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Abstract

Signal-to-noise ratio (SNR) is one of the most important and critical per-
formance metrics for analysing the performance of wireless communication
systems. SNR estimates are used at the receiver side for the purpose of
symbol decoding, power control algorithms, turbo decoding, and assigning
adaptive modulation and coding (AMC) schemes. SNR estimation also finds
application in many areas of cellular as well as in wireless sensor networks
(WSNs). In this thesis, we consider the SNR estimation for single-input
multiple-output (SIMO) and multiple-input single output (MISO) communi-
cation systems considering independent and correlated Rayleigh fading chan-
nels, respectively. Non-coherent Frequency shift keying (FSK) modulation
scheme is considered. Data aided and Non data-aided maximum likelihood
(ML) estimation techniques are used. Cramer-Rao lower bound expression

are derived for analysing the performance of the derived estimators.
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Chapter 1

Introduction

Estimation theory deals with the estimation of random parameters based on
some measured or empirical data by employing a certain set of techniques
on the received data. Estimation in signal processing originated with the
origination of analog signals. It has evolved from estimation of analog signals
and waveforms and presently a remarkable amount of research has already
been conducted on digital signal estimation with different channel conditions
and environments.

Signal-to-noise ratio (SNR) is one of the key performance metrics in analysing
the performance of a wireless communication system. Prime utilization of
SNR estimates dwells in various receiver functions, e.g., all the decisions
regarding decoding of data symbols are made on the basis of SNR value of
the received data symbol. Moreover, in wireless communication system, the
estimated signal SNR value is used in adaptively assigning modulation and
coding (AMC) scheme to be used at the transmitter for transmitting the
data symbols. It is widely used in power control algorithms and for decision

making in turbo decoders. Additionally, SNR estimation finds its application
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in many areas of cellular as well as in wireless sensor networks (WSNs).

1.1 Application of SNR estimation in Wire-
less sensor networks

In WSNs, the sensor nodes are highly energy constrained. Because of their
small size, they can generally be equipped with only a limited amount of
power supply. In multihop WSNSs, each sensor node has to fulfill dual purpose
of data transmitter and data router. Malfunctioning of a single node due to
power failure can cause the energy hole for the entire network. Therefore,
this limited supply of power needs to be managed efficiently by devising
power control algorithms. SNR estimation finds many applications in cellular

networks and wireless sensor networks.

1.1.1 Receiver Functions

Signal-to-noise ratio is the fundamental metric on the basis of which the
demodulation or decoding of the received data symbol is made. A predefined
SNR threshold is defined at the receiver, if the estimated SNR value is greater
than this threshold value then it is assumed to be decodable otherwise it is
not. For example, Decode and forward in different levels of opportunistic
large array (OLA) networks is based on the estimated SNR value at every
individual node [30].



CHAPTER 1. INTRODUCTION 3
1.1.2 Power Efficient Routing

It serves a major role in finding candidate co-operators in the cooperative
communication environment by letting power efficient routing. An SNR
threshold is defined for relay recruitment by limiting the number of nodes
participating in the data transfer, hence, making the routing process more
energy-efficient [1-2]. Similarly, they can be used to find the one-hop neigh-

bors of a wireless sensor node [3].

1.2 Motivation

This thesis targets two types of scenarios in which SNR estimation needs to

be done:

1. In first scenario, we consider a WSN in which sensor nodes forward
their data to a central entity or a fusion center equipped with multiple
collocated antennas [4]. The SNR of the received data is estimated
at this fusion center and is used in assigning adaptive modulation and
coding scheme (AMC) to be used at the transmitter or other receiver
functions. Therefore, every individual transmitting sensor node and
multiple collocated antennas at the fusion center forms a single-input

multiple-output (SIMO) communication system.

2. In the second case, we again consider WSN in which sensor nodes are
highly energy constrained. Because of the impairments of the wire-
less channel and receiver noise, single link between two sensor nodes
is prone to errors and imperfect decoding. Therefore, such scenarios

are desirable in which power gain along with efficient data transfer



CHAPTER 1. INTRODUCTION 4

is obtained. Cooperative transmission (CT) is a way to improve the
decoding capability by providing array gain. In a multi-hop WSN, a
group of nodes participate to transfer their data to the next group
of nodes cooperatively [20]. Hence, for one receiving node, a virtual
multiple-input single-output (MISO) is created as many sensors send
the same message to this node [29]. Due to simultaneous transmission
of multiple nodes, power gain is achieved at the central receiving node.
The data from each sensor node follows a separate channel but differ-
ent channels might have correlation with each other due to insufficient

spacing between the sensor nodes [21, 22].

1.2.1 Modulation Scheme

Keeping in view the above mentioned scenarios of WSNs, such a modulation
scheme is desirable, which is relatively power efficient and offers less receiver
complexity. Non-coherent frequency shift keying (NCFSK) fulfills both the
criteria; power efficiency at the transmitter side by having constant signal
envelope and less receiver complexity because of squared envelope detection.
This scheme does not require sophisticated signal processing algorithms based
on phased-locked loops (PLLs) for carrier phase synchronization. Because of
the non-coherent nature of modulation scheme, equal gain combining (EGC)
is employed at the receiver side to combine the data arriving in all the receiver

branches [5].
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1.3 Problem Statement

To estimate the average SNR of

1. A single-input multiple-output (SIMO) system employing NCFSK mod-
ulation scheme and having single transmit antenna and multiple collo-
cated receive antennas considering independent Rayleigh fading chan-

nels.

2. A multiple-input single-output (MISO) system employing NCFSK mod-
ulation scheme and having multiple transmitting sensor nodes and a

single receiving node considering correlated Rayleigh fading channels.

1.4 Thesis Organization

The rest of the thesis is organized as follows.

1.4.1 Chapter 2

In chapter 2, the literature review of the research done on SNR estimation
has been discussed in the light of different scenarios which we come across in

wireless communication systems.

1.4.2 Chapter 3

In chapter 3, the system architecture of the considered SIMO communication
system has been discussed and derivation of the SNR estimator using maxi-
mum likelihood estimation technique is carried on considering data aided and

non data-aided estimation cases. Cramer-Rao lower bound is derived for the
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performance evaluation of the derived estimators. Estimator’s performance

has been analyzed by changing several system parameters.

1.4.3 Chapter 4

Chapter 4 discusses the system architecture of the considered MISO commu-
nication system considering correlated Rayleigh fading channels and deriva-
tion of the SNR estimator using maximum likelihood estimation (MLE) tech-
nique is derived on considering data aided and non data-aided estimation
cases. Cramer-Rao lower bound is derived for the performance evaluation
of the derived estimators. Estimator’s performance has been analyzed by
changing several system parameters in the presence of correlation among all

channels.

1.4.4 Chapter 5

Conclusion and future work has been discussed in chapter 5.



Chapter 2

Literature Review

Several authors have worked on designing SNR estimators for different en-
vironments and receiver architectures. Similarly, an extensive introduction
has been given on WSNs and factors effecting wireless communication in
[31]. Effect of spatial and temporal correlation in WSN is studied in [21, 22].
Most of the research work related to SNR estimation has been done on the
derivations of M-ary phase shift keying (MPSK) and frequency shift keying
(MFSK) estimators. In this chapter, we will be reviewing all the significant
research carried out related to SNR estimation.

In [6], the authors have analyzed BPSK and 8-PSK SNR estimators using
different estimation techniques and have presented the comparison between
the performance of each of them considering real and complex additive white
Guassian noise (AWGN) channels, respectively. This study concludes that
the best estimator depends upon different system parameters, i.e., block
size of data to be estimated, the number of samples per symbol available,
modulation scheme to be used and SNR range of interest. After making

analysis using different estimation techniques, the author has recommended
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Maximum likelihood (ML), method of moments (Mom) and signal to variance
ratio (SVR) to perform best in terms of complexity and mean squared error
in most of the cases.

Signal-to noise ratio (SNR) maximum likelihood estimators (MLEs) have
been designed for a system employed with non-coherent BFSK modulation
in Rayleigh fading channels and their performances were crossed checked by
their respective Cramer-Rao lower bounds (CRBs) in [28]. In this paper,
the author has emphasized the use of square law estimation because of its
less complexity. Maximum likelihood estimators and their respective CRBs
are derived for three data models. In the end, it is also verified through the
computer simulations that the performance of the derived estimators matches
these bounds very closely.

In [7], the authors have designed an SNR estimator using the method of
moments (MoM) for the case of BPSK modulated signals in Nakagami-m
fading channels with receiver diversity. Performance comparison curves for
turbo decoder have been plotted for both; the estimated SNR value versus
knowledge of channel information. It can be inferred from this research
that there is no need of transmitting channel information along with data
for those SNR values where derived estimator is giving minimum difference
in these performance curves. Similarly, many other authors have focused on
the problem of SNR estimator design for BPSK modulated signal considering
different channels effect, i.e., multipath fading in [3, 25, 26, 27].

In [8] and [9], the authors have designed SNR estimators for non-coherent
BFSK and MFSK receivers, respectively, over fading channel in the presence

of AWGN using maximum likelihood estimation (MLE) and data statistics
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approach. Moreover, different scenarios have been taken into account, i.e.,
data aided (DA), non-data aided (NDA) and method of moments (MoM)
and also their comparison is presented in terms of their performance.
Authors in [10] designed SNR estimators for a slow fading environment.
Carrier frequency offset effects have been taken into consideration while es-
timating SNR in [12, 11]. This paper paper points towards the fact that
perfect value of the SNR can not be estimated in the presence of CFO fac-
tor. Therefore, the author has estimated a nuisance parameter of CFO before
SNR estimation. SNR estimator design for NCMFSK receiver for Rice fading
environment is presented in [23]. In all of the above research works, it has
been proved from analysis of the derived estimators that performance of the
estimator is increased on increasing data samples and modulation index. For
non-coherent modulation schemes, the selection combining was considered
for selecting the data branch with highest SNR value among all [24]. The
estimated SNR values in all of the previous given works were applicable for
getting the SNR knowledge individually on every diversity branch and on
the basis of this information, selection combining (SC) was made. However,
in SC the data in all the remaining branches is wasted and we are able to
get no diversity gain. Therefore, in this thesis we have employed equal gain
combining (EGC) for combining of data coming from all diversity branches
[5]. In all of these works the approach is only valid for a single-input single-
output (SISO) system which is not sufficient for a WSN where multiple links
are formed to transmit the data and constitutes the main motivation behind

this study.



Chapter 3

SNNR Estimation in SIMO

communication system

3.1 Introduction

In this chapter, the problem of signal-to-noise ratio(SNR) estimator design
for a single-input multiple-output (SIMO) communication system employing
non-coherent M-ary frequency shift keying (NCMFSK) modulation scheme is
considered. The transmitted signal undergoes Rayleigh fading and additive
white Gaussian noise (AWGN) and is received at a receiver with L diversity
branches. Closed-form expressions of data aided (DA)and non-data aided
(NDA) estimators have been derived using the maximum likelihood (ML)
estimation approach. Cramer-Rao bound has been evaluated to compare the
performance of the designed estimators. The effect of increasing the receiver

diversity branches on the performance of estimators has been quantified.

10
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3.2 System Model

In this chapter, we are considering a SIMO communication system as shown
in Fig. 3.1 having single transmit and L co-located receive antennas. Non-
coherent MFSK is employed where each transmitted symbol undergoes inde-

pendent Rayleigh fading and is corrupted by AWGN.

™ |V | RX

Figure 3.1: SIMO communication system with L co-located receiver antennas

The block diagram of a non-coherent BFSK receiver with L diversity
branches and envelope detection is shown in Fig. 3.2. Each diversity branch
is further divided into M receiver sub-branches corresponding to the MFSK
receiver. For the case of Fig. 3.2, we are considering non-coherent BFSK
receiver, so every (" diversity branch is further divided into two receiver
sub-branches.

We get L copies of the transmitted symbol at the receiver. The copy of
the signal acquired on the ¢** diversity branch at any time instant i after
correlator is given by

Vii = SiQ; + Nyj, (3.1)

where (={1,2,..,L} and i={1,2,.., K'} represent the diversity branch and

time index, respectively. Each of v,;, s;, and ny; are independent vectors
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Figure 3.2: Receiver structure of the system employing BFSK modulation

and EGC

with a dimension of M x 1, where vp; = {vr14, Vo2, --s Venrit- The vp,
corresponds to the %" received copy of the transmitted symbol in the m®
receiver sub-branch (1 < m < M) at the i* time instant. In (4.1), s; =
[0,0,...,0,1,0,...,0]7 is the vector transmitted from the MFSK transmitter,
where 1 at the m™ (1 < m < M) position corresponds to the transmitted
frequency and 0 is set in all the remaining (M — 1) positions. Fading in every
¢t diversity branch is represented by ;. Since Rayleigh fading is considered,
so the elements of ay; are drawn from a complex Gaussian distribution, i.e.,
ag; € CN(0,S), where S is the variance of fading. AWGN in the symbol
present in the m" receiver sub-branch of the ¢** diversity branch and at the

it" time instant is represented by Nemi € Ngi. Elements of ny; belong to

complex Gaussian distribution, i.e., ng,,; € CN(0, N), where N is the noise
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power.

From Fig. 3.2, we can see that vy,,; will pass from the envelope detec-
tor; Thus, xim: = | Vem |2. Thereafter, equal gain combining (EGC) is
employed on the data z,,; present in all the M sub-branches of L antennas
of the receiver to get the vector r; = [ry;,72,,...,7ar:]". In Fig. 3.2, data
from first sub-branch of every antenna has been summed up to get a sym-
bol ry; = Zle x¢1,; and similarly data from the second sub-branch of every
antenna has been summed up to get the second symbol ry; = ZeLzl Tp 2
As we are considering non-coherent BFSK in Fig. 3.2, so we will be left
with a (2 x 1) vector i.e., r; = [r1;,72,]". In this chapter, we are interested
in estimating average SNR from [r; ro r3 ... Tg]T, which is acquired after
the post-detection combining of the K received data symbols. This is done

for several estimation schemes, which will be discussed in the forthcoming

section.

3.3 Estimation Techniques

This section contains the derivation of data aided (DA) and non-data aided
(NDA) estimator expressions using maximum likelihood (ML) estimation

technique.

3.3.1 Data Aided MLE

The objective here is to estimate the average SNR of K consecutively received
symbols. Hence without losing generality, we set s; = [1 0 0... 0]7 for each of

the K symbols. On the basis of this assumption, the data is received in the
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first branch of receiver and all the remaining (M — 1) branches contain noise.
As we are considering postdetection combining, the data to be used is r,,; €
Ty = [T14, T2 s TMJ-]T. Because of the fact that a,,; and ng,,; are Complex
Gaussian random variables, so the first symbol from every diversity branch,
Le., T =| Qi+ Nemy |2, follows an exponential distribution having mean
of E| ay; [*+E| ngm; [*. Moreover, the data received in the first branch of
receiver is he sum of L-exponentially distributed terms, i.e., 211, + 221,... +
Zr,1,; having same mean and will result in r; to be gamma distributed.
The probability density function (PDFs) of the received pilot symbols r; =

(714,725 -y Tari) ", are given as

(S+N)* (rl,i)L—lexp (i) (3.2)

p’f‘l,z‘ (Tl,l) = (L o 1)'

and PDF of the symbols in {m = 2, ..., M} receiver sub-branches is

s ) = DOy (St

The joint PDF of the received vector, r;, becomes

N R I O I | R O
Pr; (Tm,z> = ((L _ 1>!)M—1

M
T T'm,i
XeXP(S—i—N QN). (3.3)

m=

Hence the log-likelihood function of K received symbols can be found as

Ay (rmi; S,N)=—KLIn(S+ N) — KL(M — 1) In(N)+

+ | =
=
[™] =
=

i
=
]
s

(=13 3 )M (L = 1)) - 5

i=1 m=1 =1 i=1 m=2
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Using the fact that ML estimate of the ratio of two parameters is equal to
their individual estimates, we can write the estimated SNR expression as
. Sz
YDA = - (3.5)
Nur

For this purpose, we want to extract the parameters of our interest, i.e.,
signal power S v and noise power N v from log-likelihood expression. Dif-
ferentiating (3.4) with respect to S and N individually and setting these
derivatives equal to zero results in S v and N M. Putting these values in

(6) and solving, we will get the data aided estimates of SNR as

K K M
(M —=1)> 0071 = D i1 D omes 'mi (3.6)
Zfil Zn]‘f:Q T'm,i

Ypa =

3.3.2 Non-Data Aided MLE

In NDA, we have no knowledge about the transmitted data symbol. So we
assume that all transmitted symbols have equal priori probabilities. The
conditional PDF of the received symbol given a 1 at the n'” position was
transmitted is

_ _ (S + N)_L (Tn,i)L_l —Tn
DPr, ; (rn,z|5n = 1) = (L — 1)! exrp SIN) (3.7)

and the conditional PDF of the received symbol given a 0 at the n* position

was transmitted becomes

N)~E ()21 .y
Pros (Tnylsn = 0) = ( )(L E 1)? exp ( > : (3.8)

Now there are M different possibilities of the received symbol. We can ex-

press the joint unconditional PDF of the M received symbols using the law
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of total probability as

M
T T'm,i
Pr, (ri)=( (S+N)L LHrm(L b [(exp(SJrl}V)— > N >+
m=2m%#1
r =y
— 124 m,i
m=1,m#M

The above equation is very complex to solve, so simplifying the above

Z M

expression by factoring the term exp(—==g="1)  we get

pl‘i(ri>_ (S+N LH Tmz B

eXp(W) [Z exp(—Tm,ﬂ/f)] ., (3.10)

where 1) = SJ+N — % We get the log-likelihood function as

Ay, (i S,N) = —KIn(M) — KLIn(S+ N) — KL(M — 1) In(N)+

K M K M ro K M
L= ) mlrn)+ > > X} +3 I [Z exp(—rmiw)] . (3.11)
i=1 m=1 i=1 m=1 i=1 m=1

We can have S and N by differentiating log-likelihood function in (3.11) with
respect to S and N, exactly in the same way as done for the data aided case

in the previous section. We have the following expression

K M
S+ MN = — ij\}"’mvie}(p(_rm’”) . (3.12)
KL > et €XP(— T t))

Finding a closed-form solution of the above non-linear expression is pro-

=1

hibitive, so we approximate it to a feasible form. Let us consider this expres-

sion for the case of M = 2, i.e., let

A i [ m= 1rmiexp(_rm,i¢)] 7

D et OXP(—Tm,i¥))



CHAPTER 3. SNR ESTIMATION IN SIMO COMMUNICATION SYSTEM17

K
71, €xp(—11,;9) + 72, exp(—r2,1))
A= ’ ’ d ’ . 3.13

(=r1%) + exp(—ra,1))

It can be observed for the case of very high SNR, ie., S >> N, ¢ =

[SJFLN — %} reduces to ¢ = —le Thus the above approximation becomes
K
= Z r1;exp(r1i/N) + 12, exp(rei/N) (3.14)
exp(ri;/N) + exp(ra;/N)
Rearranging the above equation we get
71, T2,
Z exp ro I/N + exp(r1,i/N) "’ (315)

1+

= exp(r1 exp(r1,i/N) exp(r2,;/N)

Among [ry;, 72|, only one branch will contain signal and the other will con-

tain noise. Let us consider that the 7;; contains signal. For the case of high
exp(r2,i/N) exp(r1,i/N)

SNR, S >> N, (14—%) — 1 and (1—1-6)(5&%) — 00. Thus the

above expression reduces to

K
A= < max rmﬂ') . (3.16)

m=1,2,3,..,M

=1
Using this expression in (3.12) and solving, we get the expression for esti-

mated noise power N as

M K K
N _ (M — 1) Zm 1 T'm K - M Zm:l Zi:l rm,i + M Zi:l maXm, rm,i’ (317)

Zm:l Zfil T'm,i + Zfil MaXm 'm,i

and the estimate of signal to noise ratio for NDA is given as

M K
N — D met Ty T MY MaXy, T
’yNDA - M K
Zmzl Tmyi — Zi:l maXm m,i

, (3.18)

L
where, 7, = > 5y Tom,i-
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3.4 Cramer-Rao Lower Bound

In order to evaluate the performance of the derived estimators, we find the
Cramer-Rao bound (CRB), which is the lower bound on the variance of any
estimator. In other words, it states that the variance of the derived estimator
must be greater than or equal to this bound. We have derived the CRB for
the data aided (DA) case and compared it with the normalized mean squared
error (NMSE) to judge the performance of estimator. Although we can have
CRB for non-data aided case as well, however as the benchmark performance
is given by DA method, we use its CRB to evaluate the performance of the
derived estimators. We have two unknown parameters, i.e., signal power,
S and the noise power, N. We consider the unknown vector parameter

6=[S N]". We have

9g(6)"
00

dg(0)

B:
CR 20

I74(0)

(3.19)

where g(0) is a function of parameter 6 and I is the Fisher information matrix.

Taking partial derivative of g(f) = £ with respect to § = [S N 1", we get

dg(0) [1 =S
20 [N ﬁ} (3:20)
The Fisher information matrix (FIM), I(6) is given by
_m (P2Apa) _m (9*Ana
1(0) = ]E< 05 ) E< 05N ) (3.21)
E ?Apa E 92Apa ’ .
- ( ONS ) - ( N2 )

where E is the expectation operator. Solving the elements of the above

matrix, we get KL KL

1(0) = | V" (STN)? . (3.22)
KL ( KL KL(M—1)>
S+N2 \(5rN)2 N?
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Putting the values of Equations (3.22) and (3.20) in (3.19), we get the ex-

pression for CRB as

M
CRBps = ————(v+1)% (3.23)

3.5 Simulation Results

In this section, the performance of the estimators designed in the previous
sections is presented in terms of normalized mean squared error (NMSE),
which is given as

NMSE(#®) = ]E{(V;—j)Q}, (3.24)
where v and 4 being the true and estimated SNR, respectively. A perfect
estimator is the one which always results in the least difference between
estimated value and true value of the unknown parameter. Different trends
of the NMSE versus SNR have been analyzed for several parameters, i.e.,
diversity branches, L, receiver sub-branches, M and the number of symbols
K. All the results presented in this section are averaged over 25,000 trials of
simulations.

Fig. 3.3 shows the NMSE vs. SNR for the DA estimator for the case
of L = 5, i.e., five diversity branches and for K = 100 symbols for various
values of M. It can be observed from the figure that the NMSE is decreased
as the receiver sub-branches, M, are increased. This is due to the fact that
by adding more and more receiver sub-branches (M), the number of data
samples go on increasing, forming a large data set. Thus, the sample mean
of the large number of data samples converges towards the actual mean,

resulting in a better performance of the estimator. Same trend has been
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Figure 3.3: Effect of increasing M on NMSE for 100 symbol-long packet for
the DA estimator for L =5

depicted by the NDA estimator, but is not shown here to avoid repetition.

Fig. 3.4 presents the effect of increasing diversity branches, L on NMSE
values of the DA estimator for K = 100 symbols. It can be seen that by
increasing the value of L, the NMSE decreases. This decrease in NMSE is
the consequence of increased number of branches of the data to be estimated.
Therefore, we can summarize that increase in the values of both, the diver-
sity branches, L and receiver sub-branches, M, serves the same purpose of
increased data samples, thereby lowering the NMSE and improved estimator
performance.

It can however, be observed from Fig. 3.4 that the rate of NMSE re-
duction is large, when branches are increased from L = 5 to L = 10. This
shows the diminishing returns behavior of the diversity gain on NMSE. Per-

formance comparison curves for the DA and the NDA estimators have been
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Figure 3.4: Effect of increasing diversity branches on data aided estimator

for K = 100 symbols and M = 2
shown in Fig. 3.5 for L = 5 and K=100 symbols. Also the CRB derived

for DA estimator has been plotted. For low SNR region, the NDA estimator
gives large NMSE as compared to the DA estimator. Larger NMSE for the
case of NDA in low SNR region can be attributed to the use of approxi-
mations derived for high SNR region (3.13)-(3.16). The difference between
the error of DA and NDA estimator in the low SNR region goes on decreas-
ing as the number of diversity branches are increased. Although not shown
here but this difference is high for the cases of L = {1 — 4} in comparison
with L = 5 that is shown in Fig. 3.5. Moreover, it can also be observed
that the curve for DA is exactly giving the same NMSE values throughout
the SNR region as that of the CRB evaluated for it. This points towards
the fact that DA estimator is showing the minimum possible variance and

the performance margin is high. This motivates the use of DA estimator in
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Figure 3.5: NMSE for K = 100 symbols, M =2 and L =5

decode-and-forward (DF)-based wireless sensor networks [14, 15, 16, 17, 18],
where the precondition for forwarding the packet is to successfully decode it.
The decoding is generally done by using cyclic redundancy check (CRC), and
if the packet is decodable, the entire packet can be treated as pilot symbols
to perform SNR estimation, which can then be used in various algorithms

such as [1, 14, 15].
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Figure 3.6: NMSE contours for K = 100 to 1000 symbols, M =4 and L =4

NMSE contours are presented in Fig. 3.6 for L = 4 and M = 4 with SNR
shown on the x-axis and packet lengths (symbol size) at the y-axis. NMSE
decreases with an increase in both the packet length and the SNR. So, for
such situation where small NMSE is needed, larger length packets should be
chosen and vice versa, e.g., we can see form the figure that less than 2% error

can be achieved if K > 200 at the SNR values> 8dB.



Chapter 4

SNNR Estimation in MISO

communication system

4.1 Introduction

In this chapter, we will discuss signal-to-noise ratio (SNR) estimation for a
virtual multi-input single-output(MISO) communication system employing
non-coherent M-ary frequency shift keying (NCMFSK) modulation scheme.
The transmitted signals from L different nodes undergo correlated Rayleigh
fading and additive white Gaussian noise (AWGN) and are combined at a
single receiving node via equal gain combining(EGC) scheme. Maximum like-
lihood (ML) estimation technique is used for deriving the closed-form expres-
sions for data aided (DA) and non-data aided (NDA) estimators. Cramer-
Rao bound(CRB) has also been derived to evaluate the performance of the
derived estimators. Numerical values have been shown for various parame-
ters such as number of transmitting nodes, modulation order, and varying

number of symbols

24



CHAPTER 4. SNR ESTIMATION IN MISO COMMUNICATION SYSTEM?25

exp(j2mf;t)
< Bl -
exp(j2mf,t)

X2

exp(j2mfyt)
m

Figure 4.1: Non-coherent MFSK receiver

4.2 System Model

Consider a communication system having L transmitting sensor nodes and
a single sink or a central receiving node. Non-coherent MFSK modulation
scheme is employed where each transmitted symbol undergoes correlated
Rayleigh fading and is corrupted by additive white Gaussian noise (AWGN)
independently. It can be noticed that transmission system creates a virtual
MISO, i.e., all of the L nodes transmit the same signal s(t). The received
signals from L nodes are combined at the receiver using non-coherent EGC

can be written as
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L
= s(t) Za(e)

=1

0<t<T,med{0,1,....,M} (4.1)
where T is the symbol period, s(t) is the message signal modulated at one
of the FSK frequency, o' (t) is the Rayleigh fading envelope and n(t) is the
AWGN. The received data symbol z,, from M branches is obtained after
quadrature demodulation of the above signal y(¢). The block diagram of the
non-coherent MFSK receiver is shown in Fig. 7. Each x,, Ym = {0, 1, ..., M}

is a complex number and can be written as

= Sm Z @ 4 jald )+ (ne,, + jns,,) (4.2)

where the subscript m:{O7 1, ..., M'} represents the respective branch of the

non-coherent MFSK receiver. Conventionally, a complex number 7 is written

as 17 =N+ jns, with j=/—1. Thus

Ty = Xe,, + JTs,, (4.3)

where z., and z,,, are inphase and quadrature components of the symbol
received at m'™ branch of the receiver. Since Rayleigh fading is considered,
the elements of the channel gain, o), and the additive white Gaussian noise,
Ny, are drawn from zero mean complex Gaussian distribution with variances
of S/2 and N/2 per real dimensions, respectively. Additionally, we assume
that all the channels are not independent from each other, therefore, corre-
lation between any two different channels, i.e., a(¥ and a9 is represented by
pij, where i,7 € {1,2,...,L}. However, z,,, s, and n,, are the elements of
the vector xXprx1, Smx1 and nypx1 respectively. Thus at one time instant the

received data is represented as x=[x1, s, ..., zps]" , where T is the transpose
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operator. In this chapter, we are interested in estimating the average SNR

of the received complex data vector, that is

X = X¢ + jXs, (4.4)

Hence, X¢(arx1) and Xs(arx1) can be viewed as two zero mean real Gaussian

random vectors

X1 xcl xsl
=+l (4.5)
LM Lepg Ly
with covariance matrices Kee(arxary and Kes(arxar) and cross-covariance ma-

trices Kesarxar and Ksearxary- Thus

E[xcxc" | = Kee, E[xsxs" | = Koo, E[xeXs” | = Ko, (4.6)

Furthermore, x is assumed to be proper random vector with vanishing pseu-

docovariance matrix [19]. That is

E [(Xc + JXs) (Xe + sz>T} =0, (4.7)

which implies

K. =K. K, =-K,.. (4.8)

We also assume that there is no correlation between the inphase and quadra-
ture parts of any two different channel gains, i.e., ]E{a((f)agj )}:0. Thus
Ks=Ks.=0. However, correlation among inphase-inphase and quadrature-
quadrature is assumed to be present, and the correlation coefficient between
two channels is given as

E {a?)agj)} E {agi)agj)}

O’ag)O‘an) O'a(si)O'agj)
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where o, ) and o represent the standard deviations of the inphase and
the quadrature components respectively, related to channel i. Hence, the
covariance matrix K of the complex vector x=x. + jx; is only a function of

K.=K,, i.e.,

K = : (4.10)
0 ch

In this chapter, we are interested in estimating the average SNR of received
data using different estimation schemes. These schemes are discussed in the

forthcoming section.

4.3 Estimation Techniques

4.3.1 Data Aided MLE

In pilot-assisted or data aided estimation, the objective is to estimate the
average SNR of the received data x by transmitting the known data symbols
from the transmitter. The L sensor nodes transmit the same data vector, i.e.,
s=[s1 =1,80=0,---,sy = 0]. Here, s=1 and s,, = 0 for m={2,3,--- , M}
implies that f; is transmitted from all nodes and that the data part will be
received in the first receiver branch. However, the remaining (M —1) branches
will contain noise. The data to be estimated follows complex a Gaussian
distribution, therefore, the joint probability density function (PDF) of x.

and Xg can be written as

1 1
exp —— |:XCT XSTi| K_l

Xe, Xs) =
Pxexs (Xe: Xs) SIS 5 .
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Assuming the data in the first branch, K..=Kj, can be easily computed using

(4.6) as i i
LE+5 4350 0.0 0
0 % 0
K, — : (4.12)
N
] 0 0. 5§

where ¥ = 325 ZbL:1pab(a¢b)' Hence, using (4.10), we can have

NM-1 N
Vdet(K) = ) {Lg + 5 + gqf} , (4.13)

as both K and K_;! are non-singular matrices, so their inverse can easily be

found
K 0
K= : (4.14)
0 K1

ccC

Therefore, we can re-write (4.11) as follows
exp { —3(xTK % + xTK'x5) }

Prexe (Xes Xs) = (QW)M\/F(I{)

Similarly, for a data packet containing ¢ independent data symbols, the like-

(4.15)

lihood function is the product of their marginal PDFs and is given as

L(x1,Xa, -, Xg; 8, N) = (2m)~M9(y/det(K)) ™
g 12 g M 12
exp {—% 2o | 214 + == Ly | T | ] } . (4.16)

L3+ 5 +35Y] 2

Note that | z,,; |=,/22 ~+22 . Here, the sub-indices m and i denote the

receiver branch and time respectively, where m={1,2,--- , M} and i={1,2,--- , g}.
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The log-likelihood function is given as

Asni (@5 S, N) = —Mglog(2m) — glog /det(K)—

1 g 7 2 g M m,i 2
_ ZSZIIZL'IL S| + =1 Zm;2 ’ x 5 | ] (417)
2| [L5+5 + 3] 5

We are interested in finding the individual maximum likelihood estimates of
the signal power, Sy and the noise power, N ML, because SNR expression

is the ratio of these individual estimates

. St
Ypa = —- (4.18)
Nyp

By differentiating (4.17) with respect to S and N individually and setting

their derivatives equal to zero, we get the estimate of the signal power

(M —1) ?:1 | z1, ? - zg:l 27]‘7{:2 | Ty |2
g(M —1)(L+7)

, (4.19)

Sur =
and the noise power

M 2
§:1 Zsz | Lm,i |

g(M 1)
Now put the value of (4.19) and (4.20) in (4.18) to get the final expression

NML =

(4.20)

of SNR given as

M 2
(M —1) ?:1 | T, ? - ?:1 > m—2 | T |

M
(L+9) 32 Yoa | @i

m=2

Apa = (4.21)

4.3.2 Non-Data Aided MLE

In NDA estimation, we do not have any prior knowledge of the transmitted
message symbol. Every individual symbol has equal chances to be received at

the receiver. The conditional PDF of the received symbol given f, frequency
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was transmitted, i.e., 1 at the n* position of vector s is given as

1
Xcy Xg Snzl -
Proa (Yo Xalsn = 1) = e S G VR
1 n 2 7]\7/1[— m#£n Tm 2
expd S\x|s 2+Z,1,]7$| | 42
2115+ 5+ 3] 5]

There are M different possibilities of receiving the data in M receiver branches.
Hence by using the law of total probability, we can write the joint uncondi-

tional PDF of the received data is given as
1

21 [? Yoz L P L
M (2 (det V) eXp{_ ([S(L+\I!) PN >} ’

ENT D e E
*exp{_<[su+w>+m” N >}]’(4'23>

In order to simplify the above expression, we can factor out the common

pxa,xS (XC’ XS) -

M
term exp {%M} such that

1
M (27)M (det vK)

exp{_zm1|$m‘ }Zexp{—\me@} (4.24)

where &= [m — %} Now generalizing the joint PDF for a packet of

pxmxS (XC’ XS) -

g independent symbols, we can write the likelihood function as
L(x1, Xz, ,Xg; 8, N) = (M) 79(2m) = det (K) /2

: =S Lo P |
Hexp mZJQV = Zexp{—|a¢m7,~ > @}, (4.25)

=1 m=1
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and log-likelihood function becomes
Aspi (@i S, N) = —Myg log(27r) — glog det(VK)—

= 12m2| i —i—Zlog Zexp{—|xm2]2<b} (4.26)

Taking partial derivative of (4.26) Wlth respect to S and N individually,

setting these derivatives equal to zero and solving them simultaneously result
in the following non-linear equations

S(L + W) +MN_—ZZ\% : (4.27)

zlml

and

M
- o e NS Pexp(— | 2 [P0)
SN i P = g(M = )N = |

i=1 m=1 ’ Z%:l exp(— | Limn,i 2®)
(4.28)

Finding a closed-form solution for the estimates of S and N is quite complex

Sis St [omal? b lomal?®) 514 9
St xP(—[2m,i|>®) o

In order to make the derivation simpler and to get a closed-form solution, we

due to the presence of non-linear term,

approximate this term for higher SNR values. Consider the expression for

the case of M = 2, i.e., let

Z\az“| exp (— | w1 P®)+ | 2o |2 exp (— | 22, |*P) (4.29)
exp (— | w1, [2®@) + exp (— | 22, |2®) ’ '
It can be observed that, if S > N, then ® reduces from &= [m — %
to ®~[—+]. Hence, using this ® in (4.29), we get the expression
A=y Lo PewCy ) | aa P el >] (4:30)
i=1 eXP( Ll ) + exp('m - )
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Rearranging the above equation, we get

9 12 12
A == ’ xlylllQ,iZ ’ x27z|z|1,i|2 (431)
=t )y e )
z1,2‘ |22,z|
xp ( N ) exp ( N )

Now suppose, fi is transmitted, i.e., the data is transmitted for the first

branch of receiver and the second branch contains noise. For higher SNR

lwg,i 12

values, S > N, the expressions 1+ exp‘T — oo and 1+ %
(%) exp (—Fr

1. Hence, the non-linear term gets finally transformed into the following

1,412
(%)

approximation

g
A= ngllaXM | T |- (4.32)
i=1

Using (4.32) in (4.28), we get the estimate for noise power, N, that is

R g

N = i=1 Zr]\r/{:l | Tm,i |2 B Zzg:l maX,=1,... .M | Tmi |2

g(M —=1)
Using (4.33) in (4.27) to get the estimate for signal power, S. The final

(4.33)

expression for non-data aided SNR, Anp A:% is given as

S M g P4+ MA
" .
M(L + W) [ LYot | i P — A

YNDA = (4.34)

4.4 Cramer-RAO Lower Bound

In this section, we find the Cramer-Rao bound (CRB) for the performance
evaluation of the derived estimators. We will derive the CRB for data
aided case and judge its performance by comparing it with normalized mean
squared error (NMSE) of the estimator. Here, we have two unknown param-
eters, i.e., the signal power, S and the noise power, N. We can represent

them in the form of an unknown parameter vector, i.e., 0 =[S N ]T. Thus
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the CRB for vector parameter is given as [13]

99(0) ;1 09(6)"
B = I 4.
CR 20 (0) 20 (4.35)
where g(0) = % is the function of unknown parameter 6 and I is the Fisher

information matrix. Taking partial derivative of the function g(6) with re-

spect to 0, we get

LI {i _—Sr, (4.36)

The Fisher information matrix (FIM) is given as
_E <<92A_DA> _E (32/\_DA>
1(0) = ;‘AS ;iN : (4.37)
—E ( 8N%A) —E ( 8ND2A>

where E is the expectation operator. Solving the above matrix, we have I(0),

given as
g(L+¥?) g(L+Y)
2 2
I(Q) _ (S(L+¥)+N) (S(L+¥)+N) 7 (4.38)
9(L+) ( g I g(M_1)>
(S(L+¥)+N)? (S(L+¥)+N)? N2

which results in CRB from (4.35) as

B M 5 2y 1
CRBpy = GO =1) {7 + 7 + \I!} : (4.39)

4.5 Simulation Results

In this section, the performance of the derived estimators has been presented
in terms of normalized mean squared error (NMSE) values. Different trends
for NMSE versus SNR have been analyzed on the basis of several system pa-
rameters, i.e., number of transmitting nodes, L, number of receiver branches,

M and different number of symbols, g. All the results shown in this section
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Figure 4.2: NMSE for g=100 symbols, M=2, L=5 and p=0.3

are averaged over 25000 trials of simulations.

Fig. 4.4 presents the NMSE versus SNR for the derived DA and NDA
estimators for the case of L=>5, M=2, g=100 symbol size and for constant
correlation value between every channel, i.e., p;;=0.3 Vi,j. It can be ob-
served from the figure that for lower SNR region, data aided (DA) estimator
outperforms the non-data aided (NDA) estimator. This difference in NMSE
is due to the approximation made in NDA estimator for the case of higher
SNR values. Additionaly, DA estimator is showing the minimum possible
variance as it gives exactly the same NMSE values throughout the whole
SNR region as that of CRB. In Fig. 4.3, the effect of increasing the receiver
branches, i.e., M on NMSE value has been analyzed for DA estimator for
L=2 transmitting nodes and correlation value of p;;=0.3 Vi, j. While keeping

all the other parameters constant, it can be observed that NMSE is decreased
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Figure 4.3: Effect of increasing M on NMSE of Data aided estimator for
g=100 symbols, p=0.3, L=2

throughout the whole SNR region as M is increased. It is due to the fact
that the estimated sample mean approaches the actual mean as we go on
increasing the data samples. By increasing the receiver branches, M and
transmitting nodes, L, we are indirectly increasing the number of data sam-
ples, which result in decreased NMSE value. Same trend is followed by the
NDA estimator. It can be observed from the Fig. 4.4 that the NMSE for
DA estimator, is decreased by increasing the number of transmitting nodes,
L. This improved performance of the estimator is again due to the reason
of a larger data set. NMSE contours for DA estimator can be seen in the
Fig. 4.5 for p = 0.2, M=4 and L=3. The effect of varying symbol sizes and
SNR on the NMSE values has been analyzed in it. It can be observed that

there is a decreasing trend in NMSE values as both the symbol size or SNR
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Figure 4.4: Effect of increasing L on NMSE of data aided estimator for g=100
symbols, p=0.3, M=2

are increased. So, for such scenarios, where smaller NMSE value is needed,
packets with larger number of symbols may be chosen and vice versa. For
example, We can see from the figure that NMSE=0.003 can be achieved at
the low SNR value of 5dB by choosing symbol size of 540, similarly, high
SNR value of 20dB can be estimated with same NMSE by making g=470.
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Figure 4.5: NMSE contours of Data aided estimator for g=100 to 1000 symbol
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Chapter 5

Conclusion and Future Work

5.1 Conclusion

The average SNR is estimated for

1. A single-input multiple-output (SIMO) system employing NCFSK mod-
ulation scheme and having single transmit antenna and multiple collo-
cated receive antennas considering independent Rayleigh fading chan-

nels.

2. A multiple-input single-output (MISO) system employing NCFSK mod-
ulation scheme and having multiple transmitting sensor nodes and a

single receiving node considering correlated Rayleigh fading channels.

Data aided (DA) and non-data aided (NDA) signal-to-noise ratio (SNR) es-
timator expressions have been derived for both the systems using maximum
likelihood estimation (MLE) technique in a NC-MFSK receiver. Receiver
diversity has been taken into account for the case of Rayleigh fading channel

and AWGN. For comparison purposes, Cramer-Rao bound (CRB) for data

39
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aided case has been evaluated. On the basis of analysis done in the pre-
vious sections, we have found that by adding the diversity in the system,
the performance of estimator is increased for both DA and NDA estimators.
However, DA estimator performs best in all the cases as compared to NDA
because of an approximation used in the NDA scheme to get a closed-form
expression. Difference between the performances of both the estimators is
large in low SNR regions. However, by increasing the diversity branches, this
difference can be minimized. Moreover, the NDA estimator performs equally
well for higher order diversity cases by approaching the performance of DA

estimator in the higher SNR region.

5.2 Future Work

The SNR estimator designed in chapter 3 is for SIMO communication system,
i.e., it is assumed that single sensor node is transmitting towards fusion cen-
tre having multiple collocated antennas. However, this work may further be
extended for the generalized case of multiple-input multiple output (MIMO)
communication system, i.e., multiple transmitting sensor nodes considering
both independent and correlated Rayleigh fading channels. Secondly, the
received data from multiple sensor nodes is correlated due to higher density
in the network topology. The data transmitted from each individual node
contributes towards increasing the power gain at the receiver node. In order
to perfectly estimate the SNR value this correlation factor among the data
must be known. We do not have any priori information about the degree
of correlation among the received data. However, the estimators designed

for MISO communication system assumes the known values of channel cor-
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relation however as an extension to this work, it is recommended that the
channel correlation may be estimated as a nuisance parameter on the basis
of received data as a future work and further this nuisance parameter may

be incorporated to eventually estimate the Signal-to-noise ratio.
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