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Abstract

In the uplink of a WCDMA system, a natural choice of resource quan-
tity is the uplink noise rise, i.e., total received power over noise power.
Unfortunately this quantity is hard to measure and estimates are often
noisy. This paper focuses on relative load which is closely related to the
noise rise. Model-based signal processing with change detection tech-
niques is herein used to suppress noise and minor oscillations while being
alert on fast load changes. The time varying model identified in the pro-
cess can also be used for prediction of future values, something which
resource management algorithms can benefit from.
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Abstract— In the uplink of a WCDMA system, a natural choice

of resource quantity is the uplink noise rise, i.e., total received —
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|. INTRODUCTION Fig. 1. Uplink relative load oscillates with a rather low frequency. Solid:

) ) filtered true relative load, dashed: estimated relative load.
All cellular radio systems of today employ radio resource

management algorithms to utilize the available resources as

efficiently as possible. These algorithms depend on some swetd to be alert on sudden changes in the load. Therefore we
of resource quantity. In the uplink of a WCDMA system dave applied a signal model together with Kalman filtering and
natural choice of such a quantity is the total received powehange detection to the relative load estimate in order to reduce
Itot [1]. I*°t is related touplink relative load L, through the noise and oscillations while keeping the sudden changes in the
pole equation [2] (which will here be taken as a definition afignal. The time varying model also provides an indication of
L) towards where the load is currently heading, something which
A N enables more aggressive resource management algorithms.
I*ot = (1) The rest of this paper is divided as follows. The next section

T 1-L . oo . . .
) ) contains a derivation of the uplink load estimates. Section 1lI
where N is the background noise power. There are a numbgi,yides a presentation of the signal model used herein. In

of different approqches to gstimate the relative load. A vyi action IV we present theory for Kalman filtering, change
spread approach is to consider the relative load as consisii§ection and discusse some of the filter design choices.
of two parts, one part being the sum of contributions froRaman filter and CUSUM detector are applied to simulated

users within the cell and the other part (originating from usefg,ink load estimates in Section V. Finally some conclusions
outside the cell) being a fractiotf, of this internal load. This 516 made in Section VI.

technique has been applied in [3], [4], [5]. Another, more
straightforward technigue is to use measurement8%f see
e.g. [6].

OSr [a;])proach has been to use a centralized estimate basedis section will explain the system model assumed and
on path gain measurements and an assumption of perf‘&ﬁ” derive the estimates of the uplink relative load.

power control, see below or [7], [8]. Regardless of the method

used, the estimated uplink relative load will, just as tha. Wireless Networks

true uplink interference power, fluctuate over time. Figure 1 the yplink noise rise in base statign(different cells are
shows estimated and true uplink relative load. Clearly bofiprein denoted as different base stations, even though they are
of them experience oscillations. These oscillations are dggnnected to the same physical sit), is defined as the total

to the constant user movement; as the users move aroungrference power in the base statidit, over background

the environment their number of soft handover links regularjyyise power);. The total received interference power at time

change_s._By using more soft handover links less interferermtc':q]@ot(t)' is compiled by the background noise power and the
power is induced into the system. = __sum of all the users’ carrier powers

The above discussion motivates filtering of the estimated u u
uplink load, both for suppressing noise due to measurement tot
inaccuracies but also to provide a more stable signal. However, I7(t) = Nj(t) + Z Cij(t) = Zpi(t)givf(t) @
simply low pass filtering it could be very dangerous since we =1 =1

. . . . whereC; ;(t) is the signal power from usérreceived in base
*This work is supported by the Swedish Agency for Innovation System ) ( ) 9 P

(VINNOVA), Information Systems for Industrial Control and Supervisionfsstat'onj’ pi(t) IS useri’s trans_m|55|on power at FImE‘ 9i,j (t)
(ISIS) and in cooperation with Ericsson Research, which are all acknowledgé®l.the path gain between usemand base statiofi and M is

Il. SYSTEM MODEL



the total number of users in the network. Assume that mobitne way of numerically solving this system of equations is
i is connected solely to base statipnThe perceived quality to iterate; simply use the previous estimate in the right hand
is related to thecarrier-to-interference-ratiq CIR) defined by equation

Yi(t) = Cij(t)/ (I} (t)—Cy 4 (t)). Power control in WCDMA

aims at maintainingy;(t) equal to a user dependetarget . M gi.i (1)

CIR, +9!(t) [8]. These targets are continuously reconsidered ~ A;(t) =1+ > Bt i o (8)
i=1

by radilo resource management algorithnkor presentational gi(t), Ki(t), At — 1))

ease we will from here on use tharrier-to-total-interference- Alond the way a couble of choices regarding pathaain com-
ratio (CTIR), B;(t) = Cj;(t)/1}°'(t) instead of;(¢)*. In 9 Y P 9 9 pathg

the system considered here, a mobile may be connecte(ﬂ%mg and solution methods have been done, in [9] a number

several base stations at different physical sites (soft handover imilar es.t|mates have bee? derived and evaluated.
ng equation (1), the following holds

or to several base stations at the same site (softer handov
Utilizing maximum ratio combining of the received signals in

tot
softer handover yields: A; 2 T __ 1 s L;=1- 1 9)
' heRL(E) It (t) — gar(t)pi(t) Thus an estimate of the uplink noise rise can easily be

) ] . converted into an estimate of the uplink relative load.
where K;(t) is the set of base stations useis connected to

at time t. We, however, are interested in the combirng¢k)

which is approximated by 1. SIGNAL MODEL

i k()i (T
Bi(t) ~ Z gl"];t(T)(p;)() 3) When dealing with signals whose behaviour is expected to
keKi(t) Tk change, continuously or abruptly, a fixed model is obviously
Conversely, in the case of soft handoselection combinings  not attractive. Using a parameterized signal model and estimat-
used and consequently the signal with the best quality measing not only the actual signal value but also the parameters of

is chosen, i.e. the model enables a more accurate signal estimate as well as an
gix(Opi(t) earlier detection of an abrupt change, in the parameters and/or
Bi(t) = L T(t) (4) the signal level. A signaj(t), originating from an unbiased
i k

n:th order Auto Regressive (AR)-model, may be described as
Note that both soft and softer handover are used concurrentige e.g., [10])

in a true system as well as in the simulator. Maximum in (4
will be taken over the results from the local softer handovery 1) 1 g y(t — 1) + asy(t — 2) + ... + any(t — n) = e(t)

combinings if only a subset of the active links are in softer (10)

handover. In the general case, where both soft and softer

handover are used;(t) may be expressed as where e is white Gaussian noise and,as, ...,a, are the
Bi(t) = F(gilt), Ki(t), I )p; (t) (5) Parameters of the model(t) in equation (10) will have

ror _ . _ ~ Ey(t) = 0, but the signals we study havBy(t) = L(t),
where f(g;(t), K;(t), I"*") combines usei’s pathgains with therefore we need a slightly more complex model where
the differentZ/°" in I'** according to the combination of softthe time-varying bias is subtracted from eagft) giving

and softer handover defined Hy;. Thus, the functionf is  g(y(¢) — L(f)) = 0. Replacingy(t) by y(t) — L() in (10)
a combination of equations (3) and (4), i.e., taking selectigfie|ds

combining of the locally maximum ratio combined received
signals. _ n _

(y(t) = L(1) + D aiy(t —i) = L(t —i)) = e(t)  (11)
B. Uplink Load Estimate i=1

SOIVng for p;(#) in (5), assuming perfect power control 1] yses non-zero-mean Gaussian noise when deriving an
(8 = 6;”) and inserting it into (2) yield expression for a biased AR model which is then used when

M ot modeling the amount of requested bandwidth in a wireless
P =N+ gi; Il{ it (6) network. [12] presents another method of estimating the pa-
= flei(t), Ki(£), I"™) rameters of biased AR models.

Assuming the background noise the be equal in all ba¥é use a fourth order biased AR model to describeé.e.,
stations, i.e.N; = N = N, and dividing equation (6) byv n = 4in (11). Itis natural to assume different time scaled.of
provide the following system of equations, which in general &dy, otherwise the AR-model is ambigious. That is, the AR-
nonlinear (note thaf is homogeneous for positive numbers)nodel takes care of short term oscialltions ah@) models

the long term drifts. Then equation (11) may be rearranged to

M
N tgt i, (1)
v ;ﬂi Ve Ko s O y(t) = L(t)(1 + 24:@') _ 24: ay(t—i)+e(t)  (12)

INote the relation3; = v; /(1 + ;). i=1



A state space representation of equation (12) in discrete timbere e(t) = y(t) — C(t)&(t[t — 1) is called theresidual
is at time t. Out of all possible ways of choosing (t), the
- Kalman filter [13] choosed<(¢) such that the covariance of
— T
o(t) = [L(t) L(t) a1 a2 a5 a4] the residuale(t), is minimized. This optimality holds if the

1 T 0 T; 0 noise vectors are Gaussian, otherwise the Kalman filter is the
zt+1)=10 1 O0)z@®)+ | T 0 Jw() best possible linear filteds (¢) is chosen based on knowledge
0 0 I 0 TI of the measurement errors’ variandg, = Fe(t)e(t)”, the
yt)=(1+Ya; 0 —y(t—1)---—y(t—4)) z +e(?) process noise covarianc®, = Ew(t)w(t)”, and an estimate

of the covariance of the current estimation errBft|r) =
wherew(t) is a 5-dimensional vector containing the procesg(; — i(t|7))(z — #(t|7))T. SinceP is time variant it, too,
noise. Note that the measuremg(it) has a non-linear relation has to be updated continuously. The updat®ofs andz is
to the parameters. This makes the parameter estimation m@s@e according to
difficult. By introducing two new variabled, = (143" a;)L
and L, we can convert the above nonlinear state space modeA/gorithm 1 (Kalman filter)
to obtain a linear state space model

#(t) = [L(t) L(t) a1 as as ad]” K(t) = P(tlt—1)CmT(CH)Pt-1OHT +R)

LT o o, B(t) = @(t|t—1) + K(t)e(t) (15a)

Ft+1)=(0 1 olzw+ (T o |we) @3 Pty = P(t|t—1)— K@#)Ct)P(tt — 1) (15b)
00 I 0 TI Et+1t) = Az(t)t) (15¢)

y() =1 0 —y(t—1)-- —y(t—4))Z(t) +e(t) Pt+1)t) = AP(t[t)A” + B,QBY (15d)
Denote by(Q the covariance matrix for the vectar(t). Q (0] =1) = 20, P(0[-1)=F (15e)

will then be a diagonal matrix with elemends, g2 --- g5 in
the diagonal. The valueg to g5 are all the same and much

less thany;. Hence we encourage changeslirand L rather
than in the AR-parameters. The innovationg, are assumed
to be zero mean Gaussian with constant variaRice

As we are interested inL the following conversions are
necessary to obtain the correct final result,

Equations (15a) and (15b) are the measurement update,
whereas (15c) and (15d) are the time upd&eas well as
R are design parameters of the filter. We are interested in
filtering y(t), so we studyz(¢|t).
Consequently, the Kalman filter delivers an estimate of the
state vectorz(t), an estimated covariance matrix for this

I i . estimate (indicating the accuracy of the estimaf)t), and
= T = e = f(@) (14)  a residuak(t) at each time instant

T+ a0 14+, 5@

Var L = f5(3)" Covi f; (&)

e

(t)

B. Change Detection

An always present problem with traditional estimation
is the trade off between tracking and noise suppression.

In .this. section we w_iII explain the techniques.used A way of getting around this problem is by studying the
the filtering. The behaviour of both the Kalman filter andegiquals ¢(t), of a process estimating. In the model we

the change detection algorithm are defined by a number ofe ' {he residuals are expected to be zero mean Gaussian,

parameters. We will also discuss the design choices mq_cga” e(t) € N(0,R). I the estimates ok(t), e(t), are not

when setting the values of these parameters. zero-mean Gaussian we have reason to believe there has been
an abrupt change in one or several of the parameters.

IV. ADAPTIVE FILTERING

A. Kalman Filtering In order to detect a bias in the residuals, the squared
Equation (13) is of the form normalized residuals (normalized with their estimated
standard deviation)e?, are fed to a distance measurement
z(t +1) = Az(t) + Byw(t) algorithm. At every time instant this algorithm adds the

y(t) = C(t)x(t) + e(t) normalized residual minus a drift term to the previous

accumulated distance. Hence, several consecutive residuals
with considerable large magnitude will result in a growing
r&Etanceg(t), and eventually a change detection orchas
exceeded a fix threshold,. The cumulative sum (CUSUM)

We want to estimate the state vectdt) in the above state
space model such that the covariance of the state er
E(#(t) — z(t))(2(t) — z(¢))T, is minimized given measure-
mentsy(#). Introduce the notatior(t|) for the estimate of ., m s explained by the following pseudo code which
z(t) given measurements up until timeThe notation is justi- ;

X L . is run through each time step

fied by the fact that at each time instant there is a measurement

update, where the new measurement is considered, and a time

update, where the predictions are updated. A natural way Ofé\lgorithmz (CUSUM)

updating the state estimate with a new measurement is 5
N N g=9g+ € - v
Z(tlt) = 2(t)t — 1) + K(t)e(t) ifg<o




g=2=0
end
if g>h

g=20

flag for detected change
end

Once a change is detected, the filter characteristics is somet o

temporarily changed in order to quickly adapt to the ne 1200 1250 ;fgi’ 1350 1400 1450
situation. For more information on adaptive filtering and

change detection see [14]. Fig. 2. Example ofL(t).

C. Design Choices Tframe = 0.01 5. The Kalman filter is parameterized by the

Figure 2 shows an example of a raw signal produced lepnstants in the matrig) and the scalaR, which thus can be
the load estimation (i.e., equations (8) and (1)). The perisgen as filter design variables. A larger value in on&)&f
of the slowest oscillations is about 20 seconds. The sampliégmponents means that the corresponding state variable(s) are
time of this signal isTf;qme = 0.01 seconds, thus the slowestmore willing to change during the time between two time
oscillations have a period of about 2000 samples. To describstants, whereas a largé corresponds to less measurement
the correlation in a signal having oscillations with such a longccuracy. Hence, largep results in largerKk’ and largerR
period would require thousands of parameters. Another wayresults in a filter which puts less trust in the measurements
looking at it is that when using far too few AR parameters, tr@nd K is chosen smaller yielding a "slower” filter. The choice
difference between the samples considered by the AR modéthe size ofQ) versus the size aR is thus a trade off between
is simply noise. A result of using too short time horizon igracking and noise suppressidR.should be chosen such that
an estimated model which only integrates noise. To putiitapproximately equals the variance of the residuals.
mathematically, the model will have a pole close to +1. Another design choice concerns the update rate of the filter. A
pole close to one means that= 1 satisfies the characteristicreason for not choosing a faster update rate, which of course
equation of the AR model provides a possibility for earlier detection of large changes
1 5 n in the relative load, is the increased computational burden a
l+aiq” +aq "--ang " =0 higher update rate induces. So perhaps updating every sample

Thus, if the sum of the estimated AR parameters is close ifonot an obvious choice. We have studied filter that has an
minus one, it is likely that the time horizon is too short. ~ Update rate of every 10:th or every 100:th estimate sample.
A rule of thumb is that the period should be approximate |ml_JIat|_ons show that the performance in steady state when
10 samples [10]. Therefore we use every 200:th sample wHErng is the same regardless of the update rate. .
constructing the regression vect6i(). This is a kind of down The behaviour of the CUSUM detector is prlmarlly_ decided
sampling which requires an anti alias filter to be applied. THY the parameters andv. These have been chosen in such a
chosen low pass filter is a second order filter with both iay that we detect sudden changes of considerable amplitude

poles on the real axis. within a reasonable time without having too many false alarms.
. The choice ofh is dependent on the update rate of the filter.
y(t) = 4-10 L(t) We have chosen to scalewith the update rate.
1—1.96¢g! + 0.96¢—2 T
This results in a filter which does not introduce any additional h = Tframe ho

oscillations but on the other hand does not have a Iinear ph&@?ereho is the threshold used when updating every sample. In

signal, a linear phase shift is not a requirement here. TH&S® ofNa cha_nge detection, the \_/aluequtorrespon_ding to
choice of filterbandwidth is a trade off between low aliagl @nd#2 are increased a factor five, which results in making
tered value of these states more sensitive to the current input

effects and low time delay between input and output of t g . o ; )
antialias filter. to the filter,y(¢). The motivation for increasing only these two

The state space representation in (13) has to be sligh? tes is that the change is believed to be in the load level and
modified to adapt to the resampling. Thus the final state spdl¥ N the AR parameters.
model used in the simulations is

HNZ(t) = [f/(t) i(t) ay s as 0,4]T

V. SIMULATIONS
The estimate used as input to this paper is from a simulation

1 T 0 T; 0 scenario consisting of 21 cells where multiple services are
t+1)=10 1 0|z@t)+|T 0 Jw (16) provided. We have used a Kalman filter to extract the load
0 0 I, 0o TI, level L from the signaly in equation (12). By using the
y(t) = (1 0 —y(t—200) --- —y(t— 800)) () + e(t) change detection technique described in section IV we can

easily follow any sudden jumps in the load estimate.
Note thaty(t) is the output from the anti alias filter, ar’d The top plot of figure 3 shows the raw estimate, iB.jn
is the update rate of the filter times the length of a framél) whereA has been estimated using (8), and the output of



the Kalman filter. The filter output is updated every framdoad which enables a more aggressive resource management.
SO0 T = Tframe = 0.01 s. The filtered estimate is free of Due to the anti alias filter applied before the Kalman filter,
oscillations and follows an underlying trend in the originahe measurement noig€t) is no longer white. Therefore the
estimate. Notice, how the filtered estimate jumps when thaesiduals from the estimation process are not white either.
is a distinct jump in the raw estimate. The middle plot of his indeed indicates the need for a more complex model, for
figure 3 shows a close up version of the top plot togethekample an ARMA model. However, as the simulations shows,
with a rough low pass filtered version of the original estimateve still manage to provide a good estimate of the underlying
Both filters suppress noise equally well, but notice the lowend in the relative load estimate.

pass filtered signal’s slow adaptation to the new load level.

In case of a sudden jump upwards, the slow acclimatization VI. CONCLUSIONS

of the low pass filtered signal can be very dangerous. InDue to user movement, the uplink relative load is subject
case of a jump downwards, we can improve the resourgeslow oscillations. Earlier work has provided an estimate of
utilization by admitting more load earlier if we use the outpuhe uplink relative load which to a great extent captures these
from the Kalman filter as input to a resource managemegcillations. In this paper we have proposed a signal model,
algorithm compared to using the low pass filtered versiofhich describes the relative load as a signal consisting of a
As a comparison, the bottom plot of figure 3 shows thgias with a trend together with a fourth order auto regressive
performance of the filter when using three different updatodel. A Kalman filter together with a change detection
rates; once every frame as above, once every 10:th frame angbrithm has been applied to the model. The result is a stable
once every hundred frame. In steady state, the three versigpfhal representing a time average of the uplink load. Unlike
of the filtering provides almost identical outputs. But, due t@hat an ordinary low pass filter would provide, we are still
its superior update rate, the version which is updated evefiért on sudden changes in the load level due to the change
frame detects the jump earlier. However, when updating evef¥tection algorithm used. Furthermore, the filter provides us
100:th frame detects the jump even before the every 10ifth an indication towards where the relative load is heading

frame update version in this particular instant. Thus, a fasighich enables a more aggressive resource management.

update rate is perhaps not crucial, especially when comparing

with the low pass filtered version which is also shown in the REFERENCES
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