
Channel State Prediction in Cognitive Radio, Part
II: Single-User Prediction

Zhe Chen, Nan Guo, Zhen Hu, and Robert C. Qiu
Department of Electrical and Computer Engineering

Center for Manufacturing Research
Tennessee Technological University

Cookeville, TN 38505, USA
Email: zchen42@students.tntech.edu, nguo@tntech.edu, zhu21@students.tntech.edu, rqiu@tntech.edu

Abstract—Response delay problem and measurements of such
delays have been reported in Part I. The response delay has
a negative impact on the accuracy of spectrum sensing, which
is the cornerstone of cognitive radio. In this paper, single-user
prediction of channel state is proposed to minimize the negative
impact of response delays caused by hardware platforms. Specif-
ically, a modified hidden Markov model (HMM) based single-
secondary-user (single-SU) prediction is proposed and examined.
In order to have convincing performance evaluation results, real-
world Wi-Fi signals are employed to test the proposed approach,
where the Wi-Fi signals are recorded at four different locations
simultaneously. Experimental results show that the proposed
single-SU prediction outperforms the 1-nearest neighbor (1-NN)
prediction which uses a detected current state as an estimate of
future states. This work is a part of the effort toward building
a cognitive radio network testbed.

I. I NTRODUCTION

Cognitive radio is an elegant concept, but implementing it
is a great deal. As reported in Part I, the response delay issue
has been identified, and the minimum response delays of two
hardware platforms have been measured and reported. It is
wise to take into account the measurement results in algorithm
design and implementation.

As mentioned in Part I, various spectrum sensing techniques
have been proposed. Implementing effective spectrum sensing
schemes is a fundamental part of development effort toward a
cognitive radio network testbed [1], [2], [3].

A spectrum sensing scheme uses received signals to detect
channel states, and it virtually predicts channel states inthe
near future simply using previous detected channel states.
Intensive work on prediction for cognitive radio has been
reported. In [4], channel occupancy status is converted into
binary form, autogression (AR) model is used for predicting
the binary channel status, and generated artificial global system
for mobile (GSM) signals are used for testing the prediction.
In [5], autoregressive moving average model (ARMA) is
employed to predict the power of television (TV) signals in
time domain. In [6], an algorithm based on support vector
regression and empirical mode decomposition for frequency
spectrum prediction in frequency monitor system is intro-
duced. In [7], an interference time ratio that represents the
fraction of a primary user’s burst interfered by secondary trans-
mission is proposed to control the transmission probability for
secondary users (SUs), which is predicted using conditional

probability. This scheme is tested only by simulation. The idea
of predictive dynamic spectrum access is introduced in [8],
which aims at the distribution of the time length that a channel
is idle. The existence of Markov chain for sub-band utilization
by primary users (PU) is validated in [9]. Hidden Markov
mode (HMM) is used to predict the usage behavior of a
frequency band based on channel usage patterns in [10], to
decide whether or not to move to another frequency band.
And a channel status predictor using HMM based pattern
recognition is proposed in [11].

However, none of the previous work takes the time delay in-
curred by hardware platforms into consideration for prediction.
Moreover, the ideas of using HMM for prediction in previous
work are all based on pattern recognition. In fact, HMM can
be exploited beyond pattern recognition.

The contributions of this paper are summarized as follows.
First, an approach for channel state prediction based on modi-
fied HMM is proposed. Second, real-world Wi-Fi over-the-air
signals are measured and recorded using multiple antennas at
different locations at the same time. Thirdly, the performance
of the proposed prediction approach is evaluated using the
measured Wi-Fi signals in the case of single-SU prediction.

The rest of this paper is organized as follows. Section II
proposes the single-SU prediction approach in detail. Section
III reports the measurements of Wi-Fi signals. Section IV
reports the experimental results. And Section V concludes this
paper.

II. CHANNEL STATE PREDICTION USING MODIFIED

HIDDEN MARKOV MODEL

In this section, traditional HMM is modified to take into
account prediction, and an approach based on the modified
HMM for channel state prediction is proposed.

A. Hidden Markov Model

An HMM is defined by a tupleλ = {π,A,B} [12], [13],
[14]. π is the initial state probability vector,

π = (π1, . . . , πN ) (1)

πi = Pr(q1 = θi)
i = 1, . . . , N

(2)

wherePr (•) denotes probability,N is the number of states
of Markov chain,{θ1, . . . , θN} are theN states,qt represents



the state at timet, qt ∈ {θ1, . . . , θN}. A is the state transition
probability matrix,

A = (aij)N×N (3)

aij = Pr(qt+1 = θj |qt = θi)
i, j = 1, . . . , N

(4)

And B is the emission probability matrix,

B = (bjk)N×M (5)

bjk = Pr(ot = vk|qt = θj)
∆
= bj(ot)

j = 1, . . . , N
k = 1, . . . ,M

(6)

whereM is the number of possible observation values in the
observation space{v1, . . . , vM}, ot represents the observation
value at timet, ot ∈ {v1, . . . , vM}.

Given a parameter tupleλ and a sequence of observation
valueso = {o1, . . . , ot, . . . oT }, the state sequence that is most
likely to have generated the input sequenceo and the likeli-
hood probability can be calculated using Viterbi algorithm. Let
δt(i) be the maximal probability of state sequence of lengtht

that ends in statei. A tailored Viterbi algorithm is shown as
below.

1) Initialization.
δ1(i) = πibi(o1)
i = 1, . . . , N

(7)

2) Iteration.

δt (j) = max
1≤i≤N

[δt−1 (i) aij ] bj (ot)

j = 1, . . . , N
t = 2, . . . , T

(8)

3) Termination.
P ∗ = max

1≤i≤N
[δT (i)] (9)

q∗T = argmax
1≤i≤N

[δT (i)] (10)

whereP ∗ is the calculated likelihood probability andq∗T is
the estimated state at timeT .

Traditionally, the parameters of HMM are trained using a
training algorithm like the popular Baum-Welch algorithm,
given a sequence of observation values. However, in this paper,
a training algorithm for HMM is not employed. Instead, the
parameters of HMM are obtained through a simple statistical
process over training sequences.

B. Proposed Single-SU Prediction Approach

During spectrum sensing, what SUs concern are the avail-
abilities of some sub-frequency-bands of interest within awide
frequency band. An architecture is proposed to predict such
availabilities, as shown in Fig. 1. In the spectrum sensing phase
of every time slot, received time-domain signals are trans-
formed into frequency-domain using fast Fourier transform
(FFT). Then values from multiple frequency tones within a
sub-frequency-band of interest are quantified and fed into a
modified HMM as a sequence of observation values. Denote
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Fig. 1. Proposed architecture for channel state predictionbased on HMM.
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Fig. 2. Illustration of channel state prediction.

the number of input frequency tones asQ. The quantiza-
tion can be either scalar quantization or vector quantization.
Multiple sub-frequency-bands of interest can be processedin
parallel using multiple modified HMMs. Thus, this proposed
approach can be applied to any wideband scenarios.

As shown in Fig. 2, for a sub-frequency-band, at the end
of spectrum sensing phase of every time slot, an observation
valueot is obtained for a modified HMM. In each time slot, a
sub-frequency-band is associated with a certain channel state,
i.e., “busy” or “idle”. It is tricky to obtain the actual channel
states in practice. As mentioned in our previous paper, the
state verification means can provide information about actual
channel states. In this paper, actual channel states are assumed
to be determined by such verification means. The maximal
verification delay is denoted byY in time slots.

In Fig. 2, known observation values, actual channel states,
and unknown channel states are labeled. Prediction of channel
state is to use known observation values and actual channel
states to estimate future channel states. However, in the
proposed approach, the definition of HMM is slightly differ-
ent from the standard form. The modified HMM is defined
by (1), (2), (3), (5), as well as the following two equations:

aij = Pr(qt+(X+Y ) = θj |qt = θi)
i, j = 1, . . . , N

(11)

bjk = Pr(ot = vk|qt+X = θj)
j = 1, . . . , N
k = 1, . . . ,M

(12)

whereX is the span of prediction, in time slots, to take care
of the maximal possible response delay.

Parameters of the modified HMM,{π,A,B}, are estimated
statistically. The equations for extracting parameters ofthe
modified HMM from a training sequence are listed below:

πi =
1

L−X

L−X
∑

t=1
Eval(qt = θi)

i = 1, . . . , N
(13)



aij =

L−X∑

t=1+Y

Eval(qt+X=θj |qt−Y =θi)

L−X∑

t=1+Y

Eval(qt−Y =θi)

i, j = 1, . . . , N

(14)

bjk =

L−X∑

t=1

Eval(ot=vk|qt+X=θj)

L−X∑

t=1

Eval(qt+X=θj)

j = 1, . . . , N
k = 1, . . . ,M

(15)

whereL is the length of the training sequence, in time slots,
and

Eval(•) =

{

1 ( • )established
0 otherwise

(16)

Then a one-step prediction for the channel stateX-slot
ahead can be performed based on the trained parameters
{π,A,B}. There are two methods for the proposed one-step
prediction.

One method, named “πB”, usesπ andB for the prediction.
The “πB” method is defined by (7), (9), and (10), withT = 1.

The other method, named “AB”, usesA and B for the
prediction, which is defined by (17), (9), and (10), withT = 1.

δ1(i) = ajibi(o1)
q1−Y = θj
i = 1, . . . , N

(17)

Using either method, predicted channel stateq∗T in (10) and
the corresponding likelihood probabilitiesP ∗ in (9) can be
calculated.

III. M EASUREMENT OFWI-FI SIGNALS

In order to evaluate the performance of channel state predic-
tion approaches proposed in Section II using real-world data,
Wi-Fi signals have been measured and recorded. There are
several reasons to consider Wi-Fi as PUs in evaluating channel
state prediction approaches. First, the frequency bands that
Wi-Fi employs are unlicensed, which means experiments on
these bands can be conducted without asking the regulators for
permissions. Second, the durations that Wi-Fi devices occupy
the channel and the durations that the channel is kept idle are
as small as microseconds. This fact enables recording a plenty
of Wi-Fi accesses in a short time. Thirdly, the durations and
intervals of Wi-Fi accesses are random, which poses additional
challenge for channel state prediction. It is hard to learn
and predict Wi-Fi accesses. Thus, Wi-Fi signals are ideal for
evaluating prediction approaches.

Fig. 3 shows the setup for the Wi-Fi signal measurement.
The experiment is conducted in an indoor environment. A
laptop computer accesses the Internet through a wireless Wi-Fi
router, downloading data at a date rate of 2.3 MB/s. In order
to record the Wi-Fi signals at different locations at the same
time, the DPO, Tektronix DPO72004, is connected with four
antennas with a frequency range of 800 MHz to 2500 MHz
distributed at four locations. Antennas 1, 2 and 3 are three,
two and two meters away from the router, respectively, but a
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Fig. 3. Setup of the measurement of Wi-Fi signals.
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Fig. 4. Measured Wi-Fi signals in time-domain.

metallic board is placed between antenna 3 and the router to
emulate a non-line-of-sight (NLOS) propagation. Antenna 4
is placed closely to the router, so it can monitor the actual
channel states. Since the DPO can record 250 M samples
per channel, by setting the sampling rate to 6.25 GS/s, the
maximum duration of one measurement is 40 ms.

Fig. 4 shows the measured Wi-Fi signals in time-domain
from the four antennas. Different received signal strengths can
be observed: the signal from antenna 4 is the strongest and



clearest due to the shortest propagation, while the signal from
antenna 3 is the weakest because of NLOS.

IV. PERFORMANCEEVALUATION

In this section, the proposed single-SU prediction is evalu-
ated using the measured Wi-Fi signals in Section III.

The sampling interval is in picoseconds and 40-ms Wi-Fi
signals are recorded at four different locations corresponding
to channel 1, 2, 3 and 4. The measured Wi-Fi signals from
channel 1, 2, and 3 are fed to three independent SUs for
prediction, while the measured Wi-Fi signal from channel 4
is served as an indicator of channel states and fed to all the
three SUs for reference.

Due to the limitation of measurement equipment, 40 ms is
the maximum duration that Wi-Fi signals can be recorded. By
setting the length of time slot to 20µs, there are 2000 time
slots available for performance evaluation. It may take one
or two time slots for the channel state to change, which can
reflect actual channel state changes.

The duration of the spectrum sensing phase of a time slot
is set to 4µs, just one fifth of the length of a time slot. In
the following, prediction spans of one to three time slots are
considered in evaluating the prediction performances.

The proposed prediction approach is configured as fol-
lows. Referring to the architecture shown in Fig. 1, scalar
quantization is used, quantified frequency-domain data from
one frequency tone of 2.418 GHz are served as observation
values, and they are fed into the modified HMM. Unless
otherwise stated, the parametersM , N , andQ for the single-
SU prediction are set to 288, 2, and 1, respectively. The
{π,A,B} parameters of the three modified HMMs for three
single SUs are obtained beforehand using (13) (14) (15)
and the measured Wi-Fi signals from channel 1, 2 and 3,
respectively.

For comparison purpose, another single-SU predictor called
1-nearest neighbor (1-NN) is employed as reference. 1-NN
simply uses current detected or sensed channel state as an
estimate of future channel states:

qt+X = qt (18)

where qt is the channel state for current time slott, and
qt+X is the predicted future channel stateX-slot ahead.qt
is determined by the following hypothesis:

qt : ot

busy
>
<

idle

th (19)

whereot is the non-quantified observation value from current
time slot t, and th is a threshold. In our evaluation, all SUs
use the same default value ofth and it is pre-determined
using all the non-quantified observation values from channel 3,
since the weakest measured Wi-Fi signal comes from channel
3. th simply takes the middle between two averages, one
is the average of non-quantified observation values from all
“idle” slots and the other is the average of non-quantified
observation values from all “busy” slots. The 1-NN approach
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Fig. 5. Performance of single-SU prediction (channel 1).

seems simple, but it is not easy to beat it in terms of prediction
performance.

The prediction performance is evaluated using two metrics:
probability of detection (PD) and probability of false alarm
(PFA). Similar to their meanings in the case of detection, in
the case of prediction,PD means the rate that a prediction
approach predicts the channel state correctly when the actual
channel state is “busy”, whereasPFA means the rate that it
fails to predict the channel state correctly when the actual
channel state is “idle”. Obviously, a combination of higherPD

and lowerPFA stands for a better prediction performance.
Considerations of choosing between the “πB” method and

the “AB” method for the proposed prediction approach are
summarized as follows. WhenY = 0, using the “AB” method
can achieve a higher prediction performance with the measured
Wi-Fi signals. However, in a typical case ofY > 0, the
performance of the “AB” method would be degraded. On
the other hand, the “πB” method is independent ofY , but
its performance is slightly lower. Thus, it is recommended to
use the “πB” method for the proposed prediction approach
when Y > 0, and this method is employed in the following
performance evaluation.

Three independent single-SU predictors of the same type
run both the proposed prediction approach and the 1-NN
approach. Each single-SU predictor uses one channel of mea-
sured Wi-Fi signals as its input. Fig. 5, 6 and 7 show their
performances. Overall speaking, at the cost of slight increase
of complexity, the proposed single-SU prediction is robustto
channel conditions and outperforms the 1-NN predictor. It
is also confirmed that the performance degrades fast as the
prediction span increases, suggesting that the response delay
is non-negligible.

V. CONCLUSION

The response delays have been taken into account in de-
signing a strategy for channel state prediction, and the strategy
has been tested using real-world Wi-Fi signals recorded at four
locations simultaneously. An approach of single-SU prediction
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Fig. 6. Performance of single-SU prediction (channel 2).
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Fig. 7. Performance of single-SU prediction (channel 3).

based on modified HMM has been proposed and tested. Eval-
uation results confirm that the proposed single-SU prediction
approach outperforms the 1-NN prediction approach, where
the former asks for insignificant complexity increase and it
does not need any thresholds.

Building a cognitive radio network testbed is the goal of
this work. Although there are possibly many algorithms for
prediction, what are tested and reported in this paper are
relatively easy to implement.
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