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Abstract—We develop a novel decision fusion (DF) approach
which exploits time-correlation of the unknown binary source
under observation through a wireless sensor network (WSN)
reporting local decisions to a fusion center (FC) over interfering
Rayleigh fading channels. The system is modeled via a hidden
Markov model (HMM): both learning and detection phases are
developed. The learning phase is blind, i.e. it requires only a set
of observations without knowledge of the corresponding source
states. Remarkably, the approach allows the FC to take decisions
without knowledge of the local sensor performance. Numerical
results confirm the effectiveness of the proposed approach.

Index Terms—Decision fusion, hidden Markov model, multiple-
access channel, wireless sensor network.

I. INTRODUCTION

W IRELESS sensor networks (WSN) are often employed
in distributed detection tasks. Focusing on centralized

architectures [1], sensors transmit local decisions to a fusion
center (FC) which takes a decision by combining the received
information. Moving from parallel-access channel (PAC) to
multiple-access channel (MAC), the interfering nature of the
wireless medium was recently exploited [2], [3]. Multiantenna
processing at the FC was investigated in [4], and energy
detection was studied in non-line-of-sight fading [5], [6].
Other works replace uncoded transmission with use of channel
coding at sensor location and iterative decoding at the FC [7].

Unfortunately, prior knowledge of local performance (i.e.
sensors probabilities of false alarm and detection) at the FC
is often unpractical [8]. Estimation of local performance in
decision fusion (DF) over PAC was considered in [9]–[11].

In this letter we consider a blind approach for DF in
noncoherent MAC scenarios where the source-state sequence
follows a binary Markov chain. More specifically, it requires
an unsupervised training phase which is based on measure-
ments only (no need for the corresponding source states). The
proposed approach exploits the framework of hidden Markov
models (HMMs), works with a reduced-order model, and
does not require knowledge of sensor performance. The main
contributions are: (i) to propose two versions of maximum
likelihood (ML) algorithms for DF; (ii) to compare them with
the single-observation energy detector (ED), i.e. the classical
approach [2], [3], [5]; (iii) to link DF and HMM frameworks
thus opening to solutions from machine-learning area.
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The outline of the letter is the following: Sec. II gives
some preliminaries on HMMs; Sec. III describes the system
model under investigation; Sec. IV explains how to exploit
results from HMMs for DF in WSNs; numerical simulations
to confirm our claims are provided and discussed in Sec. V.

Notation – Lower (resp. upper) bold letters denote vectors
(resp. matrices), with an (resp. An,m) being the nth (resp.
(n,m)th) entry of a (resp. A); δn,m is the Kronecker delta;
E{·}, (·)t, (·)∗ denote expectation, transpose, and conjugate
operators; Pr(A) and p(a) denote the probability of the event
A and the probability density function (PDF) of the random
variable a; |a| is the modulus of a; U(a, b) denotes a (real-
valued) uniform distribution over (a, b); NC(µ, σ

2) denotes a
(complex-valued) proper normal distribution with mean µ and
variance σ2; ∼ means “distributed as”.

II. HMM LEARNING AND RECONSTRUCTION

An HMM with complex Gaussian mixture (GM) PDFs
[12] is a stochastic model made of a (hidden) state vari-
able sn ∈ {0, . . . , J − 1} and an observation variable
yn ∈ C, where n denotes discrete time. State dynamic
behavior is ruled, with a Markovian assumption, by the
transition matrix A, i.e. Ai,j = Pr(sn = j|sn−1 = i).
The observation is modeled through conditionally indepen-
dent (given the state) complex GMs with M components,
i.e. yn|{sn = i} ∼

∑M
m=1 θi,mNC(µi,m, σ

2
i,m) with con-

ditional PDF bi(y) =
∑M
m=1

θi,m
πσ2

i,m
exp

(
− |y−µi,m|2

σ2
i,m

)
. The

HMM is completely specified by the set of parameters
H =

{
A; {θi,m;µi,m;σ2

i,m}Mm=1
J−1
i=0

}
. The observation PDF

is p(y) =
∑J−1
i=0 πibi(y), where {π0, . . . , πJ−1} is the steady-

state probability distribution, i.e. πi = limn→∞ Pr(sn = i).

A. Learning the Model Parameters
The Expectation-Maximization (EM) algorithm is an iter-

ative procedure allowing for ML estimation of the model
parameters (H) from one (or more) training sequence of
observations {y0, . . . yN−1}. In the case of HMMs, it is known
as the Baum-Welch (BW) algorithm [12] and is based on the
forward and backward variables, computed recursively through

αn(j) =

J−1∑
i=0

αn−1(i)Ai,jbj(yn) , (1)

βn(i) =

J−1∑
j=0

Ai,jbj(yn+1)βn+1(j) , (2)

being α0(i) = δ0,i and βN−1(j) = 1. Also, we define

γn(i;m) =
αn(i)βn(i)∑J−1
j=0 αn(j)βn(j)

θi,m
∂

∂θi,m
bi(yn)

bi(yn)
. (3)
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More specifically, the BW algorithm is an iterative proce-
dure based on the following updates

Âi,j =

∑N−2
n=0 αn(i)Ai,jbj(yn+1)βn+1(j)∑N−2

n=0 αn(i)βn(i)
, (4)

θ̂i,m =

∑N−1
n=0 γn(i;m)∑N−1

n=0

∑M
m=1 γn(i;m)

, (5)

µ̂i,m =

∑N−1
n=0 γn(i;m)yn∑N−1
n=0 γn(i;m)

, (6)

σ̂2
i,m =

∑N−1
n=0 γn(i;m)(yn − µi,m)2∑N−1

n=0 γn(i;m)
. (7)

The termination of the procedure is based on the evaluation
of the likelihood of the training sequence given the model pa-
rameters1, given as p({y0, . . . yN−1}|H) =

∑J−1
i=1 αn(i)βn(i).

B. State Reconstruction

For given test sequence of observations {y0, . . . yW−1} and
learned model (H), different approaches can be used for
inferring the corresponding state sequence {ŝ0, . . . ŝW−1}, de-
pending on various performance metric. The two most popular
approaches are [12]: (i) finding the most-likely sequence of
states; (ii) finding the sequence of most-likely states.

The former maximizes p(s0, . . . , sW−1, y0, . . . , yW−1|H),
i.e. a joint distribution w.r.t. the states. The solution is provided
by the Viterbi algorithm (VA), which is based on

ξn(j) =max
i
ξn−1(i)Ai,jbj(yn) , (8)

ψn(j) =argmax
i
ξn−1(i)Ai,j , (9)

where ξ0(i) = πibi(y0) and ψ0(i) = 0, plus path backtracking
ŝn = ψn+1(ŝn+1) with ŝW−1 = argmaxi ξW−1(i).

The latter maximizes p(sn, y0, . . . , yW−1|H) with n =
0, . . . ,W − 1, i.e. a marginal distribution w.r.t. the states. The
solution is provided by the Forward-Backward (FB) algorithm,
which is based on the following decision rule

ŝn = argmax
i
αn(i)βn(i) , (10)

with initialization α0(i) = πi, different than BW algorithm.

III. SYSTEM MODEL

We consider K sensors sensing a binary source which is
modeled as a Markov chain. The source state at discrete-
time n is denoted s[n] ∈ {0, 1}. We assume that the local
sensing/decision process is stationary, homogeneous, and fully
described by the (conditionally independent given the hypoth-
esis) local probabilities of false alarm (p0) and detection (p1).

Sensors, each with one single transmit antenna, communi-
cate simultaneously their decision to a FC whose aim is to
provide a robust decision on the basis of the multiple received
information. All the sensors employ the same binary mod-
ulation with identical parameters (transmission pulse, carrier

1Being iterative, the algorithm suffers from local extremes. When necessary,
trainings with different initial conditions provide the global solution. Also, the
implementation requires proper scaling to avoid underflow [12].

frequency, etc.), and for energy saving purposes we consider
on-off keying (OOK) modulation (i.e. the sensor is silent if
detects s[n] = 0). Identical statistical behavior is assumed for
each link from the generic sensor to the FC2.

We assume that the system is synchronized. The analysis of
synchronization errors is beyond the scope of this work.

Referring to discrete-time n, we denote xk[n] ∈ {0, 1}
the symbol transmitted by the kth sensor encoding its local
decision about the source state s[n]; hk[n] ∼ NC(0, σ

2
h) the

fading channel coefficient on the link between the kth sensor
and FC; y[n] the signal received by the FC; and w[n] ∼
NC(0, σ

2
w) the additive white Gaussian noise at the FC. Also,

local performance corresponds to pi = Pr(x[n] = 1|s[n] = i).
The discrete-time model for the received signal is then

y[n] =

K∑
k=1

hk[n]xk[n] + w[n] . (11)

The source is completely described by the steady-state
probability and the memory, respectively defined as

π0 =Pr(s[n] = 0) =
A1,0

A0,1 +A1,0
, (12)

ρ =
Pr(s[n] = 0|s[n− 1] = 0)

Pr(s[n] = 0|s[n− 1] = 1)
=

1−A0,1

A1,0
. (13)

The larger ρ, the stronger the memory (ρ = 1 denotes a
memoryless source). If not necessary, we drop the index n.

Denoting φi,a = Pr(a|s = i) =
(
K
a

)
pai (1 − pi)K−a, where

a =
∑K
k=1 xk is the number of active sensors, the received

signal follows the conditional GM PDF

p(y|s = i) =

K∑
a=0

Pr(a|s = i)p(y|a)

=

K∑
a=0

φi,a
π(aσ2

h + σ2
w)

exp

(
− |y|2

aσ2
h + σ2

w

)
. (14)

IV. HMM-BASED DECISION FUSION

From Eq. (14), it is apparent how the system described
in Sec. III corresponds to an HMM with J = 2 states
and complex GM PDFs with K + 1 zero-mean components.
However, we will show that fewer parameters are needed to
model accurately the system. i.e. an under-determined HMM is
still able to capture effectively the stochastic behavior of the
WSN. We investigate on the suitability of using techniques
from HMM for training and source monitoring. Differently
from classical approaches for DF in WSNs, which typically
require knowledge of local performance, SNR level, and
statistical/instantaneous CSI, we use: (i) a training sequence to
adjust the parameters of an HMM through the BW algorithm;
(ii) such a trained model for source monitoring through VA-
or FB-based state reconstruction.

Performance is evaluated in terms of global probabilities of
false alarm (qf ) and detection (qd), defined as follows

qf = Pr (ŝ = 1|s = 0) , qd = Pr (ŝ = 1|s = 1) . (15)

2Symmetry assumptions (both for the local performance and the channels to
the FC) are only for simplicity of the description. The methodology is suitable
for asymmetric scenarios, but the mathematical description is tedious.
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A tunable threshold (selected according to Bayes or Neyman-
Pearson criteria [13]) allows the FC trading-off between the
global probabilities of false alarm and detection. The behavior
of the global probabilities of detection (qd) vs. false alarm (qf )
is denoted receiver operating characteristic (ROC).

A. Learning Phase

A training sequence is used for appropriate selection of
the set of parameters H. It is worth remarking that the BW
algorithm requires the observation sequence only, and does not
need the corresponding state sequence, i.e. it is a blind
procedure from the point of view of the source estimation.

Since the conditional means are null3, and also the weights
and the conditional variances are dependent on a few param-
eters (K, p0, p1, σ2

h, σ
2
w), we use an HMM with zero-mean

GMs with M � K + 1 components. The number of hidden
states is obviously set to J = 2. Correct association of states
(trained model to binary source) is forced through the starting
model as described below. The number of components M must
be selected trading-off performance and complexity. Various
techniques may be considered for choosing of M (e.g. [14]),
however such a discussion falls beyond the scope of this letter.

The starting model is chosen as follows: Ai,j = 1
2 , θi,m =

1
M , σ2

0,m ∼ U(0, σ̃2
y), σ

2
1,m ∼ U(0, 4σ̃2

y) where σ̃2
y denotes the

empirical variance of the training sequence. Weights are set
equal such that all states and components have equal chances
to contribute to the model. Randomness in the variances of
each component is introduced in order to explore the parameter
space while lying within a neighborhood of the empirical
variance. It is worth noticing that the variance in state s = 0
is (on average) smaller than the variance in state s = 1, as
expected from the physical model. The corresponding source
parameters for the starting model are π0 = 1/2 and ρ = 1.

B. Monitoring Phase

The VA and the FB algorithm in Sec. II provide the most
likely state sequence and the sequence of most likely states,
respectively. However, it is apparent that they do not allow
any trade-off between global probabilities of false alarm and
detection. The ROC for the standard VA and for the standard
FB algorithm degenerates into a single operation point.

In order to have a proper ROC, with operating point tunable
at the FC depending on a threshold ζ ∈ [0,+∞), we modify
both the VA and the FB algorithm replacing (in Eqs. (8) and
(9) for the VA and Eq. (10) for the FB algorithm) the operators
max(·, ·) and argmax(·, ·) with the operators λ(·, ·; ζ) and
argλ(·, ·; ζ), respectively, defined as

λ(u0, u1; ζ) =

{
u0

u1

u0
≤ ζ

u1
u1

u0
> ζ

, argλ(u0, u1; ζ) =

{
0 u1

u0
≤ ζ

1 u1

u0
> ζ

.

(16)

It is worth noticing that λ(·, ·; ζ = 1) = max(·, ·) and
argλ(·, ·; ζ = 1) = argmax(·, ·), then selecting ζ = 1 we
get the standard VA and the standard FB algorithm.

3It is worth noticing that µi,m = 0 and then Eq. (6) must be ignored.

SNR π̂0 (st.d.) ρ̂ (st.d.)
5 dB 0.851 (0.064) 8.94 (5.26)
15 dB 0.853 (0.042) 9.31 (4.28)

TABLE I
STATISTICS OF THE SOURCE PARAMETERS FOR THE TRAINED MODELS.

THE TRUE SOURCE PARAMETERS ARE π0 = 0.9 AND ρ = 10.

Both the modified VA and the modified FB algorithm are
applied to consecutive non-overlapping windows of length
W , i.e. states {s[(`− 1)W ], . . . , s[`W − 1]} are estimated
through the observation {y[(`− 1)W ], . . . , y[`W − 1]}. The
impact of W is evaluated in Sec. V, with small values to be
preferred in order to reduce the estimation delay.

V. SIMULATION RESULTS AND DISCUSSION

Results refer to Monte Carlo simulations using MATLAB.
We considered a binary source with π0 = 0.9 and ρ = 10,
i.e. an anomaly-detection problem, and a WSN with K = 10
sensors whose local performance are p0 = 0.05 and p1 = 0.5.
Two scenarios were considered for the signal-to-noise ratio
(SNR), defined as σ2

h/σ
2
w, i.e. SNR= 5 dB and SNR= 15 dB.

An HMM with M = 3 components per state was learned
for each scenario, with a training sequence of N = 103

observations. It is worth noticing that the real WSN presents
44 parameters and is mapped into a reduced model with 12
parameters. Trained models were tested with a test sequence
of 105 observations (with corresponding state sequence) from
the real WSN, in order to compute the global performance (qf
and qd) for different approaches.

Estimated values of the source parameters (mean π̂0 and
ρ̂ with corresponding standard deviation over 50 repeated
experiments) are shown in Tab. I. Simulations confirm that the
training works better for higher SNR, both in terms of compu-
tational complexity (fewer iterations to achieve convergence)
and performance (higher likelihood). The impact of the length
of the training sequence on the performance of the trained
model has not been investigated, although some preliminary
results confirm that scenarios with larger SNR requires less
data for satisfactory training. The excellent fitting capability is
not shown for brevity: empirical PDF of the training sequences
matches perfectly the analytical PDF of the trained models.

Fig. 1 shows the impact of the window length (W ) on
the global performance when VA and FB algorithm are con-
sidered. Three different values for the threshold are shown
(ζ = 1/9, 1, 9). It is apparent how the VA outperforms the FB
algorithm in most cases, unless low SNR, large window length,
and small threshold (i.e. high qf and high qd) are selected (see
the blue curves in Figs. 1(a) and 1(b)). This could be related to
the robustness of the sequence-detection approach in absence
of channel state information.

Fig. 2 compares the performance in terms of ROC curves
of the VA and the FB algorithm. Also, the ROC for the
ED, shown to be the optimum receiver for isolated decisions
(i.e. W = 1) over Rayleigh channels [5], are reported for
comparison. Dashed and dash-dotted lines in Fig. 2(b) refer
to the ROC for HMMs with M = 2 and M = 4 components,
respectively, showing how M = 3 is a reasonable choice for
the considered scenario. Performance of the standard VA and
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(c) qf at SNR=15 dB.
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Fig. 1. Impact of the monitoring window (W ).

standard FB algorithm are also depicted, as well as sensor local
performance: the VA outperforms the FB algorithm. Also, the
performance of the VA with W = 1 equals those of the ED,
thus the VA may be considered as a valid extension of the ED
in order to exploit time correlation of the source.

Summarizing, HMMs represent a suitable alternative for
blind DF in WSNs. Numerical results confirm the effectiveness
of the proposed approach, with VA outperforming FB.
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