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A new improved soft-feedback functiona link artificial neura-network (ISF-
FLANN) based nonlinear channel equalizer is proposed in this paper. By using the func-
tional expansion utilities, the ISF-FLANN does not need the hidden layers, which are
existed in most of the multilayer perceptron network (MLP)-based equalizers. So the
ISF-FLANN exhibits much simpler structure and thus requires less amount of computa-
tion during the training mode. We find that the use of soft feedback can greatly improve
the performance of our previous work on FLANN structure [13]. The comparison of the
average transmission symbol error rates (SER) of the ISF-FLANN with the linear trans-
versal filters (LTF) and the traditional FLANN based on FPGA verification are pre-
sented. Simulation results demonstrate that | SF-FLANN outperforms FLANN by about 2
to 3dB, and is about 6 to 7 dB better than LTF. The learning curves (LC) show that our
design well fits the real-time processing requirement for 4QAM modern digital commu-
nication systems.

Keywords: nonlinear channel equalizers, neural network, LTF, MLP, FLANN, ISF-
FLANN

1. INTRODUCTION

Equalizers are usually used to compensate the received signals which are corrupted
by the inevitable noise, interference and signal power attenuation introduced by commu-
nication channels during transmission [1]. Traditionally linear transversal filters (LTF) [2]
are commonly used in the design of channel equalizers. The linear equalizers, however,
fail to work well when transmitted signals have encountered severe nonlinear distortion.
A neura network (NN) has the capability of complicatedly mapping the input to the out-
put signals, which makes the NN-based equalizers a potentialy suitable solution to deal
with nonlinear channel distortion. Neural networks have been successfully used in vari-
ous applications, such as pattern classification, speech recognition, cryptography and
equalizers. In this paper we mainly focus on the design of nonlinear channel equalizer for
4QAM modern digital communication systems.

Several NN structures and training algorithms have been used in the design of chan-
nel equalizers. The neura network was first applied to channel equalizers in digital
communication systems by Siu [3]. It ismentioned in [3] that the bit error rate (BER) and
mean-square-error (MSE) performance of MLP is much better than LTF. And the per-
formance of MLP is less sensitive to the variation of the learning gain. Theoreticaly, as
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the number of nodes inside the MLP structure is increasing, the network will achieve
better ability in approaching arbitrary functional mappings. The increasing nodes, how-
ever, tend to force the equalizer output to trap in local minima instead of the global one
[4]. Zerguine has proposed an MLP decision feedback equalizer with lattice filter to
overcome the local minimum problem [5]. Although this structure possesses superior
performance than MLP, the network is much more complicated and demands for more
computational resources. Meanwhile, some published articles (e.g., [6]) have mentioned
the application of genetic algorithms (GA) in solving the local minimum problem. Theo-
retically, GA uses reproduction, crossover and mutation techniques based on biological
genetics, and is indeed able to determine the global optimum. Unfortunately, the deter-
mination of the global minimum would require the network to widely search and test
over the signal space. This generally not only lowers the learning speed of the network,
but also makes the circuit difficult to realize. So the algorithm may not meet the real-time
processing requirement of a modern communication system. Cha has used adaptive com-
plex radial basis function networks (RBF) to deal with the channel equalization [7]. But
as the RBF needs a large number of hidden nodes to achieve acceptable system per-
formance, it is not quite suitable for parallel processing. The problem of huge number of
hidden nodes encountered by RBF seems to be solved by using the minimum radial basis
function (MRBF) neural networks proposed by Jianping [8]. But in the equalization pro-
cedure of a system applying MRBF, the network has to first increase the number of hid-
den nodes, and then omits the unnecessary nodes according to rules defined in the algo-
rithm. Since the chip size of circuit depends on the maximum number of nodes along the
equalization process, the MRBF technique cannot help in simplifying the hardware de-
sign. It is claimed in [9] that a support vector machine (SVM)-based equalizer can
achieve optimal decision boundaries for a given training sequence. But as the channel
noise is generally random and time-varying, even a well-trained neura network will still
incorrectly classify the received signals. So its demand for the huge computational
amount during the calculation of the optimal results does not seem quite worthy. In 1999,
Patra utilized functional link artificial neural networks (FLANN) to build the nonlinear
channel equalizer [10] and the identification of nonlinear dynamic systems [11]. The
basic principle of an FLANN isto expand the dimensionality of the input signal space by
using a set of linearly independent functions. The expansion can produce complicated
decision boundaries at the output space, so the FLANN is capable of dealing with linear
inseparable problems. As FLANN has a two-layer structure, its circuit is generally sim-
pler than MLP, and thus achieves faster processing speed. It is pointed out in [10] that
the FLANN outperforms MLP and the polynomial-perceptron structure (PPN) based on
Volterafilters[12].

In our previous work [13], we have realized an FLANN channel equalizer using
FPGA. We have found that, although FLANN exhibits better performance than MLP, it
still has some potential drawbacks. Specifically, if we want to further improve the BER
performance, we will need to enlarge the dimensionality of its input signal space. This
will significantly increase the number of nodes in the input layer, and thus the circuit
may become too complicated to be practical. This motivates us to design an NN-based
nonlinear channel equalizer under the consideration of tradeoffs among the hardware
chip size, the processing speed and the cost. In this paper we present a modified structure
called improved soft feedback FLANN (ISF-FLANN). The ISF-FLANN structure feeds



DESIGN OF AN |SF-FLANN CHANNEL EQUALIZER 1165

the soft feedback signals directly into the input layer of the FLANN-based neural net-
work. The modification not only reduces the error-propagation-delay caused by the hard-
decision feedback in the decision-feedback FLANN (DF-FLANN) [14], but also greatly
simplifies the hardware structure. We have shown that the computational complexity of
ISF-FLANN is only about 10% more than that of FLANN, but it can save as much as
55% that of DF-FLANN. With the dightly increasing complexity, the ISF-FLANN
achieves a much better error performance than FLANN. Simulation results show that the
error performance of I1SF-FLANN can be up to 2 to 3 dB better than FLANN, and is
about 6 to 7 dB better than LTF [13]. This demonstrates that the performance of |SF-
FLANN is quite close to the DF-FLANN. In this paper we will present the new |SF-
FLANN channel equalizer and its FPGA verification.

2. ARCHITECTURE
2.1 System Architecture

The block diagram of the digital communication system for 4-QAM modulated sig-
nals is shown in Fig. 1, where the block labeled ‘NL’ represents the nonlinearity intro-
duced by the channel. At time instant KT, the transmitted complex symbol is t(k) = ty; +
jtcg Where T denotes the symbol duration. The subscripts i and q represent the in-phase
and quadrature components of the complex symbol, respectively. The transmitted data
bits are assumed to have statistically independent and equally probable values from {1, —
1}. The nonlinearly distorted output b(k) associated with the input a(k) can be written as
b(k) = ¢(a(k)), where ¢(-) is the nonlinear function associated with the block labeled as
‘NL’. We aso assume the channel is affected by additive white Gaussian noise (AWGN)
with variance ¢®. So the received signal is r(k) = b(k) + q(k), where g(k) is the AWGN
sample at time instant KT. The compensated output (k) from the equalizer is compared
with the desired signal. The error signal is defined as e(k) = y(k) — »(k), where the desired
signal y(k) = t(k — D) represents the delayed version of the received signal, and D is the
time delay of the signal transmitted through the physical channel. The error signal e(k) is
used to modify the internal parameters of the network according to the training algo-

rithm.
a®

NL : nonlinearlly

——>{oeLaY] y(k)j(k.o)

Fig. 1. A digital communication system with equalizer.
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Input Layer Output Layer
F.E.=Functiona Expansion
Fig. 2. FLANN structure.

2.2 FLANN Structure

The block diagram of a system with FLANN is shown in Fig. 2, where the block
labeled F.E. denotes a functional expansion. The functional expansion maps the input
signal vector X = [X; % ... xJ]" through N linearly independent functions @ = [¢@y(X)
2(X) ... on(X)]". The linear combination of these function values can be written in its
matrix form, that is, S= W®d, where S=[s, S, ... s,]", and W is the m x N dimensional
weighting matrix. The matrix Sis fed into a bank of identical nonlinear functions to gen-
erate the equalized output ¥ = [$1 §5 ... Pl where j = p(s),j = 1, 2, ..., m. Here the
nonlinear function is defined as p(-) = tanh(-). The magor difference between the hard-
ware structures of MLP [13] and FLANN is that FLANN has only input and output lay-
ers, and the hidden layers are completely replaced by the nonlinear mappings. In fact, the
task performed by the hidden layersin MLP is carried out by functional expansions in
FLANN. Since the input signals are nonlinearly mapped into the output signal space,
FLANN has also the ahility to resolve the egqualization problems for nonlinear channels.
The FLANN uses BP algorithm [15] to train the neural networks. The advantage of the
BP algorithm is its hardware circuit can be easily realized. By the way, when a received
signal x has a complex value, the phase distortion caused by the sigmoid transfer function
f(x) = 1/{1 + exp(— X)} can be avoided. Since the FLANN has much simpler structure
than MLP, its speed of convergence for training process is a lot faster than MLP. The
whole learning algorithm for the FLANN is summarized as follows [10, 15]:

N
9, (k) = p(iji (k>¢(xk)j = p(W, ()D(X,)). i =1 2, ..., m, (2)
i=1
where Xc= [xa(K) (k) .. (T, and Wi(K) = [wia(K) wia(k) ... ()], D% = [9:(%)
2% . O]

A(K) = K@) @
AWK) = pA(K) + Ak - 1) ©)
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W(K + 1) = W(K) + AW(K), 4)

where JK) = [4(K) &) ... (K], and & (K) =1~ §F(K))e; (K), j =12, ..., m, and
§(K) = Yi(K) — ¥(k), and W(K) = [Wi(k) Wa(K) ... Wir(K)] .

In the above eguations, u is the learning factor and yis the momentum factor that
helps to accelerate the speed of convergence of algorithms.

2.31SF-FLANN Structure

Here we propose an improved soft feedback functional link artificial neural-
networks (ISF-FLANN) structure to lower down the hardware cost without sacrificing
the system performance. In the ISF-FLANN structure the feedback output signals are
directly fed into the input layer of the neural network instead of being taken as the input
signals, which is its major difference with the DF-FLANN [14] as given in Fig. 3. In
other words, the input layer signals of the ISF-FLANN are composed of the functional
expansions ® = [@1(X) ¢(X) ... on(X)]" from the received signals X = [X; X, ... x| as
well as the feedback signal Z, = [V Yo --- Y] directly obtained from the output,
where | represents the number of stages in the feedback delay path. The linear combina-
tions of these signals are nonlinearly transformed by po(-) = tanh(-) to attain the estimate
of the current received data. The structure of an ISF-FLANN is shown in Fig. 4.

Daw € Z Decison | ¢
Y€ Device [

X, FE.

Input Layer Output Layer

F.E.=Functional Expansion
Fig. 3. DF-FLANN structure.

We can see that the ISF-FLANN has a two-layer structure, so only the weighting
coefficients between these two layers have to be updated with the algorithm in the train-
ing process. This compactness of layers can help to decrease the learning time and as a
result it generally makes the overall speed of convergence faster. The learning algorithm
for ISF-FLANN is derived as follows. From Fig. 4 we know that

¥, (k) =p(zwji(k)y/i(k)] = pW (K¥(K),] =12, ...,m andM =N+1 (5
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Input Layer Output Layer

F.E.=Functiona Expansion
Fig. 4. ISF-FLANN structure.

where ¥(K) = [Ygen) Yier) - Yooy 21060 92X - X" = [¥A(K) 95(K) .. ya(K)]", and
Wi(K) = [wia(k) wia(K) ... wim(k)]. Now we define the error function associated the k-th
training vector as

£ =5 & (k) (©)
=1

where g(k) denotes the difference between y;(k) and y;(k). We use the steepest-descend
agorithm to minimize E(K), that is,

JE(K)
ow;; (k) ,

wji (k+1) = wj; (k) — ¢ j=14,2,....mi=12M, )

where u isthe learning rate of the network. According to the chain rule, we have

JE(K) _ 0E(K) 9y (k) ds;(k) _
ow;; (K) 99, (k) 0s; (k) ow;; (k)

—&j ()L ¥5 (K)w; (K) = =6 (K)y; (K), ©)

where & (k) =¢; (k) (1- )”/J-Z(k)). Plugging (8) into (7), we get

wi(k + 1) = wi(K) + 26K pr(X0- ©)

The result can be written in matrix form as W(k + 1) = W(K) + #&XK)(#(K))", where &K) =
[61(K) (K) ... d(K)]" and W(K) = [Wi(K) Wh(K) ... Wi(K)]". To further improve the speed
of the convergence, we add a momentum term when updating W, that is, W(k + 1) = W(k)
+ 1A (K) + 7 (k— 1), where A(k) = JK)(¥(K))", and yis the momentum factor.

The major purpose of feeding the feedback signals directly into the input layer of
the neural network instead of the functional expansion blocks is to reduce the number of
nodes in the input layer. This property can greatly help in reducing the complexity of the
circuit.
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3. DESIGN PROCEDURE

The procedure of the equalizer during one iteration can be divided into the follow-
ing four steps:

(i) Compute the estimated output y of the network in the forward direction.

(i) Evaluate the errors e between the signals from the output layer and the input layer.
(iii) Calculate the amount of modification AW for the weightings between layers.

(iv) Update the weighting vector W for each layer.

The computational complexities of LTF, PPN, DF-FLANN, ISF-FLANN, FLANN,
and MLP for training the neural network during each iteration are summarized in Table 1,
where n; represents the number of input signals of DF-FLANN, ISF-FLANN, FLANN
and PPN structure, ng is the number of nodesin LTF and the MLP input layer, n;, i = 1,
2, ..., L—1, denotes the number of nodes in the i-th hidden layer, n_ stands for the num-
ber of nodes in the output layer, and ,C,, = nl/m!(n — m)! is the combinatorial operator.
For the particular case specified in the previous paragraph, the computational complexi-
ties of these structures are given in Table 2. We see that the computational complexity of
ISF-FLANN is only about 10% more than that of FLANN, and is about 50% and 45%
of the amount required by MLP and DF-FLANN, respectively. We may note that the

Table 1. Computation complexity of various NN structures.

Number of . o cos(-)
operations addition multiplication tanh(:) and sin()
LTF 2ngn. + N 3ngn, 0 0
PPN 3(3ng + o C2)n +4n, 4(3ng + e CNL+2n + . Cy n. 0
DF-FLANN 3(5ng + s G +4n 4(5n§ + g GO +2n + . Cy n. 2ng
L-1 L L-1 L L
MLP 3> nn, +2> n—ngn+2n | 6> mn,;+3> n —ngn +2n, > 0
i=0 i-1 i=0 i=1 i=1
ISF-FLANN | 3(3n§ + s Ca+l-no)ng +4n. 4(3nd + g Cotlnn +2n + .Co | n 2ng
FLANN 3(3ng + n G +4n 4(3nd + i CONL+2n + . Cy n. 2ng
Table 2. Computation complexity for a special case.
Number of operations | addition multiplication tanh(-) cos(-) and sin(-)
LTF 34 438 0 0
PPN 116 154 2 0
DF-FLANN 278 379 2 12
MLP 136 290 10 0
ISF-FLANN 128 170 2 8
FLANN 116 154 2 8
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complexity of LTF is comparatively much lower than the other structures, but it pos-
sesses amajor drawback of being unable to deal with linear non-separable problems.

The normalized responses of the channel models considered in this paper are ex-
pressed in the form of their Z-transformation as follows:

CH =1: 1.0,
CH = 2: 0.447 + 0.8947%,
CH =3: 0.341 + 0.876 7'+ 0.3417°.

Where CH = 1 corresponds to an ideal channel with unit impulse response that has negli-
gible intersymbol interference (ISl). The model CH = 2 is a channel with non-minimum
phase. And CH = 3 stands for a finite-impulse-response (FIR) channel with channel
length 3. Following the 1SI models we consider three kinds of nonlinearities:

NL = 0: b(k) = a(K),
NL = 1: b(k) = tanh(a(K)),
NL = 2: b(k) = a(K) + 0.2a2(k) — 0.1a%(K).

The nonlinear model NL = 0 stands for a purely linear module, that is, there is no
nonlinearity in the model. The model NL = 1 corresponds to systems suffering from
nonlinear distortion which is possibly caused by the saturation of amplifiers used in the
transceivers. In models NL = 2 we assume the signals have suffered from some second-
order and third-order nonlinear distortions during transmission.

The original input signal for FLANN and PPN X(K) = [ryi kg e, rk.l,q]T is ex-
panded into 18 dimensional patterns by functional expansion [10]. These patterns include
4 origina signals, the sin(-) and cos(:) transformations of these four signals, and 6 outer
product terms generated by the four origina signals. By adding a unit biasing signal, the
numbers of nodes in the input and output layers become 19 and 2, respectively. In I SF-
FLANN the original input signals are also expanded into 18 terms. So the total number
of input layer nodesis 21, including the feedback signals [ Yy f’k.l,q]Tand the unit biasing
value. The input to the DF-FLANN is composed of the received signals from the channel
X(K) = [i kg Mei Tkagl | and the feedback from the decision device output [Zy1; Zi1 o] -
These signals are expanded into 45 terms, which include the 6 origina signals, the trigo-
nometric function values sin(x), sin(2x), cos(x) and cos(2x) of these signals, and their
outer product terms. Besides, a unit biasing signal is included in the input layer signal.
Therefore the total numbers of nodes in the input and output layers are 46 and 2, respec-
tively. The number of nodes in the input, hidden, and output layers for MLP is chosen to
be 4-8-2. The choice of the number of nodes in the hidden layer is based on our observa-
tion on its effects on the system performance. We have found that increasing the number
of nodes in the hidden layer can improve the performance. But when we choose more
than 8 nodes, the system is only slightly improved. The nonlinear function at each node
in the hidden and output layers is chosen to be tanh(-). Two sets of four-input tapped
delay lines are applied in the input layer of LTF, of which the corresponding input signal
is X(K) = [rki Mkg Mkwi Mg --- Tkesi Tkagl- 1N the simulation, 500 source signals are ran-
domly generated and passed through the nonlinear channel model. The channel output is
fed into the neural network to train the neural network. After 100 iterations of training,
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we send 10000 source symbols through the channel for testing. The above procedure is
independently repeated 100 times to calculate the SER of the whole system. In Fig. 5 we
present the SER curves under CH = 3 and NL = 2 for various equalizers ever mentioned
in this paper. We can see that ISF-FLANN and DF-FLANN have amost the same per-
formance and are about 2 to 3 dB better than FLANN, PPN and MLP. The LTF-based
equalizer is much worse than al the others and is obviously not a proper choice for
nonlinear channel equalization. Summarizing the consideration about the cost and per-
formance analysis, we can suggest using the ISF-FLANN in the equalizer. Fig. 6 presents
the learning curves of ISF-FLANN, DF-FLANN and FLANN when they are operated in
the condition CH = 3, NL = 0 and SNR = 12 dB. We can see that the speed of conver-
gence for ISF-FLANN and DF-FLANN are almost the same, and ISF-FLANN exhibits
lower M SE than DF-FLANN.

CH=3 NL=2 CH=3 NL=0 SNR=12 dB

104 1 —— FLANN
— ISF-FLANN
| — — DF-FLANN

107

SER

& (TF L
4| | —— PPN

07 | 5 mp

—— FLANN

_& DF-FLANN

—+ ISF-FLANN

L L L L L L L L L L L L L L L L L L
8 9 10 11 12 13 14 15 16 17 18 0 10 20 30 40 50 60 70 80 90 100

SNR (dB) CYCLE
Fig. 5. SER vs. SNR of various channel Fig. 6. Learning curvesfor CH = 3, NL =0,
equalizers, for CH=3, NL = 2. SNR =12 dB.

The only limitation on the choice of g and y in the BP algorithm is that these pa-
rameters have to be in some prescribed range. Their values will only affect the speed of
convergence of the algorithms. But a careful selection of the parameters will help to sim-
plify the hardware structure and can largely reduce the number of multiplications. For
ISF-FLANN, we have found from software simulation that increasing the length of the
decimal fraction of the weightings does not significantly improve the performance of the
equalizer when it is over 12 bits. And the symbol error rate of the equalizer will dramati-
cally increase when the length is below 12 bits. The relationship between the error per-
formance and the number of bitsin the fraction part isgiven in Fig. 7.

4. FPGA VERIFICATION

The generalized module of an equalizer is depicted in Fig. 8. The Source generator
(SG) is responsible for generating the input layer signals in a neural network. An SG is
generally composed of a series-in-parallel-out (SIPO) shift register and a Functional Ex-
pansionor. The trigonometric operations sin(x) and cos(x) are built in a read-only-memory
(ROM) look-up table (LUT). Besides, multiplier is used to generate outer product term.
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CH=3 NL=1 SNR=15dB

10°

. . . T o
7 8 9 10 11 12 13 14 15 16
Bit number

Fig. 7. Finite precision vs. SER of ISF-FLANN for CH =3, NL =1, SNR =15 dB.

Z,(k)

> R | 5®0 | | Re yi (k)

L » processor decision unit
X(_k)> Source 1 * v(k)
generator y; (k) threshold=0
i
> Imaginary Yq(K) .| Imaginary
processor ) "| decision unit
f f

Yq(K) threshold=0

Fig. 8. Generalized module of an equalizer.

The real and the imaginary processors respectively dea with the estimation of yi(k) and
Y4(K). And then the real and the imaginary decision units transfer the values of the esti-
mates yi(k) and yq(K) into y; (k) and ¥, (k), whose values take on 1 or — 1, depending
on whether the real and imaginary processor outputs are positive or negative. The out-
puts of the real and the imaginary decision units are then combined to form y(k) =
i (K) + ¥, (k). The detailed structure of the Processor Unit for ISF-FLANN is shown
in Fig. 9. The major task of the Matrix operator is to compute K) = WK)[P(X(K)Z)]"
and JK)[P(X(k)Z)]". The nonlinear function p(-) is carried out in the output estimator,
where the nonlinear transformation is replaced by aROM LUT. The Weight refresher for
ISF-FLANN structure is used to update W and AW. To prevent overflow, a limiter isin-
cluded in the Weight refresher to strictly restrict the weights to be always in the range
(= 32, + 32). Another point worth mentioning is that the values of ¢ and yare both cho-
sen to be 1/4 in our design. By doing this, the operations u x A(K) and yx A(k — 1) can be
performed by simple shifting instead of direct multiplying the two operands. So the chip
area as well as the processing time can be largely reduced. The FPGA chip we choose for
our circuit implementation is EP20K 600E produced by Altera Company. It is composed
of 24000 logic elements and its clock rate is set to be 50 MHz. The length of the weight
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Z

'

D(X,) Matrix ) Output -
operator Demultiplexer estimator y(k)
A

s

S, —»{ Multiplexer
8(k) Delta
— y(K)

generator
Weight AW [
refresher < refresher [~

Fig. 9. Detailed block diagram of ISF-FLANN processor unit.

Table 3. hardwar e simulation resultsfor the | SF-FLANN and the FLANN.

number of LEs | iterationtime | recalingtime FPGA
LTF 7238 500 ns 220 ns EPF10K200SRC240-1
FLANN 18804 500 ns 220 ns EP20K 600E
ISF-FLANN 20329 500 ns 220 ns EP20K 600E

is chosen to be 18 bits, which is composed of 1 sign bit, a 5-bit integer part, and 12 bits
of fractional part. Table 3 summarizes the number of logic elements, the iteration time,
and the recalling time required by the ISF-FLANN, FLANN and LTF equalizers [13].
We see that the hardware cost of ISF-FLANN is only about 8% more than FLANN. Al-
though the number of logic elements required by LTF appears much smaller, the poor
ability of equalizing nonlinear channels will greatly limit the applications of LTF. The
ISF-FLANN can be easily fitted into a single Altera Apex 20k series FPGA chip. The
clock rate is set to be 50 MHz, that is, the duration of each clock is 20 ns. The iteration
and recalling time for each data symbol are 25 and 11 clock durations, respectively. The
overall speeds of training and recalling can thus be up to 2 Mbps and 4.5 Mbps, respec-
tively.

In the simulation we first randomly generate 500 complex signals from the discrete
ensemble {— 1, 1} asthe input data sequence. After passing through the nonlinear chan-
nels, the received signals are used for training the neural network. To see the equalizer’'s
capability of real-time processing, the network is trained for 10 cycles. Fig. 10 presents
the learning curve of decoding error rate (DER) for the ISF-FLANN structures under
various channel nonlinearity conditions. In the simulation we arbitrarily choose CH = 2
and SNR = 12 dB. It can be easily seen that SF-FLANN can achieve convergence within
5 training cycles.

In our simulation the neural network is trained for ten cycles, and 500 symbols are
used for verification during each cycle. At the end of the training process, 2000 testing
symbols are input for calculating the symbol error rate. The system performance for CH
= 3 and NL = 2, that is, the transmission environment assuming some second-order,
third- order nonlinear distortions and severe nonlinear 1S, is shown in Fig. 11. We can
see that ISF-FLANN outperforms FLANN by about 2 to 3 dB, and is about 5 to 6 dB
better than LTF [13].
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Fig. 10. Learning curves of DER for CH = Fig. 11. SER vs. SNR, for CH =3, NL = 2.
2, SNR=12dB.

5. CONCLUSIONS

In this paper, we have proposed a new |SF-FLANN based nonlinear channel equal-
izer. The ISF-FLANN inherits the advantages of the FLANN so that it has simpler struc-
ture than MLP and DF-FLANN. Moreover, the feedback mechanism utilized in the 1SF-
FLANN structure can greatly speed up the convergence of network settings during the
training process. We have verified that an equalizer exploiting ISF-FLANN structure
achieves much smaller steady-state error at the output. The simulation results about the
SER behavior have shown that the ISF-FLANN outperforms the FLANN by about 2 to 3
dB. And the performance of LTF is so poor that it is rarely used in nonlinear channel
equalization. These statements purport that the |SF-FLANN possesses an improved abil-
ity of manipulating linearly inseparable problems than FLANN. So we conclude that the
ISF-FLANN structure is very suitable for applications exploiting real-time processing

and is potentially a better choice for implementing nonlinear channel equalizers.
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