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Abstract—In this paper we present a new approach for
blind identification of Single Input Single Output (SISO)
and Multiple Inputs Single Output (MISO) FIR channels
with nonminimum phase. The approach is based on mini-
mizing a cost function built of the problem unknown param-
eters and a vector of measurements achieved by passing the
received data through a known parallel set of FIR filters fol-
lowed by samples averaging. Averaging is done according to
certain functions that have Higher Order Statistics (HOS)
content and that their assymptotical mean can be expressed
in closed form. The main advantages of this approach are
its high probability of identification success when consider-
ing statistical channels, its ability to obtain reliable channel
estimates in low SNR using short records of samples and its
unsensitivity to overestimation of the channel order.

Index Terms—Blind Channel Identification, HOS, SISO,
MISO, nonminimum phase channels, cumulants

I. Introduction

BLIND Identification of nonminimum phase linear sys-
tems has attracted a great attention in recent years.

One of its most important applications is for the design
of optimal receivers in digital communication where data
bursts with independent channel between them (for exam-
ple due to mobility, frequency hopping, unknown source)
are used and where knowing the current channel impulse
response is required without wasting bandwidth by trans-
mission of trainning sequences. The only available infor-
mation at the receiver for the sake of channel identifica-
tion is the received data and some statistical information
about the transmitted input data where the most common
assumption in digital communication systems is that data
is i.i.d with known distribution and noise is AWGN.

In general, blind channel identification methods can
be partitioned to those based on Second Order Statis-
tics(SOS) relative to others based on Higher Order Statis-
tics(HOS). SOS methods are applicable when we have time
or antenna diversity (assuming no common zeros among
the diversity channels [1] [2]) because then the received
data is no longer stationary but cyclostationary and chan-
nel phase can be identified. In this paper we will con-
centrate on the SISO channel case for which only HOS
methods can be exploited (assuming no cyclostationarity
is induced in the transmitter [3]).

Most methods for channel identification based on HOS
can be divided into three main categories [12]: Closed form
solutions [5] [4] , Linear Algebra solutions [5] [8] and Non-
linear optimization solutions [11] [7]. Closed form solutions
are theoretically important but are not practical. Linear
Algebra solutions are usually simplier than the Non-linear

ones but are less accurate. Non-linear optimization solu-
tions give much accurate channel estimation but they re-
quire complex non-linear optimization processes and they
can converge to a local minimum. In all those methods the
main disadvantage is the requirement for relatively large
records of samples (e.g thousands for FIR channels of five
taps) to enable cumulants estimation with sufficiently low
variance. The method that have the best performance, at
least to our knowledge, when using relatively short records
of samples (hundreds when other methods require thou-
sands) is the EVI method [9] [10] to which we will compare
our new method.

The method to be presented doesn’t use cumulants in
an explicit way. It can incorporate implicitly cumulants
of any order and as we will see later it can use the Cu-
mulants Generating Function itself. Its main advantage is
its high probability of identification success when consid-
ering Maximum Likelihood Sequence Estimation (MLSE)
performance over large number of random channels. In
digital communication, MLSE success or failure is a more
suitable criteria for channel estimation success than the
common known criteria of Normalized Mean Square Error
(NMSE) between the true channel and the estimated one.
MLSE success, i.e having low enough BER, suggests that
further improvement is possible for example when contin-
uing channel estimation improvement and data detection
with a probabilistic approach like [13] or a Per-Survivor-
Processing (PSP) based method [14]. MLSE failure indi-
cates that estimation is too bad to continue with.

Other advantages of our method are its ability to give
very good channel estimates using relatively small records
of samples and for very low SNR, its robustness to overesti-
mation of the channel order (other methods require knowl-
edge of the exact order) its relative simplicity and flexi-
bility to adapt to various types of HOS functions where
usually in explicit cumulants fitting methods cumbersome
managing and measuring of all cumulants is required.

II. Presentation of The Method

The received samples at the output of a SISO linear
discrete-time channel with finite impulse response h =
[h0, . . . ,hL−1] are expressed as

y(k) =
L−1∑
m=0

h(m)I(k −m) + n(k) (1)

where {I(k)} is the transmitted data sequence and {n(k)}
is an additive noise. Our problem is to estimate the channel
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coefficients {h(k)} from a record of samples. The only
information that we have is that {I(k)} is an i.i.d sequence
with zero mean and known nongaussian distribution. We
also know that the noise is AWGN with zero mean. The
channel order is unknown but can be bounded.
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Fig. 1. General system description

The steps to be taken in our new method, are as described
in Figure-1 where:

1. Pass the received data y(k) through a parallel set of
S FIR filters w1, . . . ,wS that fullfil some requirements
(in time domain and frequency domain)to be detailed
later.

2. At each of the FIR filters outputs measure the mean
of a pre-defined function f(·) that has HOS content.
The measurement will be done simply by

ϕi = ϕ(zi) = g

([
1
Ns

Ns∑
k=1

f(zi(k)

])
(2)

where Ns is the number of available samples, zi(k)
is the ith filter output and g(·) is any deterministic
function including the trivial case of g(c) = c. In order
to have more accurate samples averaging, especially
when using small records of samples, ignoring the first
q− 1 samples of the received block is preferable. q is
an upper bound of the channel length.
The function f(·) to be used must be a one that its
expactation can be expressed explicitly in terms of
channel coefficients, AWGN noise variance No/2 and
the known coefficients of the FIR filters set. So that

ψi = ψ(wi,h, No) = lim
Ns→∞

ϕi = g (E [f(zi(k))]) (3)

Averaging can also be done on functions that use both
input and outputs samples (like cross-cumulants). Us-
ing multiple functions by applying different functions
to different sections of the FIR filters outputs is also
an option.

3. Solve the following problem to get the vector of un-
knowns

min
ĥ(k),N0

C(ϕ,ψ) (4)

where C(·) is a cost function. In this paper we will
give simulation results for solving the following simple
Least Squares problem

min
ĥ(k),N0

S∑
i=1

(ϕi − ψi)2 (5)

Solving (5) will be based on using the known Gauss-
Newton-Levenberg-Marquardt method in what he have
termed “Span Mode” and “Scan Mode” (see later on),
where the following definitions will be used: W is a
SxM matrix which its raws are wi, i = 1..S, θ =[
ĥ(0) . . . ĥ(L̃− 1),No

]
is the vector of unknown parame-

ters where L̃ = 2q− 1 for the “Span Mode” and L̃ = q for
the “Scan Mode” and finaly A is the Jacobian matrix of
ψ(ĥ,W,No). The method works by

θp+1 = θp − (ATA+ λI)−1AT (ϕ− ψ) (6)

where p is the iteration index of the algorithm and λ is the
Levenberg-Marquardt(LM) parameter which insures con-
vergence.

Since channel length is bounded to q and the solution of
(5) depends on the initial channel guess then we have used
two approaches. The “Span Mode” approach uses, as an
initial channel guess, a vector of L̃= 2q−1 taps where only
the middle tap gets an arbitrary value (not zero) while the
rest of the taps equal zero. L̃ enables covering of all the
possible channel shifts. To further supress the energy out
of the maximum q main taps we have added an additional
equation to the set of equations as followed

2q−2∑
|m|=q

α(|m| − q)Rĥ2ĥ2(m) = 0 (7)

where α(i), i = 0..q− 2 is a weighting vector that we in-
crease dynamicially as the equations set solution error de-
creases and Rĥ2ĥ2(m) is the autocorrelation function of{
ĥ2(k)

}
.

The “Scan Mode” approach uses L̃= q inital channel es-
timations where in each of these initial points one different
tap is active while the others equal zero. Activating the
LM method for a few number of iterations per a starting
point and then selecting the one with the minimum inter-
mediate error gave us a very good initial guess to continue
with.

III. Demonstration of the Method

In this paper we will demonstrate the method for two
specific functions assuming that transmitted data is BPSK
modulated with {I(K)} having equal probability of being
{+1,−1}. We will use each of the functions separately to
solve the problem of identifying the unknown channel (we
can also use a mixed set of the equations). The channel
coefficients will be real and for avoiding scaling ambiguity
we will assume that channel norm equals one (in many
papers scaling ambiguity is solved by assuming that h(0) =
1. We think that it is not a good idea in cases that h(0) is
very close to zero).

The first statistical function that we will use is

ψ(wi,h, No) = logE
[
ejzi(k)

]
(8)

and the second one is

ψ(wi,h, No) = E
[
z4
i (k)

]
(9)
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The first function is actually the Cumulants Generating
Function (CGF) of the received samples, logE

[
ejwT

i y
]

see
[12]. The second function as we will see later is composed
of 4th and 2nd order statistics of the received data.

Defining gi(k) = h(k) ∗wi(k), si(k) = x(k) ∗wi(k) (sig-
nal part at the filters outputs), vi(k) = n(k) ∗wi(k) (noise
part at the filters outputs) and assuming that each of the
FIRs wi(k) is of order M−1 we can express ψ(wi,h,No) =
logE

[
ejzi(k)

]
in closed-form as followed

logE
[
ejzi(k)

]
=

= logE

ej
k−M−L+2∑

l=k

gi(k−l)I(l)

+ logE

ej
M−1∑
p=0

wi(p)n(k−p)


= log

∏
l

E
[
ejI(l)gi(k−l)

]
+ log

∏
p

E
[
ejwi(p)n(k−p)

]
= log

∏
l

(
1
2
ejgi(k−l) +

1
2
e−jgi(k−l)) + log

∏
p

e−
1
2 w2

i (p) No
2

=
M+L−2∑

m=0

log(cos(gi(m))) −
M−1∑
p=0

1
2
w2

i (p)
No

2
(10)

where in (10) we have calculated, explicitly, the expacta-
tion of ejI(l)gi(k−l) knowing that the probability of I(k)
being +1 or −1 equals 1

2 . Furthermore we have used the
fact that the Characteristic Function of a Gaussian ran-
dom variable n(k), E

[
ejwn

]
, equals e−

1
2 w2σ2

n .
For ψ(wi,h,No) = E

[
z4
i (k)

]
we will get:

E
[
z4
i (k)

]
= E

[
s4i (k)

]
+ 6E

[
s2i (k)

]
E
[
v2

i (k)
]
+ E

[
v4

i (k)
]

(11)
where we have used the fact that odd moments of si(k)
and vi(k) equal zero, since their probability distribution is
even. The first part of (11) is

E
[
s4i (k)

]
= E

[
(
∑
m

I(k −m)gi(m))4
]

=

E
[
I4(k)

]∑
k

g4
i (k)+3E2

[
I2(k)

] [
(
∑

k

g2
i (k))2 −

∑
k

g4
i (k)

]
(12)

using the fact that only the terms with indexes m = n 6=
p= l, m= l 6= p= n, m= p 6= l = n and m= n= l = p give
contribution in the multiple sums.
The second part of (11) is simply

6E
[
s2i (k)

]
E
[
v2

i (k)
]

= 6
N0

2

∑
q

w2
i (q)

∑
p

g2
i (p) (13)

and the third part of (11) is

E
[
v4

i (k)
]
= 3(

No

2
)2(
∑

p

w2
i (p))2 (14)

where we have used the 4th order cumulant definition (see
[12]) to extract E [n(k−m)n(k− t)n(k− l)n(k− p)] and
the known fact that all cumulants of order higher then
two of a gaussian process equals zero. So finally we get

E
[
z4
i (k)

]
= 3(

∑
k

g2
i (k))2−2

∑
k

g4
i (k)+6

N0

2

∑
p

w2
i (p)

∑
k

g2
i (k)

+3(
No

2
)2(
∑

p

w2
i (p))2 (15)

Using the closed-form expressions of (15) and (10) it is
now simple to express the Jacobian matrix A where for
the case of logE

[
ejzi(k)

]
the gradients are

∂ψi

∂ĥ(j)
= −

M+L−2∑
m=0

wi(m− j)tan
L−1∑
k=0

h(k)wi(m− k) (16)

∂ψi

∂N0
= −1

4

M−1∑
p=0

w2
i (17)

and for the case of E
[
z4
i (k)

]
the gradients are

∂ψi

∂ĥ(j)
=

= (12
M+L−2∑

k=0

g2
i (k)+6N0

M−1∑
p=0

w2
i (p))

M+L−2∑
k

wi(k− j)gi(k)

−8
M+L−2∑

k=0

wi(k − j)g3
i (k) (18)

∂ψi

∂N0
= 3

M−1∑
p=0

w2
i (p)

M+L−2∑
k=0

g2
i (k) + 6

No

4
(
M−1∑
p=0

w2
i (p))2

(19)
Now that we have ψi and A we just have to measure

ϕi to complete the equations set. The measurement will
be done by simple empirical averaging on each of the FIR
filters outputs where i= 1, . . . ,S according to (2).

Following the algorithm steps described in section-II, us-
ing each of the measured values and assymptotical expres-
sions of the two functions presented, will give us an estima-
tion of the unknown channel coefficients and the unknown
AWGN variance.

Referring to the function logE
[
ejzi(k)

]
, we can see that

it is very close to the E
[
z4
i (k)

]
case if we replace log(cos(·))

with its dominant Tailor series expansion terms.

IV. Simulations and Results

In this section we will present some simulation results.
Our simulations were obtained on 2000 random real chan-
nels for small records of samples and on 10000 random real
channels for large blocks of samples, each channel is of 5
taps. Each channel was normalized to unit energy. The
modulation we have used is BPSK. For our method we
have selected ψ = E

[
z4
i (k)

]
using 55 FIR filters in ”Span
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Mode“ and comparison was made with the EVI [9],[10]
method.

We also did some comparisons with the GM method
but the number of samples that were required for the GM
method was of the order of thousands and even tens of
thousands and it also had very low probability of success
(about 40%− 50%) as we will define it later.

Most of the papers dealing with Blind Channel Identifi-
cation methods use the NMSE as the main parameter for
performance comparison between methods

NMSE =
∑L

k=1(hk − ĥk)2∑L
k=1 h

2
k

(20)

and this is usualy done with regard to a very few specific
channels.

A more suitable criteria which we will use in this pa-
per, is the probability of MLSE failure when using random
set of channels. From statistical empirical results on thou-
sands of channels estimations we have observed that the
MLSE BER in case the NMSE is larger than 0.15 is very
high (e.g > 0.05) relative to the expected BER when using
the true channel. This suggests that if NMSE> 0.15 then
no further improvement of the estimation can be achieved
by using additional steps of data aided iterations and it is
considered as a failure.

From figure (2) we can see that for all block lengths
starting from as low as 144 samples per block and up to
1000 samples per block and for all SNR, our method has
about twice lower probability of failure relative to EVI. In
both methods the probability of success is above 90% for
SNR of 15dB and up and for all block lengths. For block
lengths higher the 500 samples we reach more than 99% of
success. Regarding results where NMSE< 0.15 we saw by
histograms that the new method and EVI give about the
same values.

Another result that we can report is that the new
method is not sensitive to Critical Channels or to cases
where we have fiew identical taps. Cases to which other
methods are sensitive [10].

Regarding co-channel interferer presence, we have used
random channels of 3 taps each and random interferer
channels of also 3 taps each. The C/I that we have used
was of 10dB and modulation type was BPSK. Using our
new method with the modified expression of (3) according
to the MISO problem formulation we have identified the
channels with NMSE as good as in the SISO cases.

V. Conclusion

We present a new blind channel identification method
for the SISO and MISO cases where no oversampling or
antenna diversity is present. The new method gives a very
high probability of channel identification when looking at
a large number of random channels. The method is proved
by simulations to have advantage relative to other methods
when considering small records of samples, low SNR and
unknown channel order. There is still work to be done
in investigating how many equations are required, how to
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select better the FIR filters coefficients and in analysing
its performance and its identifiability criteria.
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