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“Chapter 18| Equalization Techniques for
Mitigating Transmission
Impairments

Moe Z. Win and Jack H. Winters
AT&T Labs-Research, Middletown, New Jersey

Giorgio M. Vitetta ¢
University of Modena and Reggio Emilia, Modena, Italy

18.1 Introduction

Most current multi-gigabit-per-second digital fiber-optic systems use simple
modulation and detection techniques such as on-off keying with matched-filter
receiver techniques. However, more complex techniques such as equalization,
error control coding, and/or multilevel signaling can be used in lightwave
systems to significantly increase the data rate and/or reduce the effect of trans-
mission impairments and improve performance, and, in many cases, can be
easily implemented [1].

There are numerous sources of transmission impairments in lightwave sys-
tems. These include chromatic dispersion and polarization-mode dispersion
(PMD) in the fiber, laser and fiber nonlinearities, nonideal receiver response,
echo, and distortion caused by semiconductor optical amplifiers. Fortunately,
there are also mumerous techniques to reduce these impairments, including
error control coding, equalization, and modulation techniques with multi-
level signaling. These techniques can be used for upgrading existing systems
(e.g., reducing chromatic dispersion and PMD in systems with previously
installed fiber) or as an alternative to the use of more costly transmitters and
receivers {e.g., using coding to permit less stringent laser specifications [2]).

The purpose of this chapter is to provide an overview of equalization tech-
niques, which become increasingly important as device technology matures,
in which case substantial increases in performance (especially for already
installed systems) may only be achieved through these techniques.! We will
examine the prospects for the application of digital equalization techniques
to overcome these impairments, where the improvement is large and the
implementation is relatively simple.

1 Brror control coding techniques are discussed in Chapter 17 of this volume.

965

OPTICAT. FIRER TRT.FCOMMITNICATIONS Canuricht © 2007 Flepvier Qnianca (T1TAY



966 Mog Z. Win, Jack H. Winters,.and Giorgio M. Vitetta
18.2 Transmission Impairments in Lightwave Systems

Here we classify the transmission impairments in lightwave systems into three
categories: (1) signal distortion with.a single signal, (2) signal distortion
between multiple signals, and (3) noise. These impairments are discussed in
the following text. 4

Signal distortion (with a single signal) refers to those impairments that
distort and broaden the width of pulses, resulting in intersymbol interference
(IST) that limits the :maximum bit rate. The key feature of signal distortion
is that it is deterministic (can be calculated directly from the iimpairment),
ie., the distortion is bit-pattern dependent with the distortion for a given
fixed pattern (or slowly varying). This distortion results in a narrowing or
closing of the received signal eye in the vertical direction (a pattern-dependent
signal level at the detector sampling time) and/or the horizontal direction (a
pattern-dependent timing jitter). The most-extensively analyzed distortion is
chromatic dispersion (see, e.g. [3,4]) in long-haul systems. This is material
dispersion in the fiber which causes a delay in the received signal spectrum
that varies with frequency. The dominant delay distortion is a linear delay of
about 17 ps/km/nm at a wavelength of 1.55 um in a standard fiber. Thus, the
delay variation is linear with distance, but is fixed for-a:given length of fiber,
ie., it doesn’t vary significantly with time. A second source of distortion is-
PMD in long-haul systems (see, e.g. [4—7]). PMD is generated by signal delays
that are polarization dependent. These delays increase with distance and also
vary slowly with time (due to temperature and other variations) [6,8-10]. At
a given frequency, two orthogonal polarizations have different:delays. Thus,
a pulse with a sufficiently narrow frequency spectrum can be received as two
pulses with a time delay between them. For a study of the combined effects of
chromatic and polarization dispersion in lightwave systems, see [11]. We group
laser nonlinearities and receiver bandwidth limitations as the third source of
distortion. Note that this impairment is independent of distance, and varies
only due to aging. A fourth possible source-of dispersion is a semiconductor
optical amplifier [12] (fiber optical amplifiers have negligible distortion), and
a fifth source is fiber nonlinearities [13,14].

The previous impairments all increase in severity with the signal bandwidth.
This bandwidth is lower bounded by the data rate, but may be much larger
than this because of other factors. For a multimode laser, both mode evolution
and mode hopping [15,16] increase the bandwidth of the signal to several
nanometers. For an analysis of equalization techniques in multimode fiber
systems, see [17]. For a single-frequency (mode) laser, the laser linewidth (due
to phase noise) and chirping or relaxation oscillation (with direct modulation
of the laser) increase the bandwidth of the signal. A single-frequency laser has
a nonzero linewidth because of random variations in the phase of the laser
(phase noise), as discussed below. Chirp is the variation in carrier frequency
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of the laser caused by changes in drive-signal amplitude. Similarly, relaxation
oscillation is the variation (undesired oscillation) in amplitude of the laser
caused by changes in drive-signal amplitude. Note that chirp (and relaxation
oscillation) can be avoided if the laser itself is used in the cw mode with the
modulation being done with an external modulator.

The second impairment is interference between multiple 31gnals in different
frequency bands on the same fiber. This can be due to nonlinearities in the
fiber [13,14] or in semiconductor optical amplifiers [12]. In addition, in duplex
systems, echo also can degrade performance. Note that these distortions are
deterministic.

The third class of transmission impairment we consider is noise, which
varies randomly from bit to bit. Noise in the received signal consists of shot
noise, thermal noise, and, with optical amplifiers, amplified spontaneous
emission (ASE) noise. Shot noise is the quantum noise due to the fact that
the received signal is actually a series of photons. The number of‘photons
received during each symbol interval has a Poisson distribution and, therefore,
the received signal level varies randomly from symbol to symbol. Thermal
noise is introduced by the receiver preamplifier, and is usually assumed to
be additive, white Gaussian noise. ASE is additive Gaussian noise in the
optical signal that increases with the gain of the amplifiers. Although ASE
is random, with direct detection the electrical signal at the receiver con-
tains a noise times signal component, and thus the ASE noise level in the
received electrical signal is signal-level dependent. Without optical ampli-
fiers, thermal noise is the major limitation with direct detection, whereas
shot noise is the major limitation with coherent detection if the local oscil-
lator power is large enough. With large local oscillator power, however, the
high-intensity shot noise can also be modeled as additive, white Gaussian
noise. With optical amplifiers, ASE usually dominates the shot and thermal
noise.

Another source of noise is phase noise, which, as discussed previously, is
the random variation in phase of the transmitting laser. The main parameter
of interest with phase noise is the width of the phase-noise spectrum relative
to the data rate. Wider spectra (or linewidths) result in more signal dispersion
as discussed earlier. Also, wider linewidths require wider receive filters (if
all the signal energy in the received signal is to be detected), which results
in higher thermal noise. However, wider linewidths (if wide enough) can have
beneficial effects. In particular, with multimode lasers the distortion caused by
PMD is fixed, rather than time varying as with single-frequency lasers, where
the worst-case dispersion is significantly greater than the fixed value. Also,
with multimode lasers, the distortion due to chromatic dispersion is linear in
the received electrical signal rather than nonlinear with direct detection: of a
single-frequency laser signal. Both of these effects can make compensation of
the distortion much easier.
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18.3 Modeling of Fiber-Optic Communications Systems

In this chapter we focus on direct-detection, long-haul, fiber-optic systems,
such as that illustrated in Fig. 18.1, and we provide a quantitative description
of some of the impairment affecting them.

In this figure, the non-return-to-zero (NRZ) input data stream, c(?),
depending on a symbol sequence {ck}, is filtered by a transmit filter having
frequency response Hr(f). The filtered data signal s(z) directly modulates a
single frequency laser (SFL). Alternatively, the data stream can be used, as in
the dashed path, to drive an external modulator (EM) controlling the optical
power in order to avoid laser nonlinearity.

For direct modulation the transmitted signal x(¢) can be expressed as

2(t) = v/P(®) exp [ jQrfut + Z5() + de(D)], (18.1)

where P(?) is the optical power [depending on s(#)], f. is the lightwave fre-

quency® and Zs(f) is the phase of s(f). The phase variation d¢.(f)/dt is

commonly referred to as chirp, whereas the amplitude variation of P(¢) ver-

sus |s(?)| (the laser power is proportional to its input current) is referred to as

relaxation oscillation. Both effects can be considered as laser nonlinearities [18].
With external modulation, the transmitted signal x(z) is given by

%(t) = /@] exp[J @t + Zc(2) + (), (18.2)

where ¢(f) is the laser phase noise. It is worth noting that, in this case,
the transmitted power |x(¢)|? is proportional to the amplitude of the data
signal c(2).

e(t)

H:(f)

5.0 v @)

s Ampl. > Ho () > ﬂ_—_ .

x(t) 5,(0)

SFL EM He(f) —>

Fig. 18.1 Block diagram of a long-haul, direct-detection fiber-optic system.

2 The lightwave frequency is related to the wavelength by A = ¢/f, where c is the speed of light
in the fibers.
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The transmitted optical signal feeds a fiber, having frequency response .
He(f), which can introduce chromatic dispersion and PMD [18-20]. ‘

Chromatic dispersion will have a significant impact on system performance
if the laser frequency is different from that of zero dispersion of the fiber
[corresponding to a wavelength equal to 1.3 um in a standard single-mode
fiber (SMF)]. In this case, the main portion of the chromatic dispersion is
linear delay distortion, and the frequency response of the fiber is

He(f) = explj o f?] (18.3)

where
)\'2
o= nD?L, A . (18.4)

where L is the fiber length, D is the chromatic dispersion parameter,® c is the
speed of the light in the fiber, and A(=c/f) is the wavelength. Then, in the
presence of chromatic dispersion, the optical received signal is expressed by

so(t) = x(£) ® he(?), (18.5)

where he(f) is the channel impulse response of the fiber, and it is the inverse
Fourier transform of He(f) given in Eq. 18.3; and ® denotes convolution
operation.

With direct detection, the electrical signal s.(¢) at the photodetector output
is related to s,(¢) as

se(t) = oe 150(D)17, - (18.6)

where «,, is the conversion constant between the optical and the electrical
signals,

The PMD can be characterized in terms of first- and higher-order (in fre-
quency) effects. The first-order effect can be simply represented as a delay in
the signal in one polarization relative to the delay in the signal in the other
one. Thus, with first-order polarization dispersion and direct detection, the
electrical signal s.(¢) at the photodetector output is given by

SE(t) = Ooe [1So(t)|2 + o ]So(t _.T)Iz] (18.7) :

where «, is the ratio of the signal strengths in the two polarizations and  is
the time delay between propagation in the two polarizations.

3 Forexample, D = 17 ps/km/ nm fora SMF and D = 2.6 ps/km/nm for non-zero-dispersion-
shifted (NZDS) fiber at A = 1.55 wm.
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The electrical signal s,(f) at the photodetector output is amplified and
filtered [the frequency response Hy(f) incorporates the characteristics of fre-
quency selectivity of both the amplifier and the receive filter] to increase the
signal-to-noise ratio of the decision variable. This produces the output signal

V(t) = se(£) ® hg(t), . (18.8)

where hg(#) is the inverse Fourier transform of Hz(f). The signal v(i} isdetected
by comparing the signal level to a decision threshold during a short time
interval at the peak opening of the eye in the received digital signal. The
quality of data decisions can be seriously affected by IS], i.e., by interference
coming from data transmitted in adjacent bit intervals. .

As will become clear in the following sections, a key issue in the effective-
ness of equalization techniques against intersymbol interference is the linearity
of the intersymbol interference, i.e., the linear dependence of the data signal
applied to the decision device on the transmitted data. In the communication
system of Fig. 18.1, linear distortions include the receiver frequency response
Hr(f) and first-order PMD. Chromatic dispersion is a linear distortion in the
optical fiber; however, whether this distortion produces a linear dependence
on the transmitted data at the detector input [i.e., on v(£)] depends on the
transmission and detection techniques used. Specifically, chromatic disper-
sion appears as linear distortion in a coherent receiver, but as long as the laser
linewidth is smaller than the data rate, this form of dispersion appears as non-
linear in a direct detection system. This is a critical point and we concentrate
on this below, for both direct and external modulation systems.

In a direct detection system using external modulation, the transmitted and
the received optical signals are expressed by Eqs. 18.2 and 18.5, respectively.
Then, after direct detection, the received electrical signal s.(z) is (see Eqs. 18.5
and 18.6)

se(t) = ctoe [%(2) ® he (D, (18.9)
and the filtered received signal v(f) is
W(8) = e [x(£) ® he(t)? ® hx (D), (18.10)

or, in baseband notation,

Je@lexplj (Lo + s @ he®)| @y, (18.11)

V(f) = Uoe

If we consider long-haul systems operating at a data rate of several bes the
phase noise bandwidth is typically below 50 MHz, so that the phase noise dis-
tortion exp|[ j¢p(£)] can be deemed approximately constant over the memory
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of the channel impulse response hc(f). Under this assumption Eq. 18.11
simplifies as

JIe@l exp[ jZe(®] ® he(®) " @ hnl). (18.12)

V(t) 22 0lge

The last result shows. that. the. ISI in the electrical signal at the input of
the decision device is the square of the ISI in the optical signal so that the
overall distortion is nonlinear. However, even with thisinonlinearity, linear
equalization can be partially effective in reducing ISL. In general, linear equali-
zation will not improve performance with quadratic distortion. However, in
lightwave systems, if the signaling is binary, on-off keying is used and the major
portion of the ISI is due to a single adjacent symbol, a linear equalizer can
still be effective. In fact, under these assumptions, it can be shown that the ISI
consists of a:linear component and a nonlinear component, with the former
larger than the latter, if the ISI is reasonably small (see [21], pp. 720-721).

If the laseris directly modulated and the nonlinear amplitude variations in
the laser output signal are negligible, the transmitted signal (Eq. 18.1) can be
rewritten as

x(t) = sl exp [ @rfet + £Ls(8) + ¢e()], (18.13)

where the phase distortion exp[j@.(#)] is mainly due to the chirp effect.
Substituting Eq. 18.13 into 18.10 produces

VIs@lexp[7 (£s(t) + pe(N] ® he(t) ‘& hi(?). (18.14)

V() 22 0lpe

Tnethis case, the chirp variations are not slow as the chirp bandwidth of lasers is
typically larger than that of the data signal [21]. Then the simplification leading
from Eq. 18.11 to 18.12 cannot be applied to Eq. 18.14. However, for a rapidly
varying ¢.(¢) it can be easily shown that Eq. 18.14 may be approximated as

W(E) = e I5()] ® (D ® hr (D). (18.15)

The last result shows that the ISI in the electrical signal at the input of the
decision device is the sum of the squares of the ISI in the optical received
signal. The distortion described by Eq. 18.15 may be viewed as due to alinear
system having impulse response |hc(?)|? and fed by |s()]. The insight provided
by Eq. 18.15 is still not accurate. In fact, the chirp ‘effect in the transmitted
signal is caused by the signal level changes and, therefore, does not result
in fast phase variations over the entire duration of each symbol. In addition,
symbols surrounded by identical symbols may not experience chirp. Therefore,
in general, in direct modulation systems, the ISI is a combination of linear
(Eq. 18.15) and nonlinear distortion (Eq. 18.11). This explains why, in direct
detection systems employing direct modulation, linear equalization techniques
can only be partially effective in reducing ISI.
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18.4 Equalization Algorithms and Their Applications

In this section we delve into the field of equalization algorithms for digital
communications and illustrate the application of some of them in the field of
optical communications systems. Throughout this section we assume that

1. data decisions are based on the sequence of samples {v; = v(kT)}
(T being the symbol interval equal to the sample 1nterval) of the
electrical signal v(¢) in Fig. 18.1;

2. the dependence of {v;} on the symbol sequence {d} is linear and
the noise* samples {n;} form an additive, white Gaussian noise
(AWGN) sequence, i.e.,

™~

-1
Ve = ) Ck—141+ P, (18.16)
! .

I
S

where {¢,} is the discrete-time overall channel impulse response (CIR)
and {n;} is a sequence of iid (independent identical distributed)
Gaussian random variables having zero mean and variance o2. The
channel symbols, in general, belong to an M-ary alphabet, but in
lightwave systems M = 2 is commonly used. Nonetheless, in this
scenario multilevel signaling could be used to decrease the symbol rate
by a factor log, A this would entail a reduction in the amount of
dispersion and decrease the noise power in the detector.

18.4.1 MLSD

It is known from the Equalization theory that, if the CIR is known, maximum
likelihood sequence detection (MLSD) is the optimum sequence detection
technique because it minimizes the error probability in making a decision
on the transmitted data sequence. The ML sequence detector for the symbol
sequence ¢ = [cg, c1,. .., en—1]7 evaluates the Euclidean distance metric [22]

AR 2 Z |vie — zk(c)| (18.17)-

k=0

for each possible trial sequence ¢, where the quantity

2e(®) = z¢ (€ _p 1) 2 ch 14 (18.18)
=0

4 Thermal noise when direct detection is employed.
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depends on the data sequence through the vector €_; . é [Cr—s+1> 425

..., &n]T of L consecutive data symbols only, with the convention that &; = 0
fori < 0 ori > N.The metric A(€) in Eq. 18.17 can be also rewritten as

N-1
A@® =D A Gexir1) (18.19)
=0

where
2
2

MGk, 1) = |vie — z(€) (18.20)

and x; is the integer representation of the symbol vector (Cx—r+1, Ck—L42, - - -
1), consisting of (L — 1) consecutive data symbols. ‘Equations 18.19,
18.20 express the optimal metric as a summation of partial metrics
{A(¥,%%11)}. The k-th of these terms, A(xk,¥r41), depends on x; and xgi1,
i.e., on the vectors of consecutive trial symbols (Cx—r+1, Ck—L425 - - - » Ck—1) and
(G4—1+25Ck—L43, - - - » Cr), respectively. These considerations suggest a recursive
formula for the evaluation of A(€). In fact, if we define the recursive relation

AR©) = A€k-1) + Ao, Xer1), (18.21)
with & £ [80,21,...,¢](€y-1 = €) and A(E) = 0, then we have
AE) = A(Ey-1) (18.22)
after N iterations.
A geometrical representation to the problem of searching over the optimal
metric can be given as follows. A trellis diagram with N; = M I-1 states is

drawn, as illustrated in Fig. 18.2 for M = 2 and L = 3. In the k-th interval

Lt

A4

Y

Nefojele
e
O .

{ i »,
i ¥ [

- O OO0

k-1 £ et fime

Fig. 18.2 Four-state trellis (M = 2 is assumed).
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each trellis state represents one of the N, possible values that x; can take and
is connected via M branches to the next states {x;1}. The branch connecting
the state that couples x; and x;4; is labeled by the trial symbol &, and by
the quantlty A (xk, Xeq1), dubbed the branch metric. In this context each trial
sequence ¢ has a one-to-one correspondence with a sequence of states in the
trellis diagram, i.e., with a distinct path in the trellis. Moreover, looking for
the optimal sequence decision is equivalent to searching the minimum distance
path in the trellis. Such a search does not require an exhaustive analysis of all
the possible trial sequences, but can be carried out recursively employing the
so-called Viterbi algorithm (VA) [23-25].

We apply now the VA to implement the MLSD with known CIR The
VA operates on the state trellis, which has already been defined. In the k-th
symbol interval, each branch, labeled by the pair of states (xk, x¢.+1), is assigned
the corresponding branch metric A(x, x¢+1). The VA’s task is to find the path
(sequence of branches) through the trellis with smallest metric (i.e., the shortest
path). The VA accomplishes this by (see Fig. 18.3):

1. maintaining one survivor path per state x; in the k-th symbol interval;

2. extending these paths one step along all the M branches (labeled by
) emanating from it;

3. pruning these back by only retaining the path with smallest® metric
A(¢) into each state xg41.

)“(’fk’xﬂ\)

Ou O OLO
O 0. /00

O O
A%

| | ! |
1 | 1 I

Xrat

Y

k2 -1 k a1 fme
Fig. 18.3 Example of time evolution of the VA...

5 When a metric has to be maximized, the VA should be supplied with the negative metric
instead. ’
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In the £-th symbol interval, then, the Viterbi algorithm keeps track only
of the one path (the so-called survivor) leading to each state x;. Such a path,
denoted as X(x), is the sequence of consecutive states belonging to the path,
and it is characterized by an accumulated metric A(xy).

The VA procedure can be summarized in the following steps (k denotes the
time variable):

1. Set
k=0, X(x0)=(x), Alxp)=0 (18.23)
to initialize the algorithm;

2. Repeat steps 3—7 until & = N;
3. Extend path metrics according to Eq. 18.22, that is

AQxry1) = M) + Ak, Xaer1) (18.24)

for all the allowed state transitions x; — X413

4. For each destination state xz1, find the best (minimum metric)
incoming path over all the previous states

X = argmin A(xpe1) (18.25)
Xk

5. Update and store survivor paths as
X(oer1) = @), Xe+1) (18.26)
6. Store the new survivor metrics as
AQxes1) = M) + Ak, Xe11) (18.27)

7. Setk = k + 1 (increment time counter);

8. Detect the ML decision for the symbol sequence as that associated
with the survivor path x(xy) with minimum metric A(xy)
(termination).

It is worth noting that (a) branch metrics evaluated for state transitions
inconsistent with known (i.e., training or pilot) symbols are set to a large
value (virtually infinite), and (b) in any real implementation data estimates are
generated by the VA with a fixed decision delay, K [23] by tracing back from
the survivor with instantaneously best metric. In practice, however, there is
little degradation if the final decisions are taken after a decision delay of about
5-10 L.
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MLSD can be difficult to implement in optical communication systems,
even though high-speed VLSI implementations of the VA have been available
since the 1990s [26]. The complexity of the VA is governed by the total number
of branches, which grows exponentially with the length of CIR. Therefore, for
communications channels with ISI over many symbols (i.e., large L) the VA
is unreasonably complicated. Various schemes to reduce the VA’s complex-
ity have been proposed, and they usually involve searching only part of the
trellis [27] or simplifying the trellis. In the latter case delayed decision feed-
back sequence detection (DDFSD) [28] or reduced state sequence detection
(RSSD) [29] techniques can be employed. Both techniques exploit the typical
behavior of the CIR, which may have a peak around its middle, referred to as
the cursor, energy tailing away beforehand, the precursor, and energy tailing
away afterwards, the postcursor (see Fig. 18.4).

In DDFSD, a reduced state trellis is constructed. States in the VA’s trellis,
{(xx = (Br—r+1, .- .,Er_1)}, are collapsed together if they share the same “older”
symbols. In other words, the DDFSD states are defined by the state vector

x]lfs = (Ek~LRs+1) LRI Ek—l) (1828)

where Lgs < L. The state definition leads to a trellis again, with branches
and branch metrics associated with ‘them. Trellis processing closely follows
the VA, with survivor paths and survivor path metrics. For each state x{
and state transition labeled by the channel symbol &, the symbols required
in the evaluation of the branch metric (Eq. 18.20) are obtained partly from
the DDFSD state xt and partly (those unspecified by the state x;°) from the
corresponding survivor’s path £ (xf°). This method represents an application
of the decision feedback concept. As a first approximation, Lgs is selected to
span the precursor and cursor, and decision feedback is used for the postcursor.

RSSD is an elegant but minor extension of DDFSD. Instead of a full trellis
for the precursor and a single decision history per survivor for the postcursor,

A Cursor
4,
Precursor Postcursor

— e N

| o
Y

e [ T/H
! " l | !

Fig. 18.4 Channel impulse response.
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set partitioning principles [30] are applied to steadily reduce the number of
hypothesized symbols as more of the received pulse arrives. The general idea
behind it is to gracefully degrade performance with decreasing Lzs.

Another way of working around a large L is to adaptively prefilter the signal
to obtain shorter duration of the overall impulse response by using a linear
equalizer [31,32] or a decision feedback equalizer [33-35]. A MLSD based on
the VA is then applied to this prefiltered signal. However, the prefilter colors
the additive noise, thereby reducing performance if noise correlation is not
taken into account. .

There are also other techniques to implement simplified, approximate ver-
sions of MLSD that may be practical in optical systems operating at high data
rates, if the sequence length N is small. One of these is a block-oriented ML
detector [36] which aims at determining the bits of a short block of length
N, based on N consecutive received signal samples. Specifically, the detector
compares blocks of N received signal samples to each of the 2V (M =2is
assumed) possible (stored) signal sample vectors, each corresponding to one
of the possible 2V bit vectors. The performance of this detector is degraded by
the edge effects of ISI. In fact, since ML detection makes decisions on block
of N bits from N signal samples referring to these bits, bits at the edge of the
block are more likely to be detected in error because of the ISI coming from
bits outside the block. '

18.4.2 DECISION FEEDBACK EQ UALIZATION

The decision feedback equalizer (DFE) can be viewed as the prefilter plus
DDFSD, where Lgg = 1 so that x,}fS is an empty state vector. The trellis com-
prises one state with M branches, each returning to the same state. However,
the DFE has a preeminent role in communications due to its nice balance
between complexity and performance. Therefore we study it as a separate
structure [37-39].

In the DFE terminology, the prefilter is the feedforward filter (FFF), and
the decision feedback of DDFSD is implemented via a feedback filter (FBF),
as illustrated in Fig. 18.5. Since a DFE’s trellis has one state, a memoryless
quantizer is used as a decision device. As a simplification the FFF in an Ly-
tap T-spaced FIR filter reduces precursor ISI, whereas the FBF an L;-tap
T-spaced FIR filter reduces the resulting postcursor ISI.

The impulse responses of the FFF and the FBF are given by

A2 ool o fiy] (18.29)
and
a2 [do,di, .., dz,1], (18.30)

respectively. The feedback filter is always éymbol spaced (i.e., the tap spac-
ing is equal to the symbol interval), whereas the feedforward filter may be
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Fig. 18.5 The decision feedback equalizer. The function Q(+) denotes the quantizer.

fractionally spaced (i.e., the tap spacing is a fraction of the symbol interval)
[40, 41]. If the FFF is fractionally spaced, n samples per symbol interval are
processed by the equalization algorithm. Then the received sample sequence
turns into {vy & v(kT},)}, where typically T, £ T/n, and 7 is the number of
samples per symbol. This increases the BW of the FFF to accommodate the
signal whose BW is larger than the symbol rate [42]. In the k-th symbol interval
the received samples within the span of the FFF are expressed by (a symbol
spaced FFF is assumed for simplicity)

A T
Ye = [vk—Lf—i-la vk—Lf+2: ey vk~—l] .

In any DFE, there is always a delay A (in symbol periods) between the first
received sample containing energy from a symbol and that symbol being
detected. Such a parameter is the decision delay or lag. Therefore, the past
decision vector &, employed in the FBF is given by

~
~ ~ ~ ~ T
& = [Ctmamts> ChtlmALys - - > Ekmtr1] - (18.31)

Then from Fig. 18.5, the input to the DFE’s quantizer, O(-), is
I = v, — d7¢,. (18.32)
Ideally we would like to have
o) = ci—-a, (18.33)

where A must satisfy0 < A < L+ Ly — 2.
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Fig. 18.6 Impulse responses involved in a DFE: (a) channel; (b) feedforward filter;
(c) cascade of CIR and FFF; (d) feedback filter; (¢) channel and DFE.

|

The DFE’s performance is optimized by appropriately choosing Ly,
La, A, O(-),f and d. In known channels, Ly and Ly should be chosen to be as
large as possible (i.e., infinite, in which case A becomes arbitrary). It is usual
to use a hard, nearest-neighbor quantizer (slicer) for 0O(-) and then design
the DFE’s filters so as to minimize the mean square error (MSE) between the
quantizer’s input 7 and its desired output cr-a under the assumption of cor-
rect past decisions, &, = ¢, the corresponding equalizer is called minimum
mean square error—decision feedback (MMSE-DFE) [43,44].

The “correct past decision” assumption has been repeatedly invoked, but
it is important to recognize it as a strong assumption. In low SNR, noise may
cause a “primary” error, which is fed back into the FBE. Instead of canceling
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the postcursor, the FBF can actually enhance it; in turn, this increases the
likelihood of subsequent, “secondary” errors [45, 46],.

Since the beginning of the 1990s, DFE techniques have been proposed for
use in long-haul direct-detection fiber-optic systems where it was shown that
they can have more than double the maximum data rate of gigabit-per-second
(Gbps) lightwave systems by canceling postcursors’ ISI [47]. In this context,
DFE can be implemented by the more general technique known as nonlinear
cancellation (NLC) [47]. NLC can handle ISI that arises from a variety of
impairments, such as transmit laser chirp, chromatic dispersion, PMD, and
nonideal receiver frequency response. The first implementation techniques for
this equalization strategy are illustrated in [48]. Here, the proposed solutionis -
based on a bank of 2™ threshold detectors (where L, is the number of bits fed
back), each having a different threshold level that depends on the hypothesized
postcursor ISL The selection of the detector corresponding to the vector of
selected symbols occurs after threshold detection. This is accomplished by
choosing the output of the detector corresponding to the correct threshold
rather than switching analog signals at the data rate in the feedback loop [47].
Since at high data rates, the propagation delay of the detector can exceed
one symbol, another advantage of NLC is that the propagation delay of the
detector is not an issue. Even if not shown in [48], a nonlinear canceler can
also incorporate a feedforward section to mitigate the precursor ISI (see, for
instance, [21], p. 713).

Due to the progress in high-speed integrated cicuits (ICs) [49], the reali-
zation of tunable analog linear and nonlinear filter functions has become
feasible for high bit rates [50]. The electronic IC system for decision feedback
equalization of 10-Gbps signals is described in [50]. It is based on an eight-tap
transversal filter (FFF) and a one-tap feedback section, and its tap weights
are adjusted by external tuning voltages. It is interesting to note that in such
a device (as in all the other linear and nonlinear electrical equalizers designed
until now for optical communications), the FFF is an analog transversal filter,
i.e., the input signal of the decision device is

7
i)=Y fiv(t — kTy), (18.34)

/ k=0

where {f;} are the tap coefficients, T; is the delay introduced by each stage in the
* tapped delay line (in [50], T, = 55 ps, whereas the bit periodis T = 100 ps). The
analog signal i(¢) is sampled every T sec (ideally at the instant of maximum
eye opening) in the decision circuit and each bit decision is fed back in a
unique stage of the FBF. The equalizer, consisting of two ICs (one for the
feedforward section and the other one for the feedback section), has been
successfully tested in transmission experiments using standard SMF. It has
been shown that the power penalties of long-distance links, mainly induced by
the chromatic dispersion, can be substantially reduced.
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With data rates larger than 10 Gbps (say 40 Gbps), PMD of the fiber
becomes a serious impairment, and components and solutions for coping
with this distortion become crucial issues. Moreover, since installed fibers
are more or less exposed to environmental temperature changes, the actual
PMD and, with that, the associated bit error rate (BER), fluctuates with time
leading to outage events [51]. Since PMD is an optical property of the fiber,
the most straightforward approach to overcome this limitation is the use of
optical devices known as optical PMD compensators. However, in order to
avoid the incorporation of slow bulk optical components, it is useful to move
part of the processing from the optical domain to the more flexible electri-
cal domain. For this reason opto-electronic compensators based on the use
of multiple photo diodes have been proposed [52,53]. A winning alterna-
tive to optical and opto-electronic devices is the use of electrical equalizers
(as electronic PMD mitigators), which offer the potential of a compact inte-
gration within the electronics of the optical receiver. Linear [54,55] (see the
following section) and, in particular, decision feedback equalizers [56,57],
have been proposed for combating PMD. A comparison between different
equalization structures is illustrated in [56,58], where it is shown that the DFE
(e.g., the concatenation of feedforward transversal filter with a one-tap feed-
back section) is the technical solution exhibiting the lowest residual penalty in
high-data-rate systems. Once again, these results show the potential of postde-
tection signal processing for the reduction of distortion induced in the optical
domain.

18.4.3 LINEAR EQUALIZATION

The linear equalizer (LE) is a linear, normally transversal filter followed by a
nearest-neighbor quantizer. The LE is the simplest equalizer and, arguably, the
most intuitive as it is an adaptive filter compensating for the channel distortion.
Its taps may be T-spaced or fractionally spaced (T;,-spaced) [39]. The T-spaced
structure of; the LE is illustrated in Fig. 18.7.

Ea
o) >

Fig. 18.7 Structure of the symbol-spaced LE.
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LEsare also distinguished according to their design criteria. In applications,
two criteria are usually considered: zero forcing® (ZF) and minimum mean
square error (MMSE). The ZF method neglects the presence of the chan-
nel noise and minimizes the ISI contribution in the equalizer time span.
This is undesirable since the communication channel may be characterized
by multiple, deep notches in frequency. In inverting these, a ZF equalizer
inevitably causes undue considerable noise amplification (noise enhacement)
and a degraded BER. For this reason MMSE is usually a better design
criterion, where the combination of noise and 1S1 are minimized.

In the k-th symbol interval, the received samples within the span of an
Ly-tap LE are expressed by (a symbol spaced LE is assumed for simplicity)

T
Vi 2 Vot Vet 4200 Vit ] s (18.35)
Then the input to the quantizer of LE is given by
I 2ty (18.36)

where f is defined in (Eq. 18.29). Then a ZF LE is designed according to

(f,A)=argmin {lc,\_,_é - f”zklh}, (18.37)
.4
and MMSE LE is designed according to

- 2
(f,A) = argminE [lc,\__;A - f”vk‘ ] (18.38)
[

where {-} denotes expectation operator, f and A are trial values of f and
A, respectively, and z; is the useful component of v;. At high data rates,
symbol delays can be implemented by short transmission lines, and the taps
can be implemented by variable gains amplifiers. Linear equalizers can be used
inserted between the receiver filter and the threshold detector of an optical
receiver [42,54,59,60].

In any practical application the coefficients of an LE or a DFE must be
adapted to the channel state.

Equalizer tap weights can be adapted using either a single-step technique
such as direct matrix inversion (DM]I) or a gradient search algorithm (GSA)
[21,61]. Although GSAs are much slower to converge than the DMI technique,
they are generally suitable for fiber-optic systems since their computational

6 The ZF criterion can be also applied in the design of the DFE equalizers. In this case the
noise contribution in Eq. 18.32 must be neglected.
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complexity is much lower, while the impairment changes with rate much less
than the transmission rate,

GSAs include both blind algorithms (see the following section) such as
the constant modulus algorithm (CMA) and the least-mean-square (LMS)
algorithm [62] or the zero-forcing algorithm [63] in conjunction with a training
sequence. Tt is worth noting that the ZF algorithm minimizes the so-called
peak distortion (i.e., maximizes the opening of the eye diagram in the absence
of thermal noise), whereas the MMSE algorithm minimizes the variance of
the error signal. With modest amounts of linear ISI and thermal noise, both
equalizers produce distortion-free outputs and provide performance close to
the optimum,

To understand the technical problems associated with the use of adaptive
LEs in optical systems, let us focus on the celebrated LMS and on the ZF
algorithms. They can be expressed as [39] (real signals are assumed here)

£ = £ Aepvy (18.39)
and
e = 17 — rexcy, (18.40)

respectively, where {; is the tap vector in the k-th signaling interval, A is the
step size (controlling the convergence speed and the stability of the algorithm),
= |Ckoa—1,Ck—a—2,- -, Ck—a—L,|" 15 a past data vector, and

er = Re — cr-n (18.41)

is the error signal. In order to compute (Eqs. 18.39 and 18.40) the data sym-
bols or very reliable estimates of them have to be available. This is generally
achieved by initially using a known sequence to train the equalizer and, after
the acquisition period of the equalizer, switch to data decision. In long-haul
optical systems operating at high data rates, generating analog samples of the
signals may be costly, and therefore may not be desirable. Thus single-bit accu-
racy samples (corresponding to 1) should be used wherever possible. Then an
alternative to Eq. 18.39 is provided by the so-called sgn-sgn least mean square
algorithm,

FLMS f-LM S
k

frer = —A 5011[3 1sgnlv], (18.42)

and the modified zero-forcing algorithm,
fk/fl e= l’ — A sgnle]ey. (18.43)

Quantizing the signal samples reduces the rate of convergence of the algorithm.
This is not a major concern, since channel impairments are expected to change
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very slowly on optical channels. Of more concern, however, especially for the
sgn-sgn LMS, are the steady-state weights. In fact, since the direction of the
correction term sgn[v] in Eq. 18.42 is different from that for the LMS (v in
Eq. 18.39), the equalizer taps may settle at different values in the two cases. On
the other hand, the same considerations do not apply to the quantized version
of the ZF algorithm (Eq. 18.43). In fact, the direction of the correction term
in Eq. 18.43 is the same as for the unquantized algorithm (Eq. 18.40), and
the former algorithm converges to the same weights as the latter when the
eye diagram of the received signal is open (neither algorithm, however, works
when the eye is closed).

As already stated previously, the (unquantized) MMSE algorithm outper-
forms the ZF one when thermal noise is present and the improvement of
MMSE increases with the noise power. Furthermore, unlike the ZF algo-
rithm, when supplied with a training sequence the LMS algorithms can also
work when the eye of the receiver is closed. However, the implementation prac-
ticalities of Gpbs operation can preclude analog sampling of the signal and,
as already mentioned, the quantized version of the LMS is not guaranteed to
converge to the correct weights.

In the DFE section it has been pointed out that modern advances in elec-
tronic technology have changed the perspective in the implementation of the
equalizers. Linear electronic equalization can overcome the link-length limi-
tation imposed by chromatic dispersion over more than 100-km SMF [60,
64-66]. An electronic LE compensating for PMD and chromatic dispersion
after 100-km SMF at 10 Gbps is illustrated in [67]. In this case, a three-tap LE
is realized with commercially available coaxial components, power splitters,
tunable phase shifters, and broadband amplifiers and is preceded by an elec-
trical low-pass filter using the dispersion supported transmission method to
compensate for the chromatic dispersion of the fiber [65]. The magnitude of
the tap weights in the LE is adjusted by the coaxial attenuator. This seemingly
simple solution is shown to reduce the power penalty due to transmission via
very high PMD fiber by 8.2 dB. A similar equalization scheme with the same
penalty reduction is illustrated in [55].

More recently, advances in SiGe technology [68] have made it possible to
implement integrated circuits, that can realize electronic processing functions
for 10-40-Gbps optical transmission systems. In particular, it has been possi-
ble to implement IC LEs using the continuous time LMS algorithm (Eq. 18.39)
for tap adaptation [69]. This solution exhibits excellent properties in terms of
speed of convergence as it can accommodate both the slow environmental tem-
perature changes (acting on the PMD properties) and the fast events (within
a time scale of a few milliseconds) due to patch-cord moving or mechanical
vibrations [57].

Further applications of SiGe tunable electronic equalizers in optical
communications over SMF are iflustrated in [70].
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18.5 Other Equalization Algorithms

In the previous section the most important linear (LE) and nonlinear
(MLSD, DFE) equalization techniques for optical communications have been
described. 1n this section we briefly describe other classes of equalization
algorithms that might be used in future optical systems.

18.5.1 MAPSD

All previous equalization strategies can be easily incorporated in the receiver
structure of Fig. 18.1. Whatever the selected solution, the detector will
make a decision on each symbol of the sequence {c,} without providing any
information about the reliability of the decision itself to a decoder. Reli-
ability information can be extremely useful if channel coding is employed
[71], since it can substantially improve the error performance of the
system.

If a vector v depending on the data vector symbol sequence ¢ £ [¢, ¢y,
..., en—1]" is processed by the receiver, reliability (or soff) information about
the transmitted data is produced if the a posteriori probabilities (APPs)

Py =¢lv), k=0,1,..N—1 (18.44)

are evaluated for any possible choice of the symbol ¢. These probabilities
can be generated resorting to the so-called maximum a posteriori symbol
detection (MAPSD) strategy which represent the optimum symbol detection
technique since-it minimizes the probability of taking a wrong decision on
each transmitted symbol.

When the MAP criterion replaces the ML criterion, the MAP forward-
backward algorithm (MAP-FBA) replaces the VA [72]. The forward-backward
procedure operates on the same state trellis as the VA, but it efficiently calcu-
lates the MAP symbol probabilities, instead of just finding the ML sequence.
The forward-backward algorithm requires the complete vector v of received
samples to be available before decisions can be made. If a large decision delay
is to be avoided, a near-optimal, fixed-lag (forward-only) MAP (MAP-FLA)
strategy can be adopted [73]. However, both the FB and FL. MAP algorithms
work with likelihoods rather than log-likelihoods, so that their branch metrics
are generally more expensive to compute and their operations are multiplica-
tion and addition instead of the addition and minimization characterizing the
Viterbl algorithm. Much work on reduced complexity implementations has
been undertaken (see [22] and references therein), but this is outside the scope
of this chapter.

Let us now briefly describe the MAP algorithms mentioned above.
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The Forward-Backward Algorithm

The FBA seeks the probabilities (Eq. 18.44) for any possible trial symbol ¢
transmitted in the k-th signaling interval. As in Section 18.4.1 it is assumed
here that the channel memory is not longer than (L — 1) symbol periods, so
that any received signal sample depends on L consecutive channel symbols at
most. Then the FBA operates on the same M~ '-state trellis as the VA and
performs two basic recursions on the stream of received signal samples v in
order to evaluate the probabilities (Eq. 18.44). In the following it is useful to
keep in mind that:

1. each node in the trellis has M input branches and M output branches,
with a branch corresponding to one of the M data symbols;

2. itis useful to associate the computed values of the FBA with nodes,
states, and transitions in the trellis.

The -evaluation of Eq. 18.44 requires the computation of intermediate
quantities, known as state transition probabilities. Given the trellis states x;
and x;, in the k-th and in the (k + 1)-th symbol interval, respectively, the
corresponding state transition probability is given by

P (xgy Xg411V) (18.45)

and equals zero if the states are not connected. This quantity can be
evaluated as

ZEEC(V\‘A'»\‘;-H)P Ev)
Y PEV)

P (xg, Xp1lv) = (18.46)

where C (xt, x341) is the subset (of the set C 2 {€)) consisting of all the possible
trial sequences that traverse the trellis branch connecting the states x; and x4y,
as illustrated in Fig. 18.8.

In [22] it is proved that, given the signal model (Eq. 18.16) and under the
assumption of independent symbols, Eq. 18.46 can be also rewritten as

N-1 )
Zéec‘(xk,xw) ﬂk:u Yk («‘k;xk+’1)
N-1
> sec =0 ¥k (k> X41)

P (X, Xp41]V) = (18.47)

where

Vi (s Xpt) = P ) Wi (5 X441) (18.48)
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Fig, 18.8  Subset Cy(xy,Xp41) of all the possible trial sequences traversing the trellis
branch between the states x¢ and xeq. M = 2 and L = 2 are assumed,

is a weight function depending on trellis branch connecting the states x; and
Xge1, P(Cr) 1s the probability’ of the event {c; = &) and

-1
g — Z Cr—1 41
1=0

Equation 18.47 shows that the evaluation of the state transition probabilities
requires the computation of (a) the sum of the products of the welights associ-
ated with all the paths containing the branch going out of x; and entering x|
(see the numerator), and (b) the sum of the products of the weights associated
with all the paths in the trellis (see the denominator). A computationally effi-
cient method to solve this problem is the following. Let us define the quantities
{ax(xp)) and {Bi(xp)) through the recursive formula

() = D et (W) - Ve (ei-1,%%) (18.50)

2

] - 1 .
Wi (oiy Xk1) 2 p (VelGpoxp) = P~ (18.49)

n

1
)
JII

withk=1,2,....,N§ — 1, and

BrCar) = D Besi (k1) - valok, Xew1) (18.51)

R3]

with k = N — 2, N — 3, ..., 0, respectively. Here it is assumed that {eo(xp)} and
{By—1(xy_1)} are known initial conditions.

7 Such a probability is equal to 1 /M for equiprobable channel symbols.



988 Moe Z. Win, Jack H. Winters, and Giorgio M. Vitetta

The quantity o (x;) expresses the sum of the products of the weights along
all paths originating from all the possible pastinitial states {xp) and terminating
at x; in the k-th signaling interval. Similarly, B(xr) represents the sum of the
products of the weights along all paths ending in all the possible future terminal
states {xy_;} and originating from x; in the k-th signaling interval. Then the
numerator of Eq. 18.47 can be evaluated as

N—1

A
or (o) 2 > [ v xenn)

EeClxy, 1) m=0
= o () YeOos Xaa1) * Brat (Y1) (18.52)
whereas its denominator as
N-1
Z H Ve ks Xp41) = Z O Xk, X 1) (18.53)
e k=0 Ry )
so that

. 03Xk Xp41)
Py, Xppt]v) = o e
2 Ok X))

(18.54)

The last result shows that all that is needed for the evaluation of the state tran-
sition probabilities are the quantities {oy (xx, x¢+1)}, computed as in Eq. 18.52.
This, in turn, requires a forward (Eq. 18.50) and a backward recursion
(Eq. 18.51) involving all the trellis states in each signaling interval, as illus-
trated in Fig. 18.9. It is worth noting that both recursions over the trellis only
need to be performed once.

For demodulation purposes, the quantity of interest is P(¢;[v) for any pos-
sible value of the channel symbol ;. This probability can be calculated by
summing all the state transition probabilities (Eq. 18.54) that correspond
to branches associated with the symbol ¢;. Then if we define the set S(&;)
of all state transitions (xg,xz11), such that the channel symbol labeling the
corresponding branch is &, P (¢;|v) can be evaluated as

~ " - Z(x._\':, )eS(') Uk(X/;, ;\:/\‘-f—l)
P(crlv) = Z PGy xpalr, @) = ‘Z‘“ T
ST eS wovent OF K Xit1)

(18.55)

Finally, the FBA can be summarized in the following steps:

1. Evaluate the conditional probabilities {y(xg, xr41)) for all the
trellis branches using Eqs. 18.48 and 18.49;

2. Initialize the forward recursion setting

k=1, axy)=1 (18.56)
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Fig. 18.9 Application of the FBA to a two-state trellis (a) (M = 2, L = 1). The
quantities {oy(x)} and {Bi(x)) are computed recursively in the forward (b) and in
the backward (c) recursion, respectively, using the branch probabilities {4 (3¢, 1)}
Finally, (d) the state transition probabilities {o%(xz, \H,)} are evaluated according to
Eq. 18.52.

3. Repeat steps 4 -5 until k = N;
4, Compute and store the forward path probabilities {c (xz)} using
Eq. 18.50;

5. Seth=Fk+1;
6. Initialize the backward recursion setting

k=N—2, Boly_p) =1 (18.57)
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7. Repeat steps 8-9 until k = 0;
8. Compute and store the backward path probabilities {8 (xz)} using
Eq. 18.51;
9. Setk=k—1;
10. For each trellis branch compute the quantity oy (v, xx41) using
Eq. 18.52;
11. Evaluate the a posteriori symbol probabilities {P (¢¢]v)} by means
of Eq. 18.55.

Fixed-Lag MAPSD

The forward-backward algorithmis suited to short burst transmission because,
otherwise, its delay and storage requirements are unsatistactory. The MAP
fixed-lag algorithm (MAP-FLA) detector [73,74] makes decisions at a fixed
lag of Ly symbols from the current received samples, as

Oy = argmax P (Z’klvgl’/ﬁ“])”ﬁl), (18.58)
&

where the notation xg denotes the vector [x,, Xgt1,. .- ,x5)7. The parameter
Ly is akin to the decision delay in the VA, and so, for effectively optimal
performance, it is expected to be as high as 5L or 7L. The decision rule may
be implemented via two good algorithms, both requiring a single forward
pass only. The newer one, dubbed soft-output algorithm (or OSA)[75], has a
smaller computational complexity than the older one [73], since the number of
quantities to be stored and recursively updated increases linearly, rather than
exponentially, with the decision delay.

A description of the MAP-FLA is not provided here. However, it is impor-
tant, at this stage, to make some comments about the VA, the MAP-FLA, and
the MAP-FBA. Each of these algorithms can be employed for the detection
of data sequences in the presence of ISI. Among these algorithms, however,
the VA has the smallest complexity and this makes it the most reasonable
choice in uncoded communication systems where soft output information
is not required. The MAP algorithms have the following relevant disadvan-
tages: (1) they require the knowledge of the noise variance; and (2) they have
large memory and computation requirements. In particular, as already stated,
MAP algorithms accomplish computations in the probability, instead of the
logarithm domain and, consequently, require a large number of multiply and
exponential operations. The MAP-FBA detector performs two recursions and,
consequently, it operates in block mode. It memorizes all the received signal
samples of each block and afterwards processes them. Its memory requirement
grows linearly with the sequence length so that only short data sequences
should be processed. The MAP-FLA requires only a forward recursion, so
that it can operate in continuous-mode. Both the memory and computational
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requirements, however, grow exponentially with the decision delay so that this
parameter should be kept to minimum. For this reason the FBA may have
smaller computational requirements than the FLA.

18.5.2 BLIND TECHNIQUES AND CMA

The LE and the DFE equalization algorithms are commonly derived assuming
a known CIR. In practice, such equalization algorithms learn the channel state
in the training period during which a known data sequence is transmitted. An
alternative to this approach is represented by blind equalization techniques.

An equalizer can compensate for channel distortion even in the absence of
known symbols, by using one of a number of blind deconvolution algorithms.
These may be classified into four classes: algorithms explicitly using higher
order statistics (HOS), subspace algorithms, Bussgang algorithms, and joint
data detection and channel estimation techniques. Here we shortly discuss only
Bussgang algorithms. Such algorithms employ a gradient descent algorithm
that attempts to restore some property of the input data that was destroyed by
the frequency selective channel [76, 77]. Let us consider a linear equalizer with
contents v, coefficients f;, and quantizer input /; defined by Egs. 18.29, 18.35
and 18.36, respectively, and update equation (see Eq. 18.39)

fr01 = B — Avie(li), (18.59)

where A is the step size and the error factor e(-) is a nonlinear, memoryless
mapping that characterizes each Bussgang variant. There are two important
variants for e(+) in the family of blind equalizers: (a) the Sato algorithm [76]
and (b) the constant modulus algorithm (CMA) [77].

As we have previously shown with LMS-DFE, the error factor is evalu-
ated as

e(ly) & I — (L), (18.60)

where O(-) is the nearest neighbor quantizer. Given reliable (ideally correct)
decisions, this choice minimizes the residual mean square error between the
input and output of the quantizer, and thus it is well-suited to tracking. It is
unsuitable for acquisition since typically many incorrect decisions are fed back
initially, and the equalizer may converge to a closed-eye setting (i.e., the cost
function has many local minima). For this reason, common practice is to use
another blind algorithm until the eye diagram is opened and then operation
is switched to decision-directed mode.

Sato’s algorithm pioneered the field of blind equalization. Given a real
constellation and real received samples, it uses

e () & I —sgn(ly). (18.61)
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Essentially the symbols are quantized as pseudobinary, and this increases the
decision reliability when large constellations are employed. It is demonstrably
less likely to converge to a local minimum than the decision directed version.
However, it is known that it can get hung-up when initializing a DFE.

The algorithm of choice is the CMA [78]. It attempts to ensure that the
quantizer input lies as close as possible to a circle with radius +/Cby minimizin g

caun 2 B {(11P> - )] (18.62)
with
A E{l[ki4}
C= —2 18.63
E () (1869

It may be used for real/complex signals and constant/nonconstant envelope
modulations. In recursive form the error factor is calculated as

e () = L [I* - C]. (18.64)

Given diversity (through fractional sampling for instance), a finite length
equalizer adapted by the CMA can be shown to be globally convergent, i.e., to
converge to the optimum setting whatever its initialization.
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