s) above.
then, according to lemma 2\(L) < L' yields \(L) < To guarantee system feasibility, the inequality in Equa-

L't An interpretation ofs;, as a resource pool is given by tion (5) must also be met. In this algorithm, this is done
studying Equation (5) in the case whén= j, i.e., on the by the choice of target CTIR valuegf;’, in the base

diagonal ofL (note thatz; x, = 1Vi), stations. Since the actual resource assignments is done
_ ot tot = in the base stations the decisions can be based on lo-

L = Zﬁi Fik = Z@; < Ly = si, cal information and with a much higher update rate than

i€ck i€ck what the central node operates on. The local optimiza-

i.e., s, is an upper bound on the sum of the target CTIRion problem in base statiork is the linear program,
values of users connected to base station

Lemma 3:If ) max Z ﬁfgt
E L B eck I
<LT Ltgt2E> =0 (6) " i 1ot ' (10)
o ot d 2ice, Bi #ig < Yingsu Vi
thenA(L) < L'". ) Bmin < B < Binaa, Vi € .

Proof: See the appendix. [ |

Theorem 2 (System Feasibilitys system using a re- The requirement that the combined target CTIR values must
source allocation algorithm that meets the inequalities ibe less than or equal te, in base statiork, is handled
Equations (5) and (6) is feasible If*9* < 1. by the first constraint when = k. If the first constraint is
__ Proof: As the requirement in Equation (6) is met,respected in all base stations, each element @ indeed
A(L) < L**. According to Lemma 2)\(L) is then also less upper bounded by the corresponding elementLini.e.,
than L'* if the inequality in (5) is met. Finally, according Equation (5) is met.
to Theorem 1 this yields feasibility if.?9! is less than 1.m As the maximum eigenvalue is less than or equal to the
C. The Algorithm maximum singular value of any matrix [16], the matrix

inequality in (7) implies a more strict requiremén®ut

We propose an algorithm choosing the users’ target CTIR,, oiher way, the maximum eigenvald¢L) may be less
values as the solution to optimization problems in each bagg, . 1.tst even if the matrix constraint is met with equality.

station. In order to mee'_t the rt_equirements of Theorem Ziig implies a loss in utilization. By scaling all users'*
however, a central node is required. values with Lt9 X\(L)~*, while respecting the upper bound

The resource _pools,sk, given _to the base_ stations is 5 allowed Bt values in (7), this loss can be partially
produced by solving an optimization problem in the centr egained.

node as well. In order to guarantee system feasibility the Tho RRM algorithm using the optimization problems (7)
inequality in (6) has to be met. There may also be constrainig, (10) will be referred to as ttsemi-centralized algorithm

on the users’ possiblg;*" assignments given by, and 1) Algorithm SummaryTo summarize, the algorithm uses
Bmaz- The optimization problem in the central node is thugyo optimizations, one in the central node and one in each

base station. Problem (7) is solved in the central node. To

max U(s) define the matrix. used therein it needs the matdixwhich
° . is compiled by information received from the local nodes, se
? L2 0 Figure 1. The actual resource assignment is done in the base
LT L"E) — 7 (7) stations which have more detailed and up to date information
St Ly, =Yy, kj=1,2,...,B. on the situation in the cells. The target CTIR valug§’{)
Sk = Dices @tgt are chosen as the solution to problem (10).

tgt . o ) . . -
Bmin < 5;7" < Bmaz, 1 =1,2,..., M. 3The optimization results in a maximum singular value lessth.



2) Properties of the AlgorithmSince system feasibility  After one of the RRM algorithm explained in Section IV
is guaranteed by the decisions made in the central node, thas assigned’’* values to all users, the values are corrected
base stations can focus on improving system performantesatisfy a transmission power constraintfgf** = 0.2 .

by using information only locally available. Examples of Furthermore, 10% of all users are not allowed to connect

manners in which this can be done are to one of the nine cells. This models a user passing through
« Fast adaptation to varying radio environment (such a& pico-cell without making a hand over to it.
multi path fading) The same base station positions are used in all simulations

« Fast adaptation to transmission requests (buffer sizeshut the users are spread randomly before each simulation.

. Base stations can, on their own, adapt to and take Table Il shows parameters used in the simulations. The
advantage of user movement

« Limited user transmission power can be respected in the
local node by recursively reassigning the target CTIR

TABLE Il
SIMULATION PARAMETERS

values. B 9
The purpose of feeding back; ; is that the central node Max transmission powej 0.2 W
then has an idea of how much the different cells interfere Averagg Cell Radius 758 m
with each other. If, for example, many users in delare B 1
close to the boarder between célland cell j, Y ; will No. of MC simulations | 40

be relatively large and the central node can then chegse
smaller in favor of other base stations’ resource assigtsnen

sj,iFE ke Decentralizedso = 0.4

As the users move around in the cell or even enter othi | ===~~~ Decentralizedsg = 0.6

: Semi-central. L"9" = 0.8
cells, the local algorithms adapt the target CTIR valuess | _____ Optimal, Lt9¢ = 0.8
that the constraint in (10) is always met. This constraint i‘a) y b)
crucial for system feasibility. 1°

All optimization problems of this algorithm, the one in  + Pt
the central node as well as those in the local nodes, a < M ks
of standard types. As such, there are efficient applicable [N [~ _-----"7°=7==1 G
them.

C) 1 10" 10° d) 10" 10°
D. A Decentralized Algorithm 20 go?

As comparison, we will use an algorithm simply looking %,15 a4 Boe o
at the number of users in the own cell. A truly decentralize ENE) _,_x-f-“’ g Soa . /\,’
solution will be used. As there is no feedback used in thi x“sm 3., Y '
case, the central node has to be very conservative wh R fi" g 7‘/\\\‘,\
setting the size of the resource pooig)(given to the base - e R BV
stations. Even so, there is no guarantee that the system w...
be feasible.

. Fig. 2.  Comparison of the RRM algorithms introduced in SectiV.It

The resource pool will be chosen as is the total number of available user&/] on all x-axes. The bottom right
graph shows the relative frequency of infeasible assigtsnen

sk=50, k=1,2,...,B,

wheres, is a fixed parameter. This parameter can be seen &&in result is shown in graph d of Figure 2. As opposed to
a tuning parameter and will be chosen beforehand. Whiletae semi-centralized algorithm, the decentralized atori
highers, enables better utilization, it also increases the prok®ccasionally assigns resources such that the system bscome
ability of too much uplink interference, or even infeadtyil infeasible, especially when the more aggressive choice of

The users in base statignwill get so = 0.6 is used.
tgt S0 Using sp = 0.6 (the thick dashed line) in the decen-
B = My tralized algorithm yields approximately the same resource

utilization as the semi-centralized algorithm (graph ajlyo
the decentrallzed algorithm causes much higher maximum

, N (graph c). The semi-centralized algorithm
V. SIMULATIONS requires a maximum noise rise level of reasonable 6 to 7

We have run a set of simulations. The simulation scenar@B while the decentralized algorithm causes a maximum

is a set ofB = 9 cells distributed over 3 sites. A wrap aroundnoise rise of approximately 15 dB. The power control is

technique is used to eliminate boarder effects. generally assumed to operate unsatisfactory when the noise
The offered load (amount of users) is constant during ongése is above 6 or 7 dB.

simulation. Monte Carlo simulations are used for increased There are two reasons why the semi-centralized algorithm

accuracy. provides a manageable noise rise level. One being that there

This RRM algorithm will be referred to as ttdecentral-
ized algorithm




is a guarantee that the noise rise level is limited since we APPENDIX

have an upper bound on the actual uplink load, unlike thg proof of Lemma 3

decentralized algorithm which simply limits the load calise -
: : The Schur Complementf a matrix is a useful tool for

?yééhiforggdci#igzws;/etrﬁ : :zr?]lij_lgel:fr ;ﬂze Q(tjloglggr?thh?:] tihsgstabilishing Wheth'er a matrix is positive definite or not][18

not directly related to the uplink noise rise [17]. A seconacons'der the matrix

reason why the uplink noise rise level is lower when using X — < A B)

the semi-centralized algorithm is that the algorithm cdess BT C)’

the relative power gain, instead of just the power gain to tr\?fhereA is a symmetric matrix. Assume that ddf # 0

own cell. This prevents the 10% of the users who are NAd define theSchur complemerds the matrix

connecting to the pico-cell to introduce too much intenfee

in the pico-cell. Put another way, by limiting the intercell S=C-BTA'B.
interference the algorithm manage to keep the noise ri
lower while providing a higher throughput.

The decentralized and semi-centralized algorithms peovid ° ?EOO
approximately equal variation in users’ target CIR (graphc * ° =™ ) o
This indicates that the semi-central algorithm does not pricomparingX with the extended matrix in the lemma (6),
oritize users close to a base station. In fact, both algmsth We g€t 5 ~
try to give equal target CTIR to all users in the same cell. A=E,C=L""FandB = L.
In the end, however, the target values may be changed dH%w, since A —
to limited transmission powers. implies

The difference between the semi-centralized algorithm and ) o o )
the optimal algorithm is that total target CIR (graph a) LYW°E—-L"L»=0« L"L < LY'E.
has been traded for decreased variance (graph b). The tvlvﬂis means that
algorithms cause approximately the same noise rise.

Finally, usingsy = 0.4 instead ofs, = 0.6 results in M(ETL) < 199 k= 1,2,...B.
a slightly decreased sum of target CIR values, while th
maximum noise rise level still reaches inappropriate kevel

?FA > 0, the following two statements are equivalent

E > 0, the requirement in the lemma

&s the maximum eigenvalue of a matrix is less than or equal
to its maximum singular value [16] this gives

ML) £ max Ay (L) < \/A(LTL) < L,
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