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Abstract

A common strategy to utilize available resources in cellular radio sys-
tems is to control the transmitter powers. However, when applying power
control to real systems, a number of challenges are prevalent. Available
information in measurement reports are crude and highly quantized. This
paper utilizes point-mass approximations of probability density functions
to implement nonlinear estimation of relevant parameters. Most popu-
lar power control algorithms track specified target signal-to-interference
ratios (SIR:s), but the challenge is to control target values in an outer
control loop. Here target SIR:s are provided by utilizing models of the
relation between a relevant quality measure, such as frame erasure rate
(FER), and the estimated parameters. This is an interesting alternative
to outer loop strategies based on relatively infrequent frame error mea-
surements. The discussed outer loop can also include handling of different
priorities.

The methods proposed in this work are applicable to a general system,
but FH-GSM is used as the example throughout the paper. Illuminating
simulations of a FH-GSM system illustrate the behavior and performance,
which are considered acceptable. By using the proposed outer loop, ca-
pacity gains of up to 30 % have been observed.

Keywords: Nonlinear estimation, Outer loop power control, Point-
mass approximations, Bayesian estimation, Maximum Likelihood, Cel-
lular radio systems, SIR target, GSM, RXLEV, RXQUAL, FER,
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Abstract

A common strategy to utilize available resources in cellular radio systems is to control
the transmitter powers. However, when applying power control to real systems, a number of
challenges are prevalent. Available information in measurement reports are crude and highly
quantized. This paper utilizes point-mass approximations of probability density functions
to implement nonlinear estimation of relevant parameters. Most popular power control al-
gorithms track specified target signal-to-interference ratios (SIR:s), but the challenge is to
control target values in an outer control loop. Here target SIR:s are provided by utilizing
models of the relation between a relevant quality measure, such as frame erasure rate (FER),
and the estimated parameters. This is an interesting alternative to outer loop strategies
based on relatively infrequent frame error measurements. The discussed outer loop can also
include handling of different priorities.

The methods proposed in this work are applicable to a general system, but FH-GSM is
used as the example throughout the paper. Illuminating simulations of a FH-GSM system
illustrate the behavior and performance, which are considered acceptable. By using the
proposed outer loop, capacity gains of up to 30 % have been observed.

1 Introduction

Power control is a critical component in modern cellular radio systems. The motivation is to
maintain an acceptable quality of service throughout the lifetime of a connection. This should
hold despite varying channel conditions and presence of disturbing interference from other users.
The challenge is to issue relevant power levels based on little information in crude measurements
to obtain an acceptable quality, which truly is a subjective quantity.

∗This work was supported by the graduate school ECSEL and the Swedish National Board for Industrial and
Technical Development (NUTEK), which both are acknowledged.
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Several transmitter power control algorithms have been proposed to improve the capacity com-
pared to systems where constant transmitter powers are used. Most schemes strive to balance the
signal-to-interference ratios (SIR) on each channel such that every receiver experience the same
SIR[1]. To avoid extensive signaling in the network, it is desirable to use distributed algorithms,
where the transmitter powers are locally controlled based on local measurements or estimates.
Such distributed algorithms have previously been studied in [2, 3, 4, 5, 6, 7, 8, 9, 10, 11]. For
a more thorough overview, see [12, 13] and the references therein. The problem is to assign a
relevant target SIR. In systems based on CDMA, it is well established that the power control
implementation is based on a cascade structure, where an inner loop adjust the power in order to
track a SIR target provided by an outer loop. This organization is beneficial in systems based on
TDMA/FDMA/CDMA and combinations as well [14]. In this paper frequency hopping GSM will
be in focus, but the methods are general.
Thus, the following components are critical for proper operation of power control in cellular radio
systems

• Extracting relevant information (e.g., SIR) from the available measurements.

• Providing the inner loop with a target SIR based on available information.

Proposed methods for SIR estimation with good performance are described in [15, 16]. In those
approaches, however, it is assumed that analog signal strength measurements are available, which is
not the case in several real systems. Instead the information is regularly available in measurement
reports. One of the core problems is to locally extract as much relevant information as possible
from these reports. This includes the carrier signal power and the distribution of the interference
power, which are used to compute the SIR. It is common that the measurement reports are
comprising coarsely quantized values reflecting the perceived quality (Quality Indicator, QI) and
signal strength (Received Signal Strength Indicator, RSSI). These values are depending on the
parameters to be estimated.
The motivation for the outer loop is that SIR is not necessarily well correlated to quality. Instead
the percentage of lost bits and frames are more relevant, since the effect of modulation, coding
and interleaving is included. Therefore, the outer loop provides a SIR target so that bit error
rate (BER) and/or Frame Erasure Rate (FER) remains below some threshold. The work on outer
loops to date are mainly focused towards DS-CDMA systems. In Sampath et al. [17] the SIR
target is decreased step-wise while no frames are corrupted, and increased by a larger step when a
corrupted frame is received. This is the basic technique actually used for uplink communications
in standards, such as IS-95 [18] and 3GPP [19]. According to Won et al. [20], this type of scheme
results in capacity improvements of up to 25% compared to using a fixed SIR target that meets the
worst case. One problem is that since a low FER is desirable, the time constants of the controller
should be large in order to get reasonable statistics. Kawai et al. [21] proposes a technique, where
the relations between FER and BER after decoding is utilized in order to speed up the control.
Another way of speeding up the control is to model the frame erasure distribution with respect to
relevant parameters, and instead use the estimated parameters for control. This is the approach
used in this work. Other papers addressing outer loop power control with respect to DS-CDMA
systems include [22, 23, 24].
For completeness, the approach in [4, 25] should also be discussed. The authors proposed a
different inner loop, where users that can do with a low power are allowed to aim at a higher SIR
target and vice versa. In this paper, the inner loop is assumed to adjust transmission powers to
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track a provided target SIR. However, the same effect can instead be obtained by adapting the
target SIR in the outer control loop as described in this work. Thereby, the inner loop is kept
simple.

Power

SIR

Environment
Power Control

Algorithm

Estimator
Outer Loop

Control
Measurement

ReportsEstimated
Parameters

SIR target

Power Control Implementation

Figure 1: An estimating device extracts relevant information from the measurements. The power
control implementation comprise an outer loop, and an inner loop (power control algorithm)
tracking the target value provided by the outer loop.

Schematically, the power control implementation comprise three components, as seen in Figure 1.
In addition, the environment represents all external effects, such as varying channel gain and dis-
turbing interference from other users. This paper utilizes point-mass approximations of probability
density functions. These are described together with relevant models of the signals in Figure 1 in
Section 2. Estimation in general as well as in a specific frequency hopping GSM case is in focus
in Section 3, where nonlinear estimation is described and discussed with respect to complexity.
These estimates and models naturally combine to outer loop control (Quality Mapping) of SIR
targets as proposed in Section 4. Furthermore, it is discussed how reasoning and actions in special
situations can be incorporated in the outer loop. As discussed previously, the inner loop (power
control algorithm) tracks the target SIR provided by the outer loop. It should be noted that the
proposed outer loop control strategies can be employed together with an arbitrary estimator. The
performance using the described estimator and using outer loop control strategies are illustrated
by simulations in Section 5 and finally Section 6 provide some concluding remarks.

2 Modeling

The core message in this work is the benefits of using models for control and estimation. First the
system model is introduced and the notation established. Then models of the relevant parameters,
measurements and adequate quality measures are discussed (see also Figure 1). The same models
are utilized both for estimation and outer-loop control in the rest of the paper.

2.1 System Model

Signal gains and power levels can be expressed using either logarithmic (e.g. dB or dBm) or linear
scales. To avoid confusion we will employ the convention of indicating linearly scaled values with
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a bar. Thus ḡij is a value in linear scale, and gij the corresponding value in logarithmic scale.
Consider the m mobile stations that are transmitting using the same frequency spectrum. In
a TDMA (Time Division Multiple Access) or a FDMA (Frequency Division Multiple Access)
setting, this means that they are assigned to the same channel. The situation can be depicted
as in Figure 2, where only the mobile stations using the specific channel are shown. This figure
captures a typical downlink (forward link) situation, which will be the notational basis in this
paper. The methods, however, are just as applicable to the uplink (reverse link). Assume that the

Figure 2: Co-channel interference in a network employing frequency reuse. The received signal at
the mobile station consists of the desired signal from the connected base station (solid), interfering
signals from other base stations (dashed) and thermal noise.

base stations are transmitting to mobile station i using the powers pi(t), where i = 1, . . . , m (i.e.,
the link is identified by the mobile station). The signal power to mobile station i from the base
station connected to mobile station j is attenuated by the signal power gain gij(t) (< 0). Thus the
mobile station i will experience a desired carrier power Ci(t) = pi(t) + gii(t) and an interference
plus noise power Ii(t)

Ii(t) = 10 log10

(∑
j 6=i

ḡij(t)p̄j(t) + ν̄i(t)

)
,

where ν̄i(t) denotes the thermal noise. The SIR at mobile station i is defined by

γi(t) = pi(t) + gii(t)− Ii(t).

In the rest of the article, only the situation at receiver i will be considered. Therefore, the index
i will be dropped for simplicity. Figure 1 provide a generic description of the situation at every
receiver.
In GSM, a burst of information corresponds to 0.577 ms [26]. Since the current power control
update frequency in GSM is about 2 Hz, the fast fading cannot be mitigated. Instead, the focus
is to mitigate the path loss and shadow fading. Based on these facts, the carrier C as well as
the interference can be considered constant over a burst. The fast fading, and the more rapid
variations are then considered as noise.
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2.2 Parameters

The interference can be viewed as a stochastic variable with a specific distribution characterized by
most likely time-varying parameters. As an example, consider frequency hopping GSM, where the
characteristics of the interference distribution is approximated by using a simulation model. The
power gains of the transmitted powers in the random frequency hopping network were modeled
by the path loss, shadow fading and multipath fading. Thermal noise was also included in the
model. The results are found in Figure 3, from which we conclude that it is reasonable to model
the interference as Gaussian. This result proved to be relatively independent not only of network
specific parameters such as cell radius and reuse, but also of the distribution of the transmitted
powers. Most probably, there are more accurate models, but the issue is essentially to find a
model that is good enough to serve the purpose of modeling the interference for estimation. The

−120 −115 −110 −105 −100 −95 −90 −85
0

50

100

150

200

250

300

Interference (dB)

N
o.

 o
f s

am
pl

es
 in

 in
te

rv
al

Figure 3: Interference distribution in a random frequency hopping network.

conclusion is that the interference distribution can approximately be characterized by its mean
value mI and its standard deviation σI (both different for each user). This is a result in the same
direction as in [27]. Thus the relevant parameters in this case are C, mI and σI . Since power
control is employed, we expect less variations i γ = C −mI . Therefore, we define the parameter
vector to be estimated as

x = [C,C −mI , σI ]
T = [C, γ, σI ]

T .

The parameters are assumed time-varying, with variations described by a random-walk model

xt+1 = xt + vt, (1)

where vt is (in this case three-dimensional) Gaussian zero-mean white noise with covariance matrix
Qv, and xt is the parameter vector at time t. This matrix is diagonal, Qv = diag(qC , qγ , qσI ), to
include an assumption of independent variations of the parameters. Each of the diagonal elements
describe the assumed variability of the corresponding parameter.

2.3 Measurements

As argued in the previous section, the interference is characterized by its mean, mI , and standard
deviation, σI . These will affect the outcome of the measurements together with the carrier power,
C = p+ g. The M measurements y(j), j = 1, . . . ,M can be modeled by their probability density
functions given the parameter vector x.

p(y(j)|x) = p(y(j)|C,C −mI , σI), j = 1, . . . ,M.
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In GSM the measurement reports consist of RXLEV and RXQUAL [26]. RXLEV is a signal
strength measure, which is quantized in 64 levels, and RXQUAL is a logarithmic measure of the
Bit Error Rate (BER), quantized in 8 levels. The available measurements at the receiver in focus
y = [y(1), y(2)]T can thus be described by

RXLEV : p
(
y(1)|C,C −mI , σI

)
(2)

RXQUAL : p
(
y(2)|C,C −mI , σI

)
.

Furthermore, a natural assumption is that RXQUAL is primarily related to SIR and its distribu-
tion, and not to the carrier power itself. By considering the fast variations in the carrier as noise,
it is relevant to model the RXQUAL probability function as

RXQUAL : p
(
y(2)|C −mI , σI

)
(3)

In general it is not possible to get simple analytical expressions for these functions. However,
point-mass approximations can be obtained from simulations for each point in a grid covering the
interesting parameter space. Consider GSM and define this grid as in Figure 4, where the grid
resolution is a trade-off between computer capacity and accuracy. In this work a grid resolution
of δgrid = 0.5 dB is used, and nC , nγ and nσI points in each direction yielding K = nCnγnσI grid
points. The grid range is further discussed in Section 4.1.

σ
I

C −mI C

Figure 4: Using point-mass approximations, the probability functions are approximated over a
grid with grid points x(k) = [C(k), C(k)−mI(k), σI(k)]T , k = 1, . . . , K covering the interesting
parameter space. The grid is parameterized in C −mI instead of mI , since the power control will
result in less variations in the former. In this work, the grid resolution δgrid = 0.5 dB is used.

Given a point x(k) (i.e., a set of parameter values), C- and I-sequences can be generated, from
which the measurement report y can be formed using models of the modulation and coding. Monte-
Carlo simulations yield point-mass approximations of the probability functions as described more
detailed in Algorithm 1 for the case of RXQUAL. The resulting probability function p(y(2)|x) is
depicted in Figure 5. This picture is more comprehensible by studying the conditional probability
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Figure 5: The probabilities that different RXQUAL values are measured, for different values of C,
mI and σI . the probability functions p(y(j)|x) are approximated by p(y(j)|x(k)) over a grid with
grid points x(k), k = 1, . . . , K covering the interesting parameter space.

function given the specific grid point x(k) specified by C−mI = 10 dB and σI = 5 dB in Figure 6a.
The corresponding procedure can be applied when forming the probability function of RXLEV,
p(y(1)|x). Note that these tedious computations are made once and for all.

Algorithm 1: Point-mass approximation of the RXQUAL
probability function

1. Define a grid x(k), k = 1, . . . , K covering the interesting parameter space as in Figure 4.

2. For each point x(k) = [C(k), C(k)−mI(k), σI(k)]T , generate an I-sequence
I(`) ∼ N(mI(k), σI(k)) over 104 bursts (GSM), i.e., ` = 1, . . . , 104.

3. Compile a SIR-sequence γ(`) = C(k)− I(`).

4. Use link models [28] of the modulation and coding to compute the Bit Error Probability
(BEP) for each burst.

5. Generate Bit Errors ∼ Bin(BEP) and compute the Bit Error Rate (BER).

6. Compute RXQUAL using the GSM specification [26].
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7. Repeat the process N times (Monte-Carlo) for the x(k). This gives an estimate of the
conditional probability function p(y(2)|x(k)), cf. Figure 6a.

8. Return to the top and repeat the process for the next point x(k + 1).

If the elements measurement vector y(1) and y(2) can be considered independent, the joint condi-
tional probability function can be formed as

p(y|x) = p(y(1)|x)p(y(2)|x)

For estimation purposes, we are essentially interested in the likelihood p(x|y), i.e., the conditional
probability function of the parameters given the measurements. Bayes’ law yields

p(x|y) =
p(y|x)p(x)

p(y)
=

p(y|x)p(x)∫
R3 p(y|x)p(x)dx

Assume that p(x) is flat, i.e., all grid points are equally probable. The integral in the denominator
is essentially only a normalization and with point-mass approximations it is replaced by a sum
over all grid points.

p(x(k)|y) =
p(y|x(k))∑K

k=1 p(y|x(k))δ3
grid

, k = 1, . . . , K (4)

The conditional probability function p(x|y(2) = 5) is plotted in Figure 6b.
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Figure 6: a) The probability function of y(2) (RXQUAL) given x, which in this case is C−mI = 10
and σI = 5. b) The probability function of x given y(2) = 5.

2.4 Quality Measures

Similar to the discussion in Section 2.3, the quality function H can be described in terms of the
parameters x. To be explicit, an algorithmic procedure will be outlined for the frequency hopping
GSM example.
Define a frame as the bits over which the coding is applied, and assume that a frame will either
be fully restored or completely useless. Then the Frame Erasure Rate (FER) can be defined as
the percentage of useless frames. This has been argued to describe speech quality well in [28].
We therefore define the quality function H as the conditional probability of an erroneous frame
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given the parameters x. Quality is related to the SIR distribution, and it is therefore relevant to
parameterize this function using γ = C −mI and σI . Hence

H(γ, σI) = p(erroneous frame|γ, σI)

The procedure described in Algorithm 1 together with the procedure in [28] are used in Algorithm 2
below to form a point-mass approximation relating FER to the estimated parameters. Also these
tedious computations are made once and for all.

Algorithm 2: Point-mass approximation of a quality
function based on FER

1. Define a grid x(k), k = 1, . . . , K covering the interesting parameter space as in Figure 4.

2. For each point x(k) = [C(k), C(k)−mI(k), σI(k)]T , generate an I-sequence
I(`) ∼ N(mI(k), σI(k)) over 8 bursts (GSM), i.e., ` = 1, . . . , 8.

3. Compile a SIR-sequence γ(`) = C(k)− I(`).

4. Use link models [28] of the modulation and coding to compute the Bit Error Probability
(BEP) for each burst.

5. Generate Bit Errors ∼ Bin(BEP) and compute the mean BER and BER standard deviation.

6. Compute FER given this statistics and using models of the modulation and coding as de-
scribed in [28]. Repeat the process N times (Monte-Carlo) for the x(k). This gives an
estimate of the conditional probability p(erroneous frame|x(k)).

7. Return to the top and repeat the process for the next point x(k + 1).

The resulting quality function H is plotted in Figure 7 for the GSM full rate speech coding. If mean
SIR, C −mI , would suffice to describe FER, the quality function values would be independent of
σI . As seen in the figure, this is not the case. It is thus dependant of the interference standard
deviation as well. Moreover, it is depending on the coding scheme and modulation employed. Thus
when different coding modes are applied during the lifetime of the connection (rate adaption, see
e.g., [29, 30]), corresponding point-mass approximations of the quality function can be formed for
each mode.

3 Nonlinear Estimation

3.1 Basics

In general, the objective is to gain information about the parameters x by observing some kind of
related quantities y. The likeliness or likelihood of a specific measurement y, given the parameters
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x is described by the conditional probability p(y|x). Applying Bayes’ rule twice yields

p(x|y) =
p(y|x)p(x)

p(y)

This relation describes how the information in a measurement y is translated into information
about the parameters x. The function p(x|y) is called the posterior probability density function
(PDF). A possible point estimate of the parameter vector is then the maximum a posteriori (MAP)
estimate

x̂ = arg max
x

p(x|y) (5)

Another alternative is the maximum likelihood (ML) estimate

x̂ = arg max
x

p(y|x) (6)

and a third alternative is the minimum mean squared (MMS) estimate

x̂ =

∫
R3

xp(x|y)dx (7)

These basic ideas will be used to recursively incorporate the information contained in a new
measurement in the next section. The following section addresses point-mass implementation of
the nonlinear estimation strategies.

3.2 Recursive Estimation

The nonlinear estimation problem is defined by the modeled parameter evolution in equation (1)

xt+1 = xt + vt, vt ∼ N (0,Qv) (8)
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and the measurements y = [y(1), y(2)]T , which are nonlinear in the parameters. The measurements
are related to the parameters by the conditional probability functions in equations (2) and (3).
Note that the parameter variations can be described by the conditional probability density function

p(xt+1|xt) = pv(xt+1 − xt), (9)

which is Gaussian.
Let yt denote the measurement at time t, Y t = {yτ}tτ=0 denote the available set of measurements
at time t, and xt the true parameters at time t. Furthermore, we consider the following assumptions

1. The measurements yt are conditionally independent of earlier observations Y t−1 given the
current parameter vector xt, i.e., p(yt|xt,Y t−1) = p(yt|xt). This essentially means that
there is no unmodeled correlation between consecutive measurements.

2. The parameter variations are Markovian and independent of measurement noise, i.e.,
p(xt+1|xt,Y t) = p(xt+1|xt).

If p(xt|Y t−1) is assumed known, the incorporation of the information in the new measurement yt
is obtained by using Bayes’ rule

p(xt|Y t) = p(xt|yt,Y t−1) =
p(yt|xt,Y t−1)p(xt|Y t−1)

p(yt|Y t−1)
=
p(yt|xt)p(xt|Y t−1)

p(yt|Y t−1)
, (10)

where the first assumption was used in the last equality. This is the measurement update step. To
complete the recursion, we need to include the uncertainty of the time variability, i.e., to consider
the effect of the parameter evolution in equation (8). This is achieved by observing that

p(xt+1,xt|Y t) = p(xt+1|xt,Y t)p(xt|Y t) = p(xt+1|xt)p(xt|Y t),

and using the second assumption. Marginalization with respect to xt and equation (9) yield

p(xt+1|Y t) =

∫
R3

pv(xt+1 − xt)p(xt|Y t)dxt. (11)

Hence, the Bayesian solution to this problem of recursively updating p(xt|Y t) is given by

ct =

∫
R3

p(yt|xt)p(xt|Y t−1)dxt (12a)

p(xt|Y t) =
1

ct
p(yt|xt)p(xt|Y t−1) (12b)

p(xt+1|Y t) =

∫
R3

pv(xt+1 − xt)p(xt|Y t)dxt, (12c)

where ct is a normalization constant. In the measurement update (12b), the PDF becomes more
concentrated around the true parameter vector by incorporating the new information in the mea-
surement. Since the parameters may have varied, the PDF is widened in the time update step (12c)
by a convolution with a Gaussian PDF to compensate for possible time variations. The covariance
matrix Qv is thus a design parameter representing the trade-off between ability of tracking fast
parameter variations and accuracy for slow variations.
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When MAP estimation as in (5)

x̂t = arg max
xt

p(xt|Y t) (13)

is used, the normalization ct does not affect the estimate. Therefore, some computations can be
saved by normalizing more seldom than every update step, only to make sure that the values
remain within reasonable range.
If the parameters are assumed constant, the covariance matrix is set to zero. The PDF pv(xt+1 − xt)
becomes a Dirac-impulse, and the time update step naturally p(xt+1|Y t) = p(xt|Y t). Without
normalization, the recursion becomes

p(xt|Y t) = p(yt|xt)p(xt−1|Y t−1) =

t∏
τ=0

p(yt|xt), (14)

which is the joint likelihood of all measurements and considers the information in each measure-
ment equally important. If again the parameters are time varying, more recent measurements can
be considered more relevant by gradually forgetting old measurements in the joint likelihood:

p(xt|Y t) = p(yt|xt)1−λp(xt−1|Y t−1)λ

Consider the logarithm of each side yield

log p(xt|Y t) = (1− λ) log p(yt|xt) + λ log p(xt−1|Y t−1), (15)

where we see that old measurements are exponentially forgotten. To prevent degeneration and
numerical problems, the joint likelihood should be normalized regularly. With the approximations
leading to the recursion in (15), the optimality of the Bayesian solution is lost. However, this
recursion involves much less computations. Since the logarithm is monotonic, the ML estimate
in (6) is obtained as

x̂t = arg max
xt

log p(xt|Y t) (16)

3.3 Point-Mass Implementations

Essentially two main approaches to obtain tractable solutions to nonlinear filtering problems are
discussed in the literature. Either the nonlinear model is linearized to enable the use of a Kalman
filter (Extended Kalman Filtering, EKF), or different methods are used to obtain approximations
of the nonlinear solution itself. In this work, the latter is adopted. For a general treatment, we
refer to [31]. A third alternative is to model the relations between measurements and parameters
as linear, and use numerical methods to fit the linear models to simulated data from the nonlinear
models. Such an approach is seen to be inferior to the nonlinear estimation methods described in
this section [12].
Equations (12) describe the Bayesian recursion of p(xt|Y t). Algorithm 3 implements an approx-
imation of the same, utilizing point-mass approximations of the probability density functions in
Section 2.3. Together with the MAP estimate in (13), we form the point-mass approximation
of the Bayesian solution to the nonlinear estimation problem. The adaptivity can be adjusted
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separately for each parameter by the covariance matrix Qv = diag(qC , qγ, qσI ) which acts as a the
design variable.

Algorithm 3: Point-mass approximation of Bayesian solution
to the nonlinear filtering problem using MAP

1. Initially, t = 0 and p(x0(k)) = p(x0(k)|Y −1), k = 1, . . . , K represents the prior knowledge
about the parameters.

2. Obtain a new measurement yt.

3. Measurement update:

ct =
K∑
j=1

p(yt|xt(j))p(xt(j)|Y t−1)δ3
grid (17a)

p(xt(k)|Y t) =
1

ct
p(yt|xt(k))p(xt(k)|Y t−1), k = 1, . . . , K (17b)

4. Compute MAP estimate:

x̂t = arg max
xt(k)

p(xt(k)|Y t) (17c)

5. Time update:

p(xt+1(k)|Y t) =
K∑
j=1

pv(xt+1(k)− xt(j))p(xt(j)|Y t)δ
3
grid, k = 1, . . . , K (17d)

6. Set t = t+ 1 and return to 2.

The drawback with this implementation is the high complexity. Primarily the time update, where
a three-dimensional convolution is performed each iteration, is especially time consuming. The
approximate recursion in (15) provide a less complex alternative. A problem, however, is that the
adaptivity is depending on only one parameter λ. If the parameters are varying differently fast,
it is wise to include this information. Typically, the carrier and the mean interference are fast-
varying, while, the standard deviation of the interference is varying more slowly. This is addressed
by post-filtering the estimates using exponential filtering [12, 32]. with different forgetting factors

µ = diag[µC , µγ, µmI ]
T .

The vectorized post-filtering can be expressed as

x̂pf
t = (I3×3 − µ)x̂t + µx̂pf

t−1,

where I3×3 is a three-dimensional identity matrix. This procedure is shown to be asymptotically
efficient [33, 34].
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If the conditional probability function is (close to) zero at some grid points after a certain mea-
surement update, the value of the probability function will remain (for a while close to) zero at
those points. Consequently, the probability function is blocked from growing fast at those points,
inhibiting the adaptivity to varying parameters. A solution is to use a threshold value, pmin, and
when updating the probability function use the measurement update

log p(xt|Y t) = max {(1− λ) log p(yt|xt) + λ log p(xt−1|Y t−1), log pmin}

Thus, we propose the following approximative estimation algorithm:

Algorithm 4: Point-mass approximation of ML estimation
with exponential forgetting

1. Initially, t = 0 and p(x0(k)) = p(x0(k)|Y −1), k = 1, . . . , K represents the prior knowledge
about the parameters.

2. Obtain a new measurement yt.

3. Measurement and time update:

log p(xt(k)|Y t) = max {(1− λ) log p(yt|xt(k)) + λ log p(xt−1(k)|Y t−1), log pmin} (18a)

4. Compute MAP estimate:

x̂t = arg max
xt(k)

p(xt(k)|Y t) (18b)

5. Post filter:

x̂pf
t = (I3×3 − µ)x̂t + µx̂pf

t−1. (18c)

6. Set t = t+ 1 and return to 2.

4 Outer-loop Control

As concluded in Section 2.4, mean SIR is not totally correlated with perceived quality, which in
this context is assumed to be well described by FER. Therefore, the objective with outer-loop
control is to assign a target SIR for the inner loop to track.
Using Quality Mapping, the assigned target SIR corresponds to an acceptable quality with respect
to a more relevant quality measure such as FER. This strategy is outlined in Section 4.1. In
certain situations, it may not be desirable to aim at precisely the acceptable quality. Instead, a
user operating under unfavorable propagation conditions, may be forced to aim at a worse target
SIR and thereby experience a worse quality than average, and vice versa. Incorporating priorities
in the outer-loop is the main issue in Section 4.2
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4.1 Quality Mapping

The need for a model in control highly depends on the time constants of the system to be controlled.
If the effect of the control signal is rapidly reflected in the system output, the output itself may be
informative enough to control the system. The perceived quality in cellular systems is indeed slowly
varying, and therefore the quality models derived in Section 2.4 are adequate. The parameter
ranges in the point-mass approximations are discussed in 4.1.1, and the use of the models for
outer-loop control is outlined in 4.1.2.

4.1.1 Parameter Ranges in Point-Mass Approximations

The objectives of the outer loop is to issue target values for the inner loop to track, in order to
meet a specified quality level, zt with respect to the quality measure z. In GSM, it is relevant to
use FER as the quality measure z. The requirement is met if

H(γ, σI) ≤ zt. (19)

The probability function H(·, ·) was defined and modeled in Section 2.4. It has been assumed
(without loss of generality) that a lower value of z corresponds to better quality.
In the grid of the corresponding point-mass approximation, SIR is restricted to values in the
specified set γ(1), . . . , γ(nγ), which are assumed sorted in ascending order. Analogously, σI is

restricted to the set σ
(1)
I , . . . , σ

(nσI )

I . The quality function computed in Section 2.4 can be used
to determine if the chosen grid provides sufficiently coverage of the parameter space in the γ-
direction. The maximum considered SIR (γ(nγ)) has to correspond to a quality level that is less
than the specified quality, otherwise we can not expect to find an appropriate SIR target, meeting
this specification. More formally. let γ = γ(nγ) be fixed and search over the rest of the grid for the
maximum, zmax, of the quality function

zmax = max
j

{
H(γ(nγ), σ

(j)
I )
}

This process is illustrated for GSM in Figure 8. If the specified quality, zt, is less than zmax the
grid has to be expanded to include higher values of γ.

4.1.2 Implementation

Given measurements or estimates of the interference standard deviation σ̂I and a quality specifi-
cation zt, the aim is to find the corresponding target SIR, γt. If the function H is invertible and
monotonically decreasing in γ, the implementation is straightforward. The required target SIR
given the general grid point σ

(j)
I is then obtained by inverting Equation (19)

γt ≥ H−1(σ
(j)
I , zt).

The look-up table which spans over all grid points σ
(j)
I is thus given by

γt(σ
(j)
I ) = H−1(σ

(j)
I , zt). (20)
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Figure 8: The FER plot can be used to find the least quality value that can be specified, z0, by a
search along the maximum considered SIR (γ = γr) in the grid.

If H is not strictly decreasing in the γ-direction, the more complicated procedure described in [12]
can be used.
In the frequency hopping GSM example, it is reasonable to specify [35]

zt = FERt = 0.02.

As seen in Figure 7, the quality function H is monotonically decreasing in the SIR direction. Thus,
the procedure in (20) is applicable. The corresponding look-up table is thus given by

γt(σ̂I) = H−1(σ̂I , 0.02).

This is essentially the level curve of the plot in Figure 7 for zt = FERt = 0.02. Target SIR as a
function of the estimated interference standard deviation is illustrated in Figure 9.
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Figure 9: Quality mapping is implemented in the outer loop as a look-up table γt(σ̂I) =
H−1(σ̂I , 0.02), which relates estimated interference standard deviation to appropriate target SIR:s.
This look-up table is generated to meet the quality specification FER ≤ 0.02.

Once again most of the computations can be completed before the run-time operation of the
system. The time constant of the adaption can be adjusted by lowpass filtering the standard
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deviation of the interference. The resulting look-up table requires more or less no computer
capacity except memory.

4.1.3 Rate Adaption

When a user is subject to less favorable propagation conditions, a number of actions are possible.
The transmission power could be increased to improve SIR. This, however, increases the inter-
ference experienced by others and also significantly increase the load of the system (see [12]). A
different approach is to lower the data rate. That might enable reliable communication due to
increased code protection, while not increasing the interference to other terminals. Further details
on rate adaption are found in [29, 30, 36, 37, 38, 39, 40] and the references therein.
The achievable data rate is related to target SIR, and rate adaption can thus be seen as target
SIR adaption. A possible implementation is to compute a look-up table for each of the coding
modes as described in Section 4.1. Then, each rate is associated with a look-up table in the outer
loop control. In such a scheme, power control is used in the inner loop to compensate for fast
variations due to fading, while rate adaption is used to map target SIR:s via look-up tables in the
outer loop. If different coding modes are enabled, one look-up table per mode has to be computed.
In run-time, the computations using the look-up tables are again essentially of no concern.

4.2 Stating Priorities in the Outer Loop

Some situations may require special control actions. In order to use a target tracking device in
the inner loop, these actions may be realized by modifying the target SIR to the inner loop. In
this section, we describe some particular algorithms, realized in the outer loop.

4.2.1 Fading Margin

The performance may be degraded due to fading. Therefore, a fading margin may be employed [41,
12] as

γt(σI) = H−1(σI , 0.02) + γbias. (21)

Thus, the Quality Mapper is implemented as the look-up table in Figure 9 and a possible fading
margin.

4.2.2 Low Interference Problem

When the system load is low, the interference experienced by each user consists basically of
thermal noise. The target tracking of the inner loop will result in very low powers. However,
when new users are admitted, the interference is increased abruptly, resulting in bad quality until
the controllers have adapted. In this situation when literally now users are disturbed by others,
it may be justified to aim at a higher target SIR and better quality.
Using the estimated mean interference, different target SIR:s can be assigned, for instance by
adapting the bias in Equation (21). A possible implementation is illustrated by the look-up table
in Figure 10 Another, and more sophisticated, approach is to adapt the rate (see Section 4.1.3).
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Figure 10: A possible implementation of bias adaption to improve the quality under favorable
conditions.

4.2.3 Outer Loop with Power Adaption

A user that transmits using a relatively high power most likely generates more interference to
other connections than a low-power user. From a system perspective it would therefore relevant
to force the high-power user to interfere less with others. One implementation of such a strategy
is to adapt the SIR targets by adjusting the bias depending on the transmission power. Assume
that the outer loop operates k times slower than the inner loop, and that p̂(t) denotes the average
power over the past k samples, one strategy is represented by

γt(kt) = H−1(σI(kt), 0.02)− 1− β
β

p̂(kt),

where β is a parameter. If β is equal to the inner control loop parameter in (22), this can
be identified [12] as the soft dropping power control described in [4, 25]. In practice can the
computed target SIR:s be related to appropriate rate adaption, to gracefully degrade the quality
of the high-power user.

5 Simulations

The simulation environment used in this work is described in Section 5.1. To illustrate the oper-
ation of the proposed estimation procedures, an artifical situation of an abrupt interference step
is studied in Section 5.2. A more realistic situation is considered in Section 5.3, with data from
network simulations. Performance using quality mapping and outer loop priorities are studied in
Sections 5.4 and 5.5.

5.1 Simulation Model

The simulation environment is GSM specific and the measurements are available as measurement
reports as in the real system. For comparison, the true analog values can be extracted as well.
Inner loop power control is implemented as the integrating controller

pi(t+ 1) = pi(t) + β(γti(t)− γi(t)), 0 < β ≤ 1. (22)
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With the choice β = 1, this is the Distributed Power Control (DPC) algorithm [3], which compen-
sates for variations optimally fast when neither delays nor measurement errors are present [12].
Other relevant simulator parameters are summarized in Table 1. More details on the simulation
model are provided in [42, 12], where an earlier version of the simulator is used.

Frequency band 900 MHz
Antennas Sectorized
Cell radius 1000 m
Cell layout 4× 4 clusters of

3 sector cells
Reuse pattern 1/3
No. of channels 27
Frequency hopping Pseudo-random
DTX No
Control sample interval Ts = 0.48 s
Time delays No
Inner loop DPC
Burst time 0.577 ms
Mobile station GSM class 4
Mean mobile station speed 50 km/h

Table 1: System simulation parameters.

Furthermore, two quality related definitions are needed:

• A user is considered satisfied if his FER has been less than 0.02 during 70 % of the connection
time. This is basically a lowpass filtering of the quality measure, and is considered to reflect
the subjective concept of quality well.

• Define the capacity as the maximum system load measured in number of users, given that at
least 95% of the users are satisfied. Note that this is a densely planned system, and therefore
capacity as defined above is in the range of 20% - 40% of the available channels occupied.

Throughout the section, the simulations are based on configurations where the average system
load is kept constant and given as a percentage of maximum load when every possible connection
is established. In practice if Nm calls ended at time instant t, then Nm new mobile stations at
random locations in the service area attempt to establish a connection at time instant t+ 1.

5.2 Abrupt Interference Step

Step responses of linear systems provide valuable insight in how fast the system adapts to abruptly
changing inputs. Similarly, it is interesting to study the adaptivity of the proposed estimation
procedures, when subject to an abrupt change of the mean interference. Such a situation may arise,
when new users are admitted to the network, or when a user is allowed to use a higher data rate (i.e.,
a higher target SIR and a higher transmission power). All parameters x are fixed except mI which
changes abruptly. In this case, the simulator is only used to generate a sequence of measurement

19



−110

−105

−100

−95

−90

0

5

10

15

20

25

30
−4

−3.5

−3

−2.5

−2

−1.5

−1

−0.5

0

CC −mI

Figure 11: In the proposed estimation strategies, the estimates are obtained as the values corre-
sponding to the likelihood summit. For clarity, the σI direction has been eliminated by selecting
the true value.
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Figure 12: The shape and summit position of the likelihood function change, when the value of
mI change abruptly. The maximum of this function is seen to move in the (C − mI)-direction.
The σI direction has been eliminated by selecting the true value.

reports, which are fed to the two estimators. The estimation procedure in Algorithm 4 is illustrated
by the snapshot of the likelihood at time t in Figure 11. As seen in the figure, the estimates are
given by the values corresponding the the peak value of the likelihood. When subject to the abrupt
interference step, the estimator adapts to the new situation. Figure 12 illustrates the adaption of
the likelihood function at time instants before and after the step. Resulting parameter tracking is
visualized in Figure 13. Note the relations between the performance and the slope of the likelihood.
The steeper the slope, the better the accuracy. The Bayesian recursion in Algorithm 3 provide a
similar behavior.

5.3 Run-time Estimation

The normal situation is that the desired signal power C and mean interference mI are subject
to fast variations due to shadow and multipath fading, see [43]. The measurement reports in
Figure 14a,b are obtained from network simulations. These are fed to the estimators and the
estimated parameters are compared to the true values, see Figure 14c,d. When evaluating the
overall performance, several connections have to be considered. In the sample case above there are
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Figure 13: Estimation when there is an abrupt change in the true mI . The plots above represents
estimated values based on a single realization (dashed) and Monte-Carlo over five realizations
(solid). The true values are dotted. Measurement reports: a) RXQUAL and b) RXLEV. Estimated
parameters: c) Carrier, C, d) Mean interference, mI , e) SIR, (C −mI), f) Interference standard
deviation, σI .

in total 190 calls of different durations (from 15 to 170 seconds) established during the simulation.
Then it is natural to use the root mean squared (RMS) error over all times and calls for performance
evaluation of the estimators. To allow for a burn-in phase of the estimators, the first 5 seconds
(Nb = 10 samples) of each call were not considered in the RMS errors. Furthermore, only calls
longer than 20 seconds were considered, leaving M=188 calls for RMS error computations. The
RMS error of the desired signal power estimate Ĉ(t) is

RMSC−Ĉ =

√√√√ 1

M

1

Ni −Nb

Ni−1∑
t=Nb

(
Ci(t)− Ĉi(t)

)2

,

where Ni is the duration of the call i. The absolute value of the RMS errors are not informative
unless related to parameter variations. This is addressed by the RMS deflection of the parameters
from their average value. Desired signal power RMS deflection is obtained as

RMSC−µC =

√√√√ 1

M

1

Ni

Ni−1∑
t=0

(
C(t)− µCi(t)

)2
,

where µCi(t) is the average desired signal power during call i. For good performance it is desirable
to obtain small RMS errors compared to the expected variations, described by the RMS deflection
from the average value. The results are summarized in Table 2. We note that the estimation of the
desired signal power C is very accurate, which is in accordance with the slope discussion related to
Figure 11. Moreover, we get acceptable accuracy for the SIR and interference mean estimations.
Unfortunately, the σI estimates are not as good. However, when used for outer loop control, this is
still acceptable [12]. Yet another conclusion is that the difference in terms of performance between
Algorithm 3 and Algorithm 4 is not significant. More importantly, the degradation when using
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Figure 14: Measurement reports, consisting of a) RXQUAL and b) RXLEV, are describing the
perceived quality and signal strength respectively. These values are used as input to the proposed
algorithm, which extracts e.g. c) SIR and d) mean interference, mI . The estimated values using
the approximated recursion (solid) are compared to the true ones (dashed).

Algorithm 4 is acceptable, since it is much less complex.

Parameter Ĉ m̂I γ̂ = Ĉ − m̂I σ̂I

Average RMS error, Alg. 3 0.28 [dB] 1.6 [dB] 1.6 [dB] 1.8 [dB]
Average RMS error, Alg. 4 0.30 [dB] 1.7 [dB] 1.7 [dB] 2.0 [dB]

Average RMS deflection 5.1 [dB] 3.9 [dB] 5.0 [dB] 1.5 [dB]

Table 2: Performance evaluation of the Bayesian (top row) and the approximative recursion (sec-
ond row) estimator. For comparison, the corresponding average deflections from mean values are
included in the third row. The performance difference between the Bayesian and the approximative
approaches is small, and does not justify the increased complexity in the former.

5.4 Quality Mapping

In order to evaluate the performance of the quality mapper only, good estimates of the interference
standard deviation is needed. An accurate estimation procedure is employed using the analog
values available in the simulator. Basically, the interference standard deviation is computed for
each measurement period (data from 104 bursts). These estimates are then lowpass filtered as in
Section 3.
We operate the system with either the fixed target SIR:s γt = 12 dB (including a bias of 2 dB)
or a value provided by the quality mapper. The capacity is estimated by varying the load of
the system and compute the user satisfaction. This procedure results in the capacity 27 % in
the former case and 35 % in the latter - an improvement by approximately 30%. Corresponding
performance at the different load situations are illustrated in Figure 15. The performance in terms
of FER is equal in both cases despite different load situations. This is accomplished in the quality
mapper by reducing the targets in some cases and increasing it in others. Clearly, the SIR:s are
significantly lower when using the quality mapping, which make room for better quality in terms
of FER.
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5.5 Priorities in the Outer Loop

As an illustration of stating priorities in the outer loop, a situation with low system load (10 %)
is considered. The system is essentially disturbance limited and the interference consists basically
of thermal noise. Low powers are sufficient to provide acceptable connections, and low powers are
used if employing an integrating inner loop with fixed target SIR. After about 14 s new users are
admitted, resulting in increased interference. By using the mean interference to adapt the fading
margin as in Figure 10, the users are better prepared to meet the increase in interference. The
situation of a specific user is illustrated in Figure 15. The main incentive for using a lower power
is to decrease system interference (and less important to reduce battery consumption). In this
case, interference to others is slight, and therefore, the benefits of using a higher power are more
emphasized than the drawbacks.
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Figure 15: The perceived quality over time at a specific receiver given by a. SIR and b. FER. The
horizontal dashed lines corresponds to γ = 10 dB and FER = 0.02. After about 14 s, new users
are admitted resulting in increased interference. The dashed curves corresponds to using the fixed
target, and the solid to prioritizing higher targets when the interference is low.

6 Conclusions

The following components are critical for proper operation of power control in realistic cellular
radio systems

• Extracting relevant information (e.g., SIR) from the available measurements.

• Providing the inner loop with a target SIR based on available information.

Available information in measurement reports is crude and highly quantized. This paper utilizes
point-mass approximations of probability density functions to statistically model the relations be-
tween the parameters to be estimated and the measurements. Nonlinear estimation as described in
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the paper then provide estimates of acceptable accuracy. Design parameters enable the possibility
to individually track parameters that vary differently fast. Simulations indicate good performance
both when the parameters are varying slowly, and when subject to fast variations as in realistic
cases.
The motivation for the outer loop in power control implementations is that SIR is not necessarily
well correlated to quality. The ratio of erasured frames (FER) is better correlated to quality, but
hard to measure or estimate. In this work, the relation between the estimated parameters and
FER is described using point-mass approximations. Thereby, outer loop control of SIR targets
can be implemented as look-up tables given the estimated parameters. Moreover, it is emphasized
that the inner loop should focus on issuing power commands or power levels to track a target
value provided by the outer loop. Priorities and specific behavior in certain situation should be
reflected in the provided SIR target. This also include appropriate actions when rate adaption is
employed.
The performance of estimation and outer loop control is illuminated using FH-GSM simulations.
It is concluded that the accuracy of the estimates using the proposed nonlinear estimator is
acceptable. Benefits when employing outer loop control as discussed are primarily reflected in the
capacity. In the studied setup, the capacity is increased by 40 % when adjusting the target SIR
by an outer loop compared to using a fixed target.
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