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ABSTRACT

We regard a TDMA-based system with channel aware
scheduling and adaptive modulation and coding (AMC),
where both the scheduling decision and the modulation
alphabet with code rate are selected according to the
current SNR of the users. The information about the
current SNR arrives at the base station with a time de-
lay, which is caused by the time required for the estima-
tion of the SNR in the receiver and the time to the next
channel allocation for SNR feedback. In order to in-
crease both the downlink capacity and quality of service
(QoS), the base station is equipped with an antenna ar-
ray which is used for opportunistic, i.e. predetermined
or randomly time-varying, beamforming. The time de-
lay between SNR measurement at the receiver and re-
port to the base station imposes a strict limit on how fast
the beamforming states between consecutive time slots
may change: If the beamforming states between mea-
surement and report vary too much, the reported SNR
does not resemble the actual SNR at scheduling time
well and may thus be used neither for adaptive modu-
lation and coding nor for channel aware scheduling. In
order to enable faster beamforming, SNR prediction in
the base station is employed using an RLS adaptive filter
operating on feedback SNR information.

1. INTRODUCTION

In this work, a base station serving multiple users in a
TDMA fashion is considered. The capacity in such a
system can be increased compared to the point-to-point
case if information about the instantaneous signal-to-
noise ratio (SNR) of every user is available in the base
station. In such a case, so-called channel aware schedul-
ing may be employed, where a user with favorable fad-
ing conditions is selected for transmission. Since the
channel of this user is relatively strong, a transmission
scheme with higher spectral efficiency may be used, thus
increasing the overall system capacity.

A potential problem arises if delay-intolerant traffic
is assumed. Then, the scheduler can not wait infinitely
long for the next peak in the channel power to schedule
a given user but has to schedule a user if delay con-
straints would be violated otherwise. In [1] the authors
propose random, time-varying beamforming in the base
station in order to increase the channel dynamics. With
this scheme, fading peaks occur more frequently, mak-
ing a period of high channel power more likely in any
given interval. Moreover, in spatially correlated scenar-
ios, a beamforming gain can be observed, since not only

the speed of the fading is increased but also the dy-
namic range. As channel-aware schedulers select users
in strong current channel conditions predominantly, a
higher dynamic range means a higher system through-
put.

For a large number of users and Proportional Fair
Scheduling (see e.g. [1]), this relatively simple beam-
forming strategy can reach the same throughput as co-
herent beamforming, while only requiring instantaneous
SNR information as opposed to the full instantaneous
channel vector for coherent beamforming.

In realistic systems, information about the channel
quality can not be instantaneous but is outdated to some
degree. Firstly, the SNR estimation in the receiver takes
some time and secondly, the user has to wait for the
next channel allocation to report his SNR to the base
station. To still be able to use the SNR information for
channel-aware scheduling and AMC mode selection, the
authors in [1] propose not to change the beamforming
vector too much within this time span. As the original
purpose of increasing the channel dynamics is directly
limited by this, other ways of reducing the effect of out-
dated SNR information have been devised. In [3] the
complete physical channel vector is tracked in the base
station, using a low-rate feedback of received data from
the users. With an estimate of the instantaneous chan-
nel, beamforming vectors could be chosen freely, but the
increase in uplink signaling load is disadvantageous es-
pecially in cases with many users. In [6], a predictive
scheduler in the base station is considered. Results were
given for a scenario without beamforming if knowledge
of the complex-valued channel coefficient is available.
This represents double the necessary feedback compared
to real-valued SNR feedback.

Another possibility is the prediction of the SNR in
the mobile (cf. [5]) taking the channel estimate as an
input signal. This requires information about the under-
lying statistics of the effective channel and thus about
the beamforming process, which limits the flexibility of
the base station about the beamforming strategy. Also,
complex calculations in the user equipment should be
avoided because of energy consumption and device cost
reasons.

In this paper, the prediction of the SNR in the base
station is considered, taking the real-valued feedback
of the outdated SNR as an input signal. While in [2]
theoretical results for an arbitrary beamforming process
were presented for a Wiener filter, this paper describes
the system performance if a periodic beamforming pro-
cess is used, which allows the efficient application of



adaptive filters. Taking the outdated SNR information
as input for an RLS adaptive filter, the actual SNR at
scheduling time can be predicted exploiting spatial and
temporal correlation properties of the channel. Using
an adaptive filter as presented here is advantageous in
non-stationary environments as e.g. mobile communi-
cation and is thus more of practical relevance than the
Wiener filter in [2] or the Kalman filter as presented in
[3], which both require information about the statistics
of the underlying random processes.

The structure of this document is as follows: After
the introduction in Section 1, Section 2 describes the
signal model. Section 3 introduces the two different pre-
diction algorithms. Section 4 analyzes the performance
of the predictor in terms of the mean squared error and
system throughput and compares it to the theoretical
limits and Section 5 concludes the document.

2. SYSTEM MODEL

The received signal in the downlink of a TDMA-based
system within a given time slot is described herein by

y(t) = ~wH~h · d(t) + n(t), (1)

where y(t) is the received signal at time t, ~w is the beam-
forming vector, ~h is the channel vector with NT compo-
nents hi, 1 ≤ i ≤ NT , where NT denotes the number of
transmit antennas. The transmitted signal is denoted
by d(t) having unit power and n(t) is Gaussian noise
with zero mean and variance σ2

n.
Both the channel vector and the beamforming

weights are supposed to change on a per-slot basis. The
channel is assumed to be stationary and distributed ac-
cording to

~h(k) ∼ CN (0, Rsp), (2)

where Rsp denotes a correlation matrix for the spatial
correlation and k denotes the time slot. The temporal
correlation is described by

E{hi(k)h∗i (k + ∆k)} = rt(∆k). (3)

In the following, the so-called effective channel is de-
fined as heff(k) = ~w(k)H~h(k), so that the SNR in time
slot k is given as

γ(k) =
~w(k)H~h(k) · ~h(k)H ~w(k)

σ2
n

=
|heff(k)|2

σ2
n

, (4)

which is generally nonstationary because of the beam-
forming process ~w(k).

In Section 4, we investigate the performance of the
predictor for phased-array beamforming, which is pro-
posed in [1] and [?] for spatially highly correlated sce-
narios such as outdoor macrocell. Phased-array beam-
forming is described by a beamforming vector

~wφ =
1√
NT

(1, ej2π d
λ sin φ, . . . , ej2π(NT−1) d

λ sin φ)T , (5)

where φ is the direction of the main lobe of the beam
with respect to the broadside direction, d is the distance
between adjacent antenna elements and λ is the carrier

wavelength. The angle is assumed to increase linearly
in time

φ(k) = φ0 + ∆φ · k (6)

as long as φ is contained inside the cell, i.e. inside
[−60◦, 60◦[, and begins at −60◦ again if the angle would
leave this interval. The quantity ∆φ is called the angle
increment. Since the beamforming process is periodic
with period length Np, both the effective channel and
the SNR are cyclostationary. The period length and the
angle increment are related according to

Np =
⌊

120◦

∆φ

⌋
. (7)

The feedback delay is assumed to be equal to ND time
slots.

A scheduling decision is made according to the Pro-
portional Fair Scheduling algorithm (cf. [1]). Here,
among all users 1 ≤ u ≤ U the user u∗ with the high-
est ratio of the current requested data rate Ru(k) and
the average past throughput Tu(k) is scheduled, where
the past throughput is calculated with an exponential
averaging filter:

Tu(k) =
{

(1− 1
tc

)Tu(k) + 1
tc

Ru(k) , u = u∗

(1− 1
tc

)Tu(k) , u 6= u∗
(8)

The choice of the time constant tc is crucial for the
properties of the scheduler. The time constant describes
how long a scheduling instant may be delayed for a par-
ticular user. So, if the time constant is high, users may
be scheduled in channel peaks even if a long time passes
between peaks. A high tc is thus beneficial for through-
put since scheduling occurs predominantly in good chan-
nel conditions but affects quality of service (QoS) neg-
atively since the scheduling becomes irregular for any
given user.

3. PREDICTOR

This section presents the two prediction algorithms used
here. Both are linear filters operating on the SNR feed-
back information as input. As SNR feedback is assumed
to arrive only once per time slot, these filters operate on
a relatively low rate.

3.1 RLS adaptive filter

In order to predict a stationary signal, an adaptive filter
as for example the RLS adaptive filter may be used (cf.
[4]). The vector of observed SNR ~γo(k) contains the
latest NF SNR values reported to the base station. Since
the feedback delay is assumed to be equal to ND and the
SNR estimation at the mobile is assumed to be perfect,
it yields:

~γo(k)=(γ(k−ND), γ(k−ND−1), . . . , γ(k−ND−NF+1))T .

With the filter coefficients of the RLS filter being
given as ~p(k), the predicted SNR at time k can be writ-
ten as

γ̂(k) = ~pT (k) · ~γo(k). (9)



Input: ~γo(k), γ(k)

Output: ~p(k)

Parameters: 0 < λ ≤ 1, c > 1

Initial conditions:
P (0) = c · I,
~p(0) = (1 0 ... 0)T

Filter vector update:
For k = 1, 2, . . . , Ntrain do

~q(k) = P (k − 1)~γo(k)
r(k) = 1/

√
λ + ~γT

o (k)~q(k)
~g(k) = ~q(k)r(k)
P (k) = 1

λ [P (k − 1)− ~g(k)~gT (k)]
e(k, k − 1) = γ(k)− ~pT (k − 1)~γo(k)
~p(k) = ~p(k − 1) + ~g(k)r(k)e(k, k − 1)

End

Table 1: Training of the RLS adaptive filter

Since the filter is adaptive, the vector ~p is a function
of time during the training period of length Ntrain. The
adaptation algorithm is summarized in Table 1.

For a periodic beamforming process as e.g. described
by (5) and (6), the SNR is not stationary but cyclosta-
tionary. Then, not one but Np different RLS filters are
required, where each filter corresponds to one state in
the cycle period, as e.g. discussed in [8]. In this case,
since the filters have to be trained separately from each
other, not Ntrain but Ntrain · Np training SNR values
are necessary in total.

3.2 Wiener filter

For a λ close to one and given a long enough training
sequence, the adaptive filter converges to the Wiener
Filter solution

γ̂(k) = ~cH
to (k)C−1

oo (k) · ~γo(k), (10)

which is the optimal linear predictor in a minimum mean
squared error sense. The covariance terms are defined
as:

~cto(k) = (c0,ND (k), . . . , c0,ND+NF−1(k))T (11)
Coo(k) = [ci,j(k)]i,j , ND≤ i, j <ND+NF , (12)

where

ci,j(k) = E{(γ(k−i)−γ̄(k−i))(γ(k−j)−γ̄(k−j))}
= E{(γ(k−i)γ(k−j))}−γ̄(k−i)γ̄(k−j). (13)

These terms have been evaluated analytically in [2].
The Wiener filter serves as a reference for the proposed
RLS adaptive filter structure, so that it is possible to
evaluate how much of the theoretically possible perfor-
mance of an optimal filter is achieved by the RLS filter
with a finite λ and a finite training sequence. For the

periodic beamforming pattern described by (6), Np dif-
ferent Wiener filters are required. Each of these filters
correspond to one state in the cycle period, just as de-
scribed before for the RLS adaptive filter.

4. PERFORMANCE ANALYSIS

The mean squared error between the predicted and the
true SNR depends on the direction φu of the regarded
user, the beamforming direction φ at time k and the
angular increment ∆φ and is for the Wiener filter given
as (cf. [9])

ε(φu, φ, ∆φ) = ctt − ~cH
to C−1

oo ~cto, (14)

with ctt = c0,0(k). In (14), the dependence of the co-
variance terms on the above-mentioned set of variables
is omitted for simplicity.

Under the assumption of users being uniformly dis-
tributed in the cell between [−60◦, +60◦[ and the as-
sumption that the beamforming process is independent
of the user direction, the mean squared error averaged
across user and beam direction is given as

ε̄(∆φ)=
1

120◦

∫ 60◦

−60◦

1
120◦

∫ 60◦

−60◦
ε(φu, φ, ∆φ)dφudφ, (15)

which has been evaluated by numerical integration.
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Figure 1: Averaged Mean Squared Error for NT = 2
transmit antennas, ND = 2 time slots, NF = 2 filter
coefficients, v = 3km/h user velocity, Jakes Spectrum,
ζ = 10◦ DOA spread, Laplacian PAD, fc = 2 GHz car-
rier frequency, Tslot = 2 ms, SNR γ = 0 dB

Figure 1 shows the averaged mean squared error for
the case of NT = 2 transmit antennas and ND = 2
time slots SNR feedback delay. The error in the case
without prediction, i.e. when the reported and by ND

time slots outdated SNR information is treated like the
recent SNR, is non-zero for ∆φ = 2◦ because of the nat-
ural fast-fading and the artificial fading introduced by



beamforming. For increasing values of ∆φ the error in-
creases since the uncertainty caused by the beamforming
process increases.

The averaged mean squared error for the predicted
SNR using an RLS adaptive filter with NF = 2 filter
coefficients shows generally a similar behaviour, but at
an overall reduced magnitude. Even with as little as
25 training SNR values, the error can be significantly
reduced. With 50 training SNR values, the error at an
angular increment of 8◦ per time slot is the same as in
the case without any prediction at an angular increment
of 2◦. The error for a Wiener filter is also given in Figure
1, which is clearly lower than the error achieved with a
training sequence of 50 values. This indicates that the
convergence of the RLS filter towards the Wiener filter
is not completed after 50 training symbols and that thus
a longer training sequence and a λ closer to 1 can further
improve the predictor performance.

In addition to the MSE, the system throughput
was studied as well. The system level simulations in-
clude fading according to Jakes spectrum, Rayleigh dis-
tributed channel coefficients, frequency-flat channels, a
path-loss exponent of 2 and users being uniformly dis-
tributed within the cell. The AMC mode is selected
according to the predicted SNR, assuming that modu-
lation alphabet and code rate are chosen in accordance
to the HSDPA specification (cf. [11]). The correspond-
ing SNR-throughput mapping is displayed in Figure 2
and can be directly obtained from the results presented
in [10]. To illustrate the impact of SNR mismatch on
system throughput, the throughput in the case of AMC
mode 25 is highlighted. This AMC mode would be se-
lected if the predicted SNR is about 22 dB. If the actual
SNR is higher than the predicted SNR, an AMC mode
is selected which leads to a lower than optimal through-
put while if the SNR is lower than reported, block errors
may occur which necessitate retransmissions.

Figure 3 depicts the achievable system throughput
as a function of the angle increment ∆φ. The dashed
line represents the throughput with perfect knowledge
of the instantaneous SNR, i.e. with ND = 0. Here, an
increase in system throughput can be observed for in-
creasing values of ∆φ, indicating that increased channel
dynamics are beneficial. With a higher angular velocity,
a given user is more often in good channel conditions,
enabling the scheduling of the users in channel peaks.

The solid line displays the system performance for
the case of no prediction of SNR in the base station, i.e.
the reported SNR is treated as if it was instantaneous.
After an increase of the system throughput till ∆φ = 4◦,
a clear degradation is visible for increasing values of ∆φ,
which is due to the fact that the SNR report becomes
more unreliable the higher the angular velocity of the
beam. Thus, increasing the channel dynamics is benefi-
cial only up to this angle increment of 4◦.

The dash-dotted line represents the throughput us-
ing a Wiener filter with NF = 2 coefficients. Here,
a degradation of the system throughput is also visible
but is not as strong as in the case without a predic-
tion. Furthermore, the maximal throughput is achieved
at ∆φ = 8◦ and is about 16% higher than the highest
throughput in the case without prediction.

The solid lines with markers show the performance
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Figure 2: SNR-Throughput mapping for 31 AMC modes
assuming chase combining with up to three retransmis-
sions, used for the results in Fig. 3
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Figure 3: System Throughput for NT = 2 transmit an-
tennas, ND = 2 time slots, NF = 2 filter coefficients,
v = 3 km/h user velocity, Jakes Spectrum, ζ = 10◦ DOA
spread, Laplacian PAD, fc = 2 GHz carrier frequency,
Tslot = 2ms, tc = 50

of the RLS adaptive filter of length NF = 2. The perfor-
mance is similiar to that of the Wiener filter but a little
worse, which is because of the forgetting factor λ = 0.95
and because of the finite training length of 25 and 50
SNR values per state in the cycle period, respectively.

5. CONCLUSION AND OUTLOOK

The feedback of SNR information to the base sta-
tion is required for the exploitation of multiuser diver-
sity. In order to increase the effect multiuser diversity
in slowly varying scenarios, opportunistic beamforming
can be employed. This scheme exacerbates the prob-
lems caused by a delay in the SNR feedback since with



this scheme, SNR information is not only outdated be-
cause of the fading but because of differing beamform-
ing weights between SNR measurement time and user
scheduling time as well. In order to mitigate the prob-
lem of outdated SNR feedback, a prediction of the SNR
in the base station was proposed. The performance of
the prediction algorithms was evaluated both on link-
and system-level and showed a clear improvement com-
pared to the direct case for the Wiener filter and the
RLS adaptive filter. This increases the system through-
put and enables a beamforming process with a higher
angle increment, which positively affects QoS since users
will observe a strong channel more regularly. The rel-
atively low number of training SNR values needed for
an efficient prediction enables the tracking of changing
signal statistics, which are typical for mobile applica-
tions, and lets the application of such a prediction seem
feasible in real-world communication systems. Further
studies will provide a case study on the performance of
the proposed predictor in a specific communication sys-
tem like HSDPA and incorporate a more detailed signal
model including intercell and intersymbol interference.
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