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Hüseyin Arslan
Department of Electrical Engineering
University of South Florida
4202 E. Fowler Avenue
Tampa, FL- 33620-5350, USA
email: arslan@eng.usf.edu
ABSTRACT
In this paper, noise power and signal-to-noise ratio (SNR)
estimations for OFDM based wireless communication systems are studied. Noise power estimation, which takes
into account the color and variation of noise statistics over
OFDM sub-carriers into account, is considered. Instead of
averaging the instantaneous noise samples estimates over
all of the OFDM sub-carriers, dividing the total number
of sub-carriers into several sub-groups and averaging the
sub-carriers separately within each sub-group is proposed.
Also, these averaged estimates over each sub-group are further averaged across several OFDM symbols in time to enhance the performance of the noise power estimates. The
proposed solution provides many local estimates, allowing tracking of the variation of the noise statistics across
OFDM sub-carriers, which is particularly of use in subband adaptive modulation OFDM systems. The performance of the proposed method is evaluated via computer
simulations. It is observed that the proposed solution can
estimate local statistics of the noise power when the noise
is colored. When the noise is white, the proposed algorithm
works as good as the conventional noise power estimation
schemes, showing the robustness of the proposed method.
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Introduction

Signal-to-noise ratio (SNR) is broadly defined as the ratio of the desired signal power to the noise power. SNR
estimation indicates the reliability of the link between the
transmitter and receiver. In adaptive system design, SNR
estimation is commonly used for measuring the quality of
the channel. Then, the system parameters are changed
adaptively based on this measurement. For example, if
the measured channel quality is low, the transmitter adds
some redundancy or complexity to the information bits
(more powerful coding), or reduces the modulation level
(better Euclidean distance), or increases the spreading rate
(longer spreading code) for lower data rate transmission.
Therefore, instead of fixed information rate for all levels of
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channel quality, variable rates of information transfer can
be used to maximize system resource utilization with high
quality of user experience.
One particular interest for SNR estimation is to use it
for Adaptive Orthogonal Frequency Division Multiplexing
(AOFDM) based wireless communication systems. Adaptive modulation that employs different level of modulation
for each (or a group) of sub-carriers depends strongly on
accurate estimation of SNR value [1]-[3]. There are many
other applications that can exploit SNR information, like
channel estimation through interpolation and optimal soft
information generation for high performance decoding algorithms [4, 5].
In previous SNR estimation techniques, the SNR
measurement is considered as an indication of long-term
fading statistics due to shadowing and log-normal fading.
This long-term SNR estimate is often calculated using regularly transmitted training (or pilot) sequences. Instead of
using training sequences, the data symbols can also be used
for this purpose. For example, Balachandran, who uses
SNR information as a channel quality indicator for rate
adaptation, exploits the cumulative Euclidean metric corresponding to the decoded trellis path for channel quality
information [6]. Jacobsmeyer [7] describes another method
for channel quality measurement. He proposes the use of
the difference between the maximum likelihood decoder
metrics for the best path and the second best path [7]. In
a sense, he uses some sort of soft information for channel quality indication. But, this approach does not provide
any information about the strength of the interferer or the
desired signal. There are several other SNR measurement
techniques which can be found in [8] and reference listed
therein.
In many SNR estimation techniques, the noise is assumed to be white and Gaussian distributed. However, in
wireless communication systems, noise is often caused by
a strong interferer, which is colored in nature. Color of the
noise is defined as the variation in power spectral density
in the frequency domain. Of particular interest is OFDM
based multi-carrier modulation systems, where the channel
bandwidth is wide and the interference is not constant over
the whole band. It is very likely that there is variation of

spectral content over the OFDM sub-carriers i.e. some part
of the spectrum is affected more by the interferer than the
other parts. Figure 1 shows OFDM frequency spectrum and
two types of noise over this spectrum, colored and white.

System Model

An OFDM based system model is used. Time domain samples of an OFDM symbol can be obtained from frequency
domain symbols as

 

OFDM BAND
Power Level

2

DESIRED SIGNAL CHANNEL

WHITE NOISE
COLORED NOISE

Frequency

Figure 1. Representation of OFDM frequency channel response and noise spectrum. Spectrum for both white and
colored noise is shown.

In many new generation wireless communication systems, coherent detection is employed, which requires estimation of channel parameters. These channel parameter
estimates can also be used to calculate the signal power.
Therefore, SNR estimation introduces only an additional
estimation of noise power. Hence, in this paper we focus more on estimation of noise power, and assume that
the signal power can be estimated from the channel estimates. Most commonly used approach for noise power
estimation in OFDM systems is based on finding the difference between the noisy received sample in frequency
domain and the best hypothesis of the noiseless received
sample [1, 9]. Calculation of the received sample hypothesis requires channel state information for each carrier. As
mentioned above, the previous approaches estimate long
term noise power values, assuming that the noise is white
and Gaussian distributed. In order to get the long term estimates, the instantaneous SNR estimates are averaged over
the whole OFDM band by taking the mean of all the estimates over all the sub-carriers.
In this paper, the assumption of the noise to be white
is removed. Also, variation of the noise power across
OFDM sub-carriers is allowed. Therefore, the proposed
approach estimates both local (within smaller sets of subcarriers) and global (over all sub-carriers) SNR values. The
short term local estimates calculate the noise (or interference) power variation across OFDM sub-carriers. These
estimates are specifically very useful for adaptive modulation, and optimal soft value calculation for improving
channel decoder performance. However, these estimates
are not reliable, requiring averaging. In this paper, averaging across several OFDM symbols as well as averaging across OFDM sub-carriers are proposed. The proposed
approach is evaluated through computer simulations. As
will be shown in the performance section, the proposed approach can estimate both local and global statistics of the
noise very well.
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where 6 is the symbol that is transmitted
on  -th sub.
is the number
carrier of the 7 -th OFDM symbol, and
of sub-carriers. After the addition of cyclic prefix and D/A
conversion, the signal is passed through the mobile radio
channel. Assuming a wide-sense stationary and uncor46:
related scattering (WSSUS) channel, the channel 8 9 
can be characterized for all time and all frequencies by
the two-dimensional spaced-frequency, spaced-time correlation function
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In this paper, we assume the channel to be constant over an
OFDM symbol, but time-varying across OFDM symbols,
which is a reasonable assumption for low and medium mobility.
At the receiver, the signal is received along with noise.
The noise power is assumed to be varying across OFDM
sub-carriers as well as in time. After synchronization,
down sampling, and removing the cyclic prefix, the simplified received baseband model of the samples can be formulated as
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where U is the number of channel taps, SVT  is the noise
sample which is combination of white Gaussian noise and
colored
interference source, and the time domain CIR,
RK P  , over an OFDM symbol is given as time-invariant
linear filter. After taking DFT of the OFDM symbols, the
received samples in frequency domain can be shown as

W 6X
W 6X

 YJK G
6 8 6EQZ[6 4
Z[
RK P 

(3)

where 8 6 and
are DFT of
and S!L ,
respectively.
Note that, in this paper, the noise is not assumed to
be white. In practical wireless communication systems, often the received signal is impaired by dominant interference sources. For example, in cellular systems, the dominant interference source can be a co-channel or an adjacent
channel interferer. In WLAN systems, this can be a Bluetooth interference (like in 802.11g), or due to any other colored dominant noise source (like baby monitors, cordless
phones etc.)

Estimation of noise power

The proposed noise power estimation is performed in frequency domain. As in [1, 9], the instantaneous noise estimate for each OFDM carrier is calculated by finding difference between noisy received sample and the best hypothesis of the noiseless received signal
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where _
is the best hypothesis of the received symbol and 8  is the channel estimate for the  th carrier
of the 7 th OFDM symbol. For noiseless channel esti-

mates and for correctly detected symbols, the above equation will provide the absolute square of the exact instantaneous noise samples. However, the channel estimation
error and incorrect decisions will bias the noise estimates.
The problem with incorrect symbol estimates can be resolved by estimating noise samples using only known data
(training symbols), or by finding the error after decoding
and re-encoding the detected symbols. Using the decoded
information improves performance as the decoder corrects
the incorrect decisions.
The channel estimates in frequency domain can be obtained using OFDM training symbols, or by transmitting
regularly spaced pilot symbols in between the data symbols and by employing frequency domain interpolation. In
this paper, we assume transmission of training OFDM symbols. Using the knowledge of the training symbols, channel
frequency response can be estimated as
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where @ 6i is the estimated power in the iVl=m sub-band.
The size of f depends on the color of the noise. If the

Averaging over frequency
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sub-bands

In conventional noise power estimation algorithms
[1, 9], the absolute square of the instantaneous noise samples are averaged over all OFDM sub-carriers, providing
an averaged noise power estimate. The conventional approaches assume the noise to be white Gaussian distribution and estimates a single noise variance (power) for all
the OFDM sub-carriers. Therefore, these approaches do
not provide any information about the variation of noise
within the transmission bandwidth.
In this paper, we divide the whole band (i.e. the total
number of sub-carriers) into sub-bands (i.e. to a set of subcarriers). If the number of sub-carriers in each
.hg sub-band
is f , then the number of sub-bands will be
f . Then,
the absolute square of the instantaneous noise estimates in
each sub-band are averaged,
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Therefore, instead of having one
.hg noise power estimate for
all the sub-carriers, we obtain
f estimates, where each
estimate represents the noise power estimate over each subband. The frequency and time averaging of the instantaneous noise samples are shown in Figure 2. The averaging
window in time depends on the variation of the sub-band
noise power in time. If the noise statistics vary rapidly,
then it is desired to choose smaller window size in order to
be able to track the variations of the noise power. On the
other hand, if the noise statistics change slowly, it is desired
to have larger window size to allow better averaging of the
sub-band noise values.

where ce is the channel estimation error.
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noise is completely white, then it is desired that averaging be done across all the
. available OFDM sub-carriers,
i.e. to have f equal to ._ Note that if the noise is white
and Gaussian distributed, @Lij has a chi-square distribution with f degrees of freedom, and with mean n % and
%joqpjrstur , where n _ % is the variance of the white
variance k
noise. The variance of @ 6i is the mean-square-error of
the noise power estimator. Therefore, increasing the number of samples over which averaging is done yields a lower
mean-square-error in the case of white noise, but the same
does not apply for colored noise. The averaged noise estimates over each sub-band are further averaged across several OFDM symbols (averaging in time). A sliding window
averaging is used for time domain averaging,

Averging over time
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OFDM SUB-CARRIERS

Figure 2. Short and long term noise power estimation
through averaging in both frequency and time. In this example, each sub-band includes 3 sub-carriers (i.e. f Qx ).
Also, time domain averaging window size is shown as 4.
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Performance Results

The performance results are obtained through computer
simulations. An OFDM system with 64 sub-carriers is considered. For the colored noise, a co-channel interference

source, which is modelled as another OFDM symbol, is
y The channels for the desired and interfering signals
used.
are uncorrelated, varying in frequency (frequency selective) and in time (time selective). The channel taps are obtained using modified Jake’s fading model [10]. Frequency
variation depends on the rms delay spread of the channels, and time variation depends on the Doppler spread.
Carrier frequency of 5.2 GHz, and OFDM symbol duration of 4 z sec are considered in the simulations. Additive white noise is included apart from colored noise, and
performance evaluations are made for a white and color
noise dominated environments, which are created by varying their respective ratio.
Figure 3 compares the conventional and proposed
noise power estimates over one realization of the channel. The average signal power is normalized to 0 dB and
signal-to-interference ratio of 7 dB is used in this figure,
i.e. the average noise power is -7 dB. As described before, the conventional noise power estimate measures only
a single value over the whole frequency band. This value
is the averaged noise power over the whole band. As can
be seen, the conventional estimate works well in measuring the average noise power. The proposed scheme measures both local and global noise power estimates. The total
band is divided into 16 groups of sub-bands. In each subgroup, there are 4 sub-carriers. The instantaneous absolute square of the noise values are averaged over each subgroup. Then, these averaged values over each sub-group
are further averaged over 50 OFDM symbols (averaging in
time domain). The figure shows the averaged noise power
estimates over each sub-group. For the reference purpose,
the actual noise power values in each sub-group are also
given. As can be seen, the proposed algorithm estimates the
local noise power very well. In the figure the desired signal
power over each sub-group is also given. From these, SNR
values over each sub-group can be calculated easily. Notice
that the noise power estimate performance depends on the
SNR value over each sub-group. When the SNR value is
very low, the estimates deviate from the actual noise power
value due to incorrect decisions. As described before, the
estimates can be improved further by using decoded decisions.
Figure 4 shows the mean-square-error performance of
the proposed and conventional algorithms in colored noise.
The interference limited scenario as mentioned above is
considered with different interference power levels. The
mean-squared-error between the actual noise and estimated
noise values in each sub-group are calculated and averaged.
As can be seen the proposed algorithm performs much better than conventional noise power estimation in terms of
finding the local noise power.
Figure 5 shows the mean-square-error performance in
white noise. This figure shows the robustness of the proposed algorithm when the noise is not colored. As can be
seen, the proposed algorithm works as well as the conventional algorithm which is specifically designed for white
noise assumption. Even if the noise is white, the proposed

algorithm does not lose performance against conventional
scheme. On the other hand, as explained above, if the
noise is colored, the proposed algorithm outperforms conventional noise power estimation algorithm.
Figure 6 shows the mean-square-error performance
using the proposed method with different window sizes in
a pure white noise dominated environment. In white noise
dominant case, as the window size increases, there are more
samples available for averaging and therefore the estimated
noise variance over a larger window size approaches the
true value. In colored noise however, the errors depend on
the speed, as well as the channel power delay profile.
Figure 7 shows the mean-square-error variation depending on the color of the noise and the frequency selectivity of the channel. The colored interference to white
noise ratio I/N is varied from 30 dB, which is highly colored to -30 dB, which is almost white in nature, with different values of rms delay spread (0 z sec, 0.05 z sec and
0.1 z sec) to reflect the frequency selectivity of the channel.
It is seen from the plot that a higher window size results in
lower error as the color of the noise decreases and resembles white noise.

5

Conclusion

In this paper, noise variance estimation that removes the
white noise assumption is described. The proposed algorithm considers a more practical environment where noise
is characterized by a non-constant spectral content over the
OFDM sub-carriers. This is often the case when the noise
is dominated by a strong interference. The autocorrelation
of the power spectral density (PSD) reflects the intensity
of color. The proposed method can identify the intensity of
color of noise. On the other hand, when the noise is not colored, it performs as well as the conventional noise variance
estimations which are specifically designed for white noise
assumption. The proposed solution can be very useful for
adaptive modulation as well as for other adaptive transmitter and receiver algorithms, like optimal soft information
calculation, improved channel estimation etc.
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