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Dynamic spectrum access is a paradigm used to access the spectrum
dynamically. A hidden Markov model (HMM) is one in which you
observe a sequence of emissions, but do not know the sequence of states
the model went through to generate the emissions. Analysis of hidden
Markov models seeks to recover the sequence of states from the observed
data. In this paper, we estimate the occupancy state of channels using hidden
Markov process. Using Viterbi algorithm, we generate the most likely states
and compare it with the channel states. We generated two HMMs, one slowly
changing and another more dynamic and compare their performance.
Using the Baum-Welch algorithm and maximum likelihood algorithm we
calculated the estimated transition and emission matrix, and then we compare
the estimated states prediction performance of both the methods using
stationary distribution of average estimated transition matrix calculated by
both the methods.
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1. INTRODUCTION

Spectrum sensing is usually done by measuring the power spectral density of the channel of interest
in cognitive radio [1] based system to perform the dynamic spectrum access [2] operation. This method
doesn’t give estimated value or doesn’t help in prediction in a noisy channel. Estimating the status of channel
as being free or busy is important aspect of cognitive radio system. A hidden Markov process (HMP) [3-6] is
useful in this prediction. A hidden Markov process (HMP) is a discrete-time finite state homogeneous
Markov chain (MC) [7] observed through a discrete-time memory less invariant channel. HMPs are more
commonly referred to as hidden Markov models [3]. The parameter of HMP is estimated offline from real
measurements using Baum-Welch (B-W) algorithm [8, 9] and maximum likelihood (ML) algorithm [10].
Giventhisparameters the state of the primary user at a given time and frequency band is determined. Hidden
Markov model (HMM) [11-24] is a statistical Markov model in which the system being modeled is assumed
to be a Markov process with unobservable (i.e. hidden) states. Here we avoided mathematical expressions
and formulas and provided only experimental data and results.

The rest of the paper is organized as follows. In section 2, system model is explained. In section 3,
we find the most likely states using Viterbi algorithm [25] and compare it with original states of the channel.
In section 4, we compare the Baum-Welch and maximum likelihood algorithm and concluded in section 5.
We used @MATLAB for this experimentation.
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2. SYSTEM MODEL

Let us consider HMPO = (n,A,B), parameterized by the initial state matrix 7, the state transition
matrix A, and the emission matrix B.; Here we assume a discrete-time model, where the time variable n takes
values in {1,2,...}. The input to the system at time n consists of an estimate of the power spectral density.
Each channel is modeled as a two-state HMP. The output of the system consists of an estimated transition
and emission probability matrices of each channel from which we can predict the current states as well as
the future states of the channel using predictor.

Channel parameter estimation using HMP, associate with each of the channels is based on offline
training data. HMP may be view as a discrete time bivariate random process {(Sn,Yn), n=1,2,...}, where {S}
is the hidden process i.e. states of the channel and {Y.} is the observable process i.e. sequences. The hidden
process {S,} is a discrete time finite state Markov chain. The random variables {Y.; are conditionally
independent given {S,}. Furthermore, the distribution of Y, is time invariant and depends on {S.} only
through S;. The hidden process {S.} takes values in a finite set S = { 0,1, ... M-1}. In this system we have
focused on the case M=2, such that 1 represents the channel is free whereas state 2 represents a primary user
existence on the channel. Figure 1 shows the state-transition diagram of the hidden process.

Figure 1. The state-transition diagram of a hidden process.

3.  FINDING MOST LIKELY STATES

Using transition and emission matrices of the channel, we generated the sequences and states of
the channel using @MATLAB. Using Viterbi algorithm, we generate the most likely states and compare it
with channel states. Figure 2 shows the block diagram we used to check Viterbi algorithm. We create
the Hidden Markov Model (HMM) using transition probability matrix and emission probability matrix.
We create two HMM, HMM1 and HMM?2 having same emission probability matrix considering the same
communication system.HMMI1 is monotonous while HMM?2 is dynamic where states changes more fast.
Here Transl and Trans2 are transition matrices for HMM1 and HMM2 respectively. Emis is the common
emission probability matrix. We used, Trans1 =[0.95, 0.05; 0.10, 0.90], Trans2 = [0.05, 0.95; 0.90, 0.10] and
Emis = [0.25, 0.20, 0.10, 0.20, 0.25; 0.05, 0.2, 0.5, 0.2, 0.05]. Here Viterbi algorithm is used to find
the hidden states from the given sequence. We created ten sequences and its states from same HMM and
using Viterbi algorithm found out estimated states. On an average estimated state sequences are 90.66 %
correct for HMM1 and 84.8 % correct for HMM2. Table 1 shows the sample data for estimating states using
Viterbi algorithm.

Figure 3 and Figure 4 shows the eigenvalues of transition probability matrix of HMM1 and HMM2
respectively. An eigenvalue plot indicates whether the Markov chain is periodic, and the plot reveals
the period of the chain. All eigenvalues at roots of unity indicate the periodicity. The spectral gap is the area
between the circumference of the unit circle and the circumference of the circle with a radius of the second
largest eigenvalue magnitude (SLEM). The size of the spectral gap determines the mixing rate of the Markov
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chain. The mixing time of a Markov chain is the time until the Markov chain is "close" to its steady
state distribution. In general, the spectrum determines structural properties of the chain. Here we simply
exchange the occurrence probabilities of both states so spectral gap for both the HMMs are same but
eigenvalues are different. A stationary distribution of a MC is a probability distribution that remains
unchanged in a MC as it progresses. It give us the important confirmations like transient state and recurrent
stat. It represents the limiting time-independent distribution of the state for Markov process as the number of
steps on transition increases.

TEAN
EMIS

SR

| }

Sequences States

» Witerbi Algorithm

L

Most likely States

Figure 2. Block diagram to check Viterbi Algorithm

Table 1. Sample data for estimating States using Viterbi algorithm.

4 4 4 5 5 5 4 4 4 1
Sequence 1 4 3 4 2 3 3 )
3 1 3 2 2 1
! 1 ! 1 1 1 1 2 1 1
States 1 2 2 2 2 2 5
2 2 2 2 2 1
Estimated States 1 1 1 1 1 1 1 1 1
(92% correct) 1 1 2 2 2 2 2 2 2
2 2 2 2 2 2

* Eigenvalues
Spectral Gap

Figure 3. Eigenvalues of HMM1on complex planes
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* Eigenvalues
Spectral Gap

Figure 4. Eigenvalues of HMM2 on complex planes

4. COMPARISON OF BAUM-WELCH AND MAXIMUM LIKELIHOOD ALGORITHM

Here we used the following block diagram (Figure 5) to conduct the comparison. For Baum-Welch
algorithm, transition probability matrix and emission probability matrix along with sequences generated by
them have been used to find out the estimated matrices. While for Maximum Likelihood algoritham,
sequences generated and states generated by these matrices have been used.

TRAN
EMIS

y i

Sequence States

b 4 i hd

Baum-Welch Maximum Likelihood
> Algorithm Estimation
v ¥
EST-TRAN EST-TRAN
EST-EMIS EST-EMIS

Figure 5. Block diagram to find comparison of two algorithms

4.1. Estimation using Baum-Welch algorithm

Here we estimate the transition and emission probability matrixes using Baum-Welch algorithm.
Using MATLAB, we estimated the matrixes using the sequences and transition probability matrix and
emission probability matrix of the system. By running the experiments six times we found that averages of
the matrixes gives better results than single iteration. Table 2 shows the result we obtain for HMMI1. Here
estTR is the sample estimated transition matrix and estEmis is the sample estimated emission matrix, while
AvEstimatedTran is the average estimated transition matrix and AvEstimatedEmis is the average estimated
emission matrix. Table 3 shows the result we obtain for HMM?2.
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Table 2. Data for HMM1

Transl 0.95, 0.05;
0.10, 0.90
estTR 0.905887481467734 0.0941125185322665
8.23612166133217e-07 0.999999176387834
AvEstimatedTran 0.8819 0.1180;
0.0861 0.9138
Emis 0.25,0.20, 0.10, 0.20, 0.25;
0.05, 0.20, 0.50, 0.20, 0.05
estEmis 0.290851170502618 0.265195169807112 1.86365327142984¢-19

0.340410481965135 0.103543177725135
0.0780760494546633 0.159182284372720 0.325216993062660 0.307221304106831
0.130303369003126

AvEstimatedEmis 0.2429 0.1162 0.0148 0.3668 0.2590 ;
0.1813 0.2315 0.3115 0.1961 0.0795

Stationary Distribution of Transl xFix] = 0.6667 0.3333

Stationary Distribution of xFixl = 0.4219 0.5781

Av.estimated Transl

4.2. Estimation using maximum likelihood algorithm

We also obtained the estimated transition probability and emission probability matrix by using
the maximum likelihood (ML) estimate. In this process, MATLAB function uses the sequences and states to
calculate the estimated matrixes. Table 4 shows the variation in data using maximum likelihood method for
HMMLI. If all the states are same then estimated transition matrix is single row and single column matrix
and estimated emission matrix shows one row only. For example, for HMM], if all the states are showing
value “1” (channel is free) then Estimated transition matrix = 1. And estimated emission matrix is a row
vector [0.24, 0.32, 0.12, 0.20, and 0.12]. HMM2 is more dynamic, where states are shifting fast. In HMM2
case the maximum likelihood estimate is giving appropriate result. For example, in Table 4 estimateTR1 is
one of the estimated transition matrix and EstimateE3 is one of the estimated emission matrix. Table 5 shows
the average of estimated transition matrices for both the HMM i.e. HMMI1 and HMM2 using maximum
likelihood method along with its stationary distribution. Figure 6 and Figure 7 shows the comparison of
stationary distribution for HMM1 and HMM?2 using both methods.

Table 3. Data for HMM?2

Trans2 0.05, 0.95;
0.90, 0.10
estTR 2.18474853422124¢-08 0.999999978152515
0.860490176916748 0.139509823083253
AvEstimatedTran 0.0418,0.9580;
0.9461, 0.0537
Emis 0.25,0.20, 0.10, 0.20, 0.25;
0.05, 0.20, 0.50, 0.20, 0.05
estEmis 0.264496997053377 0.257120272324905 0.141836793599441 0.255723421934458
0.0808225150878192
1.46499833377394¢-32 0.0793448105036851 0.687614729009560
0.153723532194480 0.0793169282922756
AvEstimatedEmis 0.2542,0.1752, 0.0639, 0.2557, 0.2508;
0.0269 0.1726 0.6138 0.1598 0.0271
Stationary Distribution of Trans2 xFix2 = 0.4865 0.5135
Stationary Distribution of Av. xFix2=0.4969 0.5031

estimated Trans2

Table 4. Variation in data using maximum likelihood method for HMM 1

estimateTR 1 0.833333333333333 0.166666666666667
0 1
estimateTR2 0.909090909090909 0.0909090909090909
1 0
estimateTR3 0.954545454545455 0.0454545454545455
0.500000000000000 0.500000000000000
estimateTR4 ( all estimated states are “1”) 1
EstimateE3 0.173913043478261 0.173913043478261 0.173913043478261
0.260869565217391 0.217391304347826
0 0 1 0 0
EstimateE4( all estimated states are “1”) 0.24,0.32,0.12, 0.20, and 0.12
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Table 5. Estimated average transition matrix and stationary distribution for HMM1
and HMM2 using maximum likelihood method

Hmm]avestiTRmaxlike 0.9014, 0.09846; 0.39422, 0.60575
Hmm?2avestiTRmaxlike 0.03333, 0.96664; 0.9218, 0.07818
Stationary Distribution of HmmlavestiTRmaxlike  xFix1 = 0.8001 0.1999
Stationary Distribution of Hmm2avestiTRmaxlike  xFix2= 0.4881 0.5119
% comparisone of stationary distributions
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Figure 6. Comparison of stationary distribution for HMM1 using both methods
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Figure 7. Comparison of stationary distribution for HMM?2 using both methods

5. CONCLUSION

Here we have used Viterbi algorithm to find the hidden states from the given sequence. As HMM1
changes slowly, state prediction percentage is higher as compare to HMM2. Still for hundred percentages
result, we suggest “K out of N rule” so that predicted states would be correct. Spectrum occupancy detection
in noisy channel is important task in cognitive network. Using Baum-Welch algorithm and maximum
likelihood we have estimated the transition and emission probability matrices. If all the states are same then
estimated transition matrix using maximum likelihood is single row and single column matrix and estimated
emission matrix shows one row only. So for slowly changing channel this method gives confusing result. In
terms of stationary distribution of the channel, maximum likelihood method gives good result than Baum-
Welch algorithm, it is plotted in Figure 6 and Figure 7. Baum-Welch algorithm uses only sequences along
with transition and emission matrices finds it comparatively difficult to estimates the transition and emission
matrices. While ML method uses sequences and states to estimates both the matrices give comparatively
good result in terms of stationary distribution if channel is not monotonous. HMM2 is more dynamic, where
states are shifting fast, ML method gives comparatively good result as shown in Figure 7. In cognitive radio
system, channel detection time is quite large (for IEEE 802.22 it is 2 sec.), also channel move time is there,
so finding the averages is not a problem. Therefore in the estimation process, we suggest average of
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estimated values for transition and emission matrices. Also state predicted by Viterbi algorithm for three
times and taking the value which occurs two times improves the estimation of states.

ACKNOWLEDGMENT

The authors would like to acknowledge the support provided by department of applied electronics,

Sant Gadge Baba Amravati University, Maharashtra, India.

REFERENCES

(1]
(2]
(3]

[19]

[20]
[21]
[22]
[23]
[24]

[25]

Mitola, J., III; Maguire, G.Q. Jr., “Cognitive radio: making software radios more personal,” [EEE Personal
Communications, vol. 6, no. 4, pp. 13-18, August 1999.

Qing Zhao Sadler, B. M., “A Survey of Dynamic Spectrum Access,” IEEE Signal Processing Magazine, vol. 24,
no. 3. pp. 79-89, May 2007.

Y. Ephraim and N. Merhav, “Hidden Markov processes,” IEEE Trans.Information Theory, vol. 48, no. 6,
June 2002.

C. Ghosh and D. P. Agrawal, “Markov chain existence and hidden Markov models in spectrum sensing,” Proc.
IEEE PerCom’09, pp. 2-6, 2009.

Z. Chen and R. C. Qiu, “Prediction of channel state for cognitive radio using higher-order hidden Markov model,
Proceedings of the IEEE Southeast Con 2010, pp. 276-282, March 2010

I. Akbar and W. Tranter, “Dynamic spectrum allocation in cognitive radio using hidden Markov models in
spectrum sensing,” in Proc. IEEE Southeast Con’07, pp. 196-201, 2007.

Markov, A. A. “Theory of Algorithms; [Translated by Jacques J. Schorr-Kon and PST staff] Imprint Moscow”,
Academy of Sciences of the USSR, 1954.

Rabiner, Lawrence, “First Hand: The Hidden Markov Model,” IEEE Global History Network, Retrieved 2
October 2013.

Baker, James K, “The DRAGON system-An overview,” IEEE Transactions on Acoustics, Speech, and Signal
Processing, vol. 23, pp. 24-29, 1975.

Hendry, David F., Nielsen, “BentEditorsEconometricModeling: A Likelihood Approach,” Princeton: Princeton
University Press, ISBN: 978-0-691-13128-3. 2007.

Kano, Yutaka, “Third-order efficiency implies fourth-order efficiency,” Journal of the Japan Statistical Society,
vol. 26, pp. 101-117, 1996. doi:10.14490/jjss1995.26.101

S. Yarkan and H. Arslan, “Binary time series approach to spectrum prediction for cognitive radio,” in Proceedings
of 2007 IEEE 66th Vehicular Technology Conference (VTC-2007 Fall), pp. 1563-1567, 2007.

C. Oliver, “MarkovProcessesforStochasticModeling,” Elsevier Academic Press, USA, 2009.

D. Treeumnuk, D. C. Popescu, “Using hidden Markov models to evaluate performance of cooperative spectrum
sensing,” IETCommun., vol. 7, no. 17, pp. 1969-1973, 2013.

E. Chatziantoniou, B. Allen, V. Velisavljevic, “An HMM-based spectrum occupancy predictor for energy
efficient cognitive radio,” Personal Indoor and Mobile Radio Communications (PIMRC), IEEE 24" International
Symposium, pp. 601-605, 8-11 September 2013.

Lawrence, R. Rabiner, Fellow IEEE, “A Tutorial on Hidden Markov Model and Selected Applications in Speech
Recognition,” Readings in speech recognition, ISBN: 1-55860-124-4, pp. 267-296, 1990.

Mohamed Lalaoui, Abdellatif El Afia, Raddouane Chiheb, “A Self-Tuned Simulated Annealing Algorithm using
Hidden Markov Model,” International Journal of Electrical and Computer Engineering (IJECE), vol.8, no.l1,
pp- 291-298, February2018.

Hilman F. Pardede, Asri R. Yuliani, Rika Sustika, “Convolutional Neural Network and Feature Transformation for
Distant Speech Recognition,” International Journal of Electrical and Computer Engineering (IJECE), vol.8, no.6,
pp. 5381-5388, December 2018.

Aye Nyein Mon, Win Pa Pa, Ye Kyaw Thu, “UCSY-SCI: A Myanmar Speech Corpus forAutomatic Speech
Recognition,” International Journal of Electrical and Computer Engineering (IJECE), vol. 9, no. 4, pp. 3194-3202,
August 2019.

T. Nguyen, B. L. Mark, Y. Ephraim, “Hidden Markov process based dynamic spectrum access for cognitive
radio,”Information Sciences and Systems (CISS) 2011, 45" Annual Conferenceon., pp. 1-6, 8-11 September 2013.

Z Sun, J N Laneman, “Secondary access policies with imperfect sensing in dynamic spectrum access
networks”,IEEE International Conference on Communications (ICC) 2012, pp. 1752-1756, 10-15 June 2012.

T Yucek, H Arslan, “A survey of spectrum sensing algorithms for cognitive radio applications,”
1EEECommun.SurveysTutorials, vol. 11, no. 1, pp. 116-130, 2009.

C.-C. Chao and Y.-L. Yao, “Hidden Markov models for the burst error statistics of Viterbi decoding,” IEEE Trans.
Commun., vol. 44, pp. 1620-1622, December 1996.

P. Smyth, “Hidden Markov models for fault detection in dynamic systems,” Pattern Recogn., vol. 27, no. 1,
pp. 149-164, 1994.

Qi Wang, Lei Wei, Rodney A. Kennedy, “Iterative Viterbi Decoding, Trellis Shaping, and Multilevel Structure for
High-Rate Parity-Concatenated TCM,” IEEE Transactions on Communications, vol. 50, pp. 48-55, 2002.

TELKOMNIKATelecommun Comput El Control, Vol. 18, No. 5, October 2020: 2780 - 2786



