
ince the early 1990s storage densities of high-end 
magnetic disk-drive systems have been growing 
at a compound rate of 60% a year. This rate is 
equivalent to a doubling of storage density every 

18 months. Today’s commercial disk-drive products can 
store more than four billion bits of information in every 
square inch of disk surface. This phenomenal density is 
achieved while meeting a stringent reliability con- 
straint-the bit-error rates are typically kept on the order 
of before using error-correction coding. The enor- 
mous growth in storage capacity has been fueled by the in- 
creased size and complexity of applications software and 
the sheer volume of data generated every day. The storage 
market is currently growing at an average rate of nearly 
100% a year in terms of gigabytes shipped, and the 
world-wide annual revenue is expected to reach around 
$90 billion by the year 2000. Some industry analysts fore- 
cast that, as access to data becomes more critical in the 
overall computer system design, demand for computer 
storage will outstrip unit growth in personal computers, 
servers, or mainframes. 

Among the key components in the development of a 
successful storage system are heads, meda, and signal 
processing. In the past, major breakthroughs in the heads 
and media technologies have been mainly responsible for 
the spectacular growth in storage capacity, but signal 
processing is increasingly recognized as a cost-efficient 
means of improving density. This article addresses the is- 
sues relevant to signal processing. While the focus is on 
magnetic storage, most of the signal-processing strategies 
discussed here are also applicable to optical storage. 

This article begins with a brief description of the 
readlwrite (R/W) process in magnetic storage. The char- 
acteristics of noise and nonlinearity present in real mag- 
netic storage channels are also discussed, and a discussion 
on channel modeling is followed by a description of differ- 
ent modulation codes. Different suboptimal sequence de- 
tectors and equalizers are then presented that represent 
the techniques that are either already in use in commercial 
systems or being investigated for near-future applications. 
We then discuss sequence detectors, with in-depth treat- 
ment given to those based on tree search, particularly fi- 
nite or fured delay tree search (FDTS) detectors [22, 52, 
56, 65, 76, 781. Finally, performance evaluation results 
are presented under various channel conditions, which 
should be usefkl in assessing the potential benefits of dif- 
ferent coding and sequence-detection strategies. 

Overview 
For a given head and media interface, a better signal- 
processing strategy will result in improved reliability. 
When the achieved level of reliability exceeds the pre- 
scribed requirement, this improvement can be translated 
into an increase in storage density by allowing more bits to 
be packed into the unit area of the media surface. Among 
other important factors considered in choosing the 
signal-processing strategy for a given storage system are 
data rates, implementation costs, and power require- 
ments. 

The R/W process can be modeled as a communication 
channel based on the pulse-amplitude- 
modulation (PAM) method. This 
model provides a compact mathemati- 
cal relationship between the stored data 
bits and the continuous-time waveform 
produced by the read head. 

The modulation codes employed in 
storage systems have characteristics that 
are quite dfferent from those of the codes 
used in other communication systems. 
In magnetic storage, the modulation 
codes are used, for example, to fa- 
cihtate the operation of the sim- 
ple peak detector, to limit path 
memory in sequence detection, or 
to increase distance between output 
waveforms as seen by certain types 
of detectors. 

The output from a typical mag- 
netic storage channel is corrupted 
by severe intersymbol interfer- 
ence (ISI) . Sequence detectors 
malie a symbol decision based on 
observation of signals over many 
symbol intervals and, as such, 
their performance is considerably bet- 
ter than symbol-by-symbol detectors in the pres- 
ence of large signal correlation caused by ISI. The most > 
prominent example of the sequence detector is the maxi- E 
mum-likelihood sequence detector (MLSD), which is $ 
typically iinplementedusing a Viterbi detector with a long 2 5 
but finite decision delay [32, 451. In real applications, E % 
however, sequence detectors are invariably used in combi- 5 2 
nation with an equalizer, which reduces the effect of IS1 to ’ 
a certain extent. This combination of equalization and se- 0 g 
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quence detection offers a good compromise between per- 
formance and complexity. 

Past developments in communication theory suggest 
that for IS1 channels corrupted by Gaussian noise, the 
channel capacity should be approached through the use of 
a code with the relatively simple decision-feedback equal- 
izer (DFE) to replace complex sequence detectors [20,27, 
641. Ths result implies that no matter how large the IS1 is, 
the detector need not be any more complicated than a sim- 
ple DFE. Unfortunately, however, this is true only when 
transmitter precoding can be used to eliminate error 
propagation [33, 721. The transmitter precoding tech- 

The geometric interpretation of an FDTS detector pro- 
vides useful insights into interesting implementation op- 
tions. The signal-space formulation of an FDTS detector 
is particularly useful in minimizing implementation com- 
plexity in the presence of modulation-code constraints. 
This point will be elaborated later using some important 
practical examples of the code constraints and tree-depth 
parameters. 

Communication Channel Model 
for the Readwrite Process 

nique is Only to input Figure 1 shows a block dagram of general data storage 
systems. Error-correction coding (ECC) is first applied to 
information bits to prevent burst errors. In commercial 
storage devices, the Reed-Solomon codes with certain de- 
grees of interleaving are used almost universally for this 
purpose. The encoded bits are then subject to another 

amely, modulation coding. As will be 
here are different types of modulation 

codes depending on the specific need. The modulation 
encoded bits are the actual bits that 
are stored in the magnetic media. In 
this article, these bits will be referred 
to as data bits or sometimes symbols. 
The data bit sequence is first con- 
verted into a rectangular current 
waveform and then stored into the 
medium in the form of a magnetiza- 
tion waveform. This “write” process 

is accomplished by a small magnetic element called the 
either a Or a tree-search write head, moving at a constant velocity above the mag- 
e Of Of netic storage medium. In modern digital recording, the 
the trellis search in magnetic storage is the written magnetization takes the form of a rectangular 

partial-response maximum likelihood waveform as the medium is saturated either along or op- 
(pRML) technique, which combines posite to the track direction, At the time of data retrieval, 
Viterbi detection with partid response the stored bit sequence is reproduced as the read head 

senses the magnetic flux (either the flux itself or its gradi- 
that deal with ent depending on the type of read head) emitted from the 

methods L21, 30, 43, 68, 811. The written magnetization pattern. The signal at the output of 
the read head appears as a continuous-time-voltage wave- 

waveform is then passed through what is generally called 
the “read channel)) in the data-storage community. The 
read channel consists of some type of bandlimiting filter, 

driven by a timing circuit, an equalizer, and a symbol de- 

and be used for modern 
which are 

At the present time, 
that the Only way to utilize a ‘On- 

magnetic 

it 
siderable fraction Of the 

A sequence detector be described 

linear There exist 
papers and 

FDTS detectors are to the 
constrained optimum detector, which makes a sym- form. The amplified version of the read-head-output 

bo1 decision with a minimum probability of error given 
the explicit decision delay constraint [2] .  

An FDTS detector can be imp1emented in many differ- 

given FDTS detector in multidmensional signal space. 
ent Ways. One interesting method is to formulate the a sampler (assuming discrete-time signal processing) 
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tector. The detected symbol or data bit sequence is then 
applied to a modulation decoder and finally to an er- 
ror-correction decoder. 

Let us now focus on mathematical modeling of the 
R/W process. More specifically, we shall find an analyti- 
cal relationship between the stored data bits and the 
readbaclc waveform available at the output of the write 
head/medium/read head assembly block in Fig. 1. A 
communication-type channel model such as this is nec- 
essary for design, analysis, and simulation of sig- 
nal-processing schemes. 

There are two different formats for generating the cur- 
rent waveform given a binary data pattern. With the 
non-return-to-zero-interleaved (NRZI) format, a binary 
1 in the data pattern produces a transition and a binary 0 
results in the absence of transition. This is shown in Fig. 
2(a). With the non-remrn-to-zero (NRZ) method, the 
amplitude level in the waveform directly reflects the given 
binary information, as shown in Fig. 2(b). In the past, 
data recovery was typically carried out by a simple peak 
detector that determined whether a transition was pres- 
ent within the given symbol interval. The NRZI record- 
ing format is a preferred method with this peal< detection, 
as an error made in a given interval has no effect in the fu- 
ture decisions (i.e., no error propagation). In contrast, 
serious error propagation will result when the NRZ 
waveform is reconstructed based on the pealc detector 
outputs. With more sophisticated sequence detectors, 
however, the NRZI method offers no dstinct advantage 
over the NRZ recordmg format. 

In digital communication systems based on PAM, the 
received waveform is commonly expressed as 

z ( t )  = c x,s(t - h T )  + n(t)  
k 

where x, is the digital data sequence transmitted, s(t) is 
the channel impulse response, a(t)  represents the additive 
noise observed at the receiver, and Tis the symbol period. 
We now derive an analogous mathematical description 
for the R/W process of magnetic recording. 

The rectangular current waveform generated accord- 
ing to the given binary data pattern (whether NRZI or 
NRZ) is viewed as the input to the write-headlme- 
dium/read-head assembly. The written magnetization 
waveform is similar to the input current waveform except 
that the transitions tale place over a nonzero period. The 
voltage waveform generated at the output of the read 
head during the read process is talcen as the output of the 
same write-head/medium/read-head assembly, and is es- 
sentially a differentiated and low-pass-filtered version of 
the applied waveform. The reproduced waveform is also 
corrupted by noise. The overall writelread process can be 
modeled mathematically as: 

z ( t )  = ~ dw(t) * h( t )  + n(t)  
dt  

where z( t )  is the reproduced or readback-voltage wave- 
form; w (t)  denotes the rectangular-current waveform; 
h( t )  represents the low-pass filter type of response arising 
from the frequency-dependent signal loss terms due to 
the head-medium spacing in the read process, the read 
head gap effect, the medium thiclmess effect, and the im- 
perfect writing of magnetic transitions; n(t) is the adcl- 
tive white Gaussian noise due to the read head and 
electronics; and "*" denotes the convolution. The differ- 
entiation occurs under the assumption of an inductive 
read element, but the modeling results will essentially be 
the same with the shielded magneto-resistive (MR) read 
head. Recording systems using thin-film media also ex- 
hibit a highly localized, nonadditive type of noise. We 
shall discuss this type of noise shortly. 

Let us for the time being assume that the NRZ record- 
ing format is used. Then, the input current waveform, 
w ( t ) ,  is generated by multiplying each binary input, x,, 
taking the value + 1 or -1 by a rectangular pulse of dura- 
tion i.e., 

A 1 .  Block diagram of a data-storage system. 
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~ ( t )  = 2 x,P(t - kT). (3)  precoded sequence XI and the original bit sequence, x,, is 
k recovered through an inverse precoding operation (i.e., 

'Combining Eqs. (2) and (3)  and realizing that X h  = X I  0 X I - , ) .  

Media Noise 
Today's advanced magnetic recording systems such as 

= x, [S(t  - IZT) - 6( t  - T - kT)],  
(4) dt k 

we can express the readback waveform as: computer hard disk d&es all employ thin-metallic media. 
In such systems, the step response may change from one 

i(t) - h ( t -  T ) .  This is usuzly called the p&e response 
since it is the head/medium response to a rectangular cur- 
rent pulse (h( t )  is called the step or transition response 
since it is the readback response to a single current transi- 
tion). Equation ( 5 )  can be alternatively written as 

z ( t )  = 2 a,h(t - kT) + n(t)  
k 

where 

a, = xb - x , -~ .  ( 7) 

The symbol a, takes values 2,0, and -2, which represent 
a positive transition, no transition, and a negative transi- 
tion, respectively. Note that the polarity must alternate 
between any two successive nonzero ah symbols. 

The step response is often analytically modeled as the 
Lorentzian function: 

h( t )  = 1/ w 
l + ( t /  w)2 (8) 

where w represents the width parameter, which depends 
on the physical width of the written transition as well as 
other head/medium properties. While the Lorentzian 
function enables a convenient mathematical modeling of 
the step response, its validity is questionable in many real 
applications. Figure 3 shows a more realistic step re- 
sponse arising from micromagnetic modeling of a thin- 

(a) NRZl 

1 0 1  0 0 1  0 0 1  Input Data 

Current Waveform I ! 
(b) NRZ 

Input Data 1 0 1  0 0 1  0 0 1  

Current Waveform I i I I 
A 2. NRZI and NRZ recording formats. 

A 3. Typical step response in magnetic recording. 

film disk anda magneto-resistive (MR) heady 
Equation (5) can also be used to describe the in- 

put/output relationship of a recording system based on 
the NRZI format, provided that the input sequence xk is 
replaced by the precoded sequence xi .The sequence XI is 
obtained by passingx, through a precoder whose transfer 
function is 1 / (1 0 D), where D represents a delay and 0 
denotes a modulo-2 addition. The example shown in Fig. 
4 illustrates that the NRZI-recorded waveform of a given 
bit pattern is indeed identical to the NRZ-recorded wave- 
form of the precoded version of that pattern (to illustrate 
the modulo-2 operation, binary 1's and 0 's  are assumed in 
place of bipolar 1's and -1's). Therefore, when the NRZI 
format is used, the detector can still be designed and 
evaluated based on the PAM-like channel description of 
Eq. ( 5 ) .  In this case, however, the decision is made on the A 4. Relationship between NRZ and NRZI. 
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pattern and, strictly speaking, cannot be modeled as add- 
tive noise. Transition noise can be a major problem in 
some high-density drives. One example is IBM’s experi- 
mental system used in the gigabit-per-square-inch dem- 
onstration held in 1989. In that system, transition noise 
was responsible for more than 90% of the total noise 
power [ 361. 

A simple yet fairly general model for transition noise 
can be obtained by introducing random variations to 
both width and position parameters of the step response 
[51, 531. Let h(t,w) denote the readback response to a 
noise-free transition located at t=O,  where w is the width 
parameter. Also, let h,(t) denote the transition response 
for the k-th symbol interval. The subscript k emphasizes 
the underlying assumption that the step response is gen- 
erally Qfferent from transition to transition. We assume 
that h,(t) is uniquely determined by two variables: the po- 
sition and width parameters. The readback response to a 
noisy transition in the k-th symbol interval can then be 
written as 

h k ( t )  = h(t - kT - At, ,  w + Awk)  ( 9 )  

where Ath and Aw, are random parameters representing 
deviations in the position and width, respectively, from 
the nominal values. Taking an n-th order Taylor series ex- 
pansion, the above expression can be approximated as a 
linear sum of the noise-free response and residual re- 
sponses due to deviations around the nominal position 
and width of the pulse: 

ah ah h, = h(t - kT, W )  + At,  - + Aw, - 
at aw 

The resulting channel model is depicted in Fig. 5, 
where a, represents the sequence inQcating the transi- 
tions defined in Eq. (7). The multiplicative nature of tran- 
sition noise is clearly shown in Fig. 5. The partial 
derivatives weighted by the multiples of the random con- 
stants can be viewed as residual responses. The overall 
channel consists of the main path due to the nominal re- 
sponse and paths due to the residual responses. 

Nonlhearky 
So far it has been assumed that the signal portion of the 
received waveform can be constructed from linear super- 
position of isolated step responses. In practice, this is true 
only at low recorQng densities where magnetic transi- 
tions are well separated from one another. As density in- 
creases, however, nearby transitions start to interact, 
resulting in significant n o h e a r  distortion [61 J . An im- 
portant source of nonlinearity is the shift in transition po- 
sitions, which occurs as the demagnetizing field of the 
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A 5. Channel model including transition noise sources. 

previous transition influences the head field writing the 
current transition. Another type of nonlinearity is the 
broadening of the current transition as the head field gra- 
dient is reduced by the demagnetizing field from a previ- 
ous transition [ 53 J . Thus, a transition is shifted earlier in 
time and tends to broaden due to the effect of the transi- 
tion written in the previous symbol interval. Yet another 
form of nonlinearity, which becomes significant as transi- 
tions approach each other even closer, corresponds to 
partial erasure of adjacent transitions [49J. At the read- 
back level, this appears as a sudden reduction of the signal 
amplitude. While the position shift can be eliminated to a 
large extent by precompensating the write current so that 
the actual written position of a transition coincides with 
the intended position, the transition broadening and par- 
tial erasure effects are difficult to avoid as linear density 
increases. 

Unlike transition noise, nonlinearity is a repeatable 
phenomenon. The output of a nonlinear magnetic chan- 
nel can be described as a superposition of pattern- 
dependent step responses. Let the sequence of transition 
symbols that contribute to nonlinearity at time k be de- 
noted by the vector a,. Emphasizing the pattern depend- 
ence of the step response, we can write the readback 
waveform arising from a nodnear magnetic channel as 

Expressing the nonhear Qstortion as a deviation around 
the linear step response, we can write 

h(t)  = C a b  [h(t - kT) + y ( t  - kT, a,)] + n(t) (12) 
k 

where y ( t  - kT,  a,) represents the pattern-dependent 
deviation from the linear response in the k-th symbol in- 
terval. 
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Advanced signal processing 
has been playing an increasingly 
iimportant role in improving 
(densities in magnetic 
storage devices. 

The nonlinear distortion can also be described by the 
Volterra functional series. The Volterra series model con- 
structs the nonlinear portion of the signal as the sum of 
the outputs of nonlinear “kernels.y’ These nonlinear ker- 
nels act like the impulse response of a linear system ex- 
cept that each kernel is driven by a product of the present 
symbol and some combination of the neighboring sym- 
bols contributing to the present nonlinearity. As an ex- 
ample, assume that the nonlinear distortion for the K t h  
symbol interval is affected by three precedng symbols ub 

and uh-2. Then, the Volterra model describes the non- 
linear distortion with three different kernels: two driven 
by the second-order symbol product?, ukuk-l anduku,_, , 
and one driven by the third-order product u,ak-luh-z. 
This is depicted in Fig. 6, where h: 2 ,  ( t )  andhi2) ( t )  repre- 
sent the two second-order kernels and h‘ 3,  (t) the third- 
order kernel. 

The kernels in Fig. 6 can be estimated by training the 
assumed structure to measured data. A more systematic 
approach is also possible to identify them from experi- 
mental measurements [35, 461. Other nonlinearity 
characterization methods exist that rely more heavily 
on physical understanding of the write process [3,61, 

Different signal-processing strategies have been devel- 
oped in the past that are geared specifically toward par- 
ticular characteristics of the transition noise and 
nonlinearity. These techniques range from perceptron- 
like equalizers to sequence detectors with modified met- 
ric computation [4,48,60, 841. While we expect 
to see continued research efforts in this direction, 
these techniques are mostly exploratory at the 
present time. The detection techniques reviewed 
in this article do not attempt a direct optimization 
against transition noise and nonlinearity, but 
rather consider them as part of additive random 
noise. Even when the direct optimization is not a 
rnajor goal, the transition noise and nonlinearity 
rnodels discussed above are useful in evaluating 
performance of various signal-processing ideas 
under realistic channel conditions. 

83, 851. 

storage channels, constrained coding is used for a variety 
of reasons. A prime example is the minimum-run-length 
constraint, also called the d-constraint, which forces run 
lengths of like symbols to be at least (d+ 1) and thereby 
separates magnetic transitions by at least (d+ 1) symbol 
intervals (according to the NRZ recording convention) 
[67]. The d-constraint was originally introduced to mag- 
netic recording in order to minimize the pulse overlap- 
ping to facilitate the operation of simple peak detection. 
But, as the linear density requirement becomes more 
stringent, there seems to be a more fundamental reason to 
employ the d-constraint; for the same user density, the d- 
constraint provides increased distance between adjacent 
transitions, which helps to reduce the effects of severe 
nonlinearities arising from closely spaced transitions. In 
practice, transition spacing is also upper-bounded by 
( K  + 1) symbol intervals so that nonzero signal levels arise 
frequently enough for a proper operation of the timing 
circuit. This constraint is called the “k-constraint.” Run- 
length-limited coding with both lower and upper limits 
on run lengths oflilie symbols is referred to as “(d,,)” cod- 
ing. 

One disadvantage of the d-constraint is that the re- 
quired code rate is considerably lower than the codes 
based only on the k-constraint. This means that for the 
same user data rate, the symbol rate must be higher. For 
example, the rate 2/3 ( d = l , k )  code runs at a clock rate 
SO% higher than that of the rate 819 code with the li- 
constraint only; this puts the (a!,&) code at a considerable 
disadvantage for storage systems that are limited by the 
clock speed. However, for systems that are not limited by 
the processing speed of the circuit and for which density is 
the most important concern, the (d,K) code seems to be 
the better choice. This is especially true when the ratio of 
the width of the read pulse to the bit cell length is large 
(i.e., severe ISI), a situation in which the d= 1 code has 
been shown to exhibit a minimum-distance increasing 
property, resulting in a performance improvement upon 

luodulation Coding 
With modulation coding a certain constraint is 
imposed on the input bit sequence so that some 
desired characteristics are maintained in the 
stored bit patterns. For this reason modulation 
coding is also called constrained coding. In digital A 6. Volterra series model for nonlinearity. 
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Viterbi Detector 

Equalized PR Channel 
JPartial Response- Tuned to 

Filtered & Sampled 
Read Signal Lineal Equal zet I 

A 7. Partial-response maximum-likelihood technique. 

A 8. Decision-feedback equalization. 

mal data bit sequence (same as the k-constraint). 
The code, however, has no minimum run-length 
constraint, i.e., d=O. For these reasons, the 
PRML code is also referred to as the (O,G/! code. 
The typical values for G/I are 414 and 3/6, which 
can be implemented with the rate 8/9. An im- 
proved rate of 16/17 is also possible without re- 
laxing the G and I constraints significantly [ 731. 

Constrained coding is also used to directly 
achieve a coding gain. Results obtained by Kara- 
bed and Siege1 [39] have shown that a large cod- 
ing gain is possible by imposing a constraint that 
forces nulls in the power spectrum of written se- 
quences that match with those in the chan- 
nel-transfer function. This result is remarkable in 
the sense that code design, which has traditionally 
been pursued independently of the channel re- 
sponse, can now take advantage of given spectral 
properties of the channel. A data-recovery scheme 
that combines a matched mectral null code with 

A 9. Binary tree. 

the d=O codes despite a larger rate loss [38]. The d- 
constraint can also provide robustness against channel pa- 
rameter fluctuations [ 37, 541. 

Today’s advanced hard disk drives employ the PRML 
detector in place of the traditional peal< detector. The 
PRML scheme combines partial-response linear equali- 
zation with Viterbi detection and requires a lfferent type 
of code constraint [68, 791. To reduce complexity and 
improve speeds, the present PRML system is imple- 
mented as two interleaved subchannels, one operating on 
the odd-indexed bits and the other on the even-indexed 
bits. The PRML code limits the number of consecutive 
binary 0’s in each of the two interleaved data bit se- 
quences to I. This I constraint is necessary to force a finite 
decision delay in Viterbi detection. The Viterbi detector 
keeps track of more than one candidate data bit sequences 
and makes the decision for a given symbol interval only 
after all the canddate sequences agree up to that point. 
Thus, a forced delay is necessary to limit the memory re- 
quirement in practice. For timing purposes, a run-length 
limitation of G consecutive 0’s is also imposed on the ac- 

L 

PRML has been designed and implemented in VLSI 
chips [ 711. A general technique is available for designing 
constrained codes with efficient encoders with sliding 
block decoders. This technique is based on constructing a 
constrained graph according to the given code constraint 
and performing the state-splitting algorithm [47]. This 
technique can be applied to a very large class of codes, in- 
cluding all practical constrained codes encountered in 
data storage channels. 

Another constrained code that results in a direct cod- 
ing gain is the recently introduced maximum transition 
run (MTR) code [58]. The basic idea is to eliminate the 
critical bit patterns that cause most errors in sequence de- 
tectors. More specifically, the MTR code eliminates input 
patterns that contain j or more consecutive transitions in 
the corresponlng current waveform. As a result, forj=2 
the NRZ error events of the form +{2 - 2 2) are elimi- 
nated. This improves the performance of a broad class of 
near-optimal sequence detectors substantially at high lin- 
ear densities. The code possesses the similar distance- 
gaining property of the (1,Ez) code operating at a high lin- 
ear density, but it can be implemented with considerably 
higher rates. In adltion to enhancing distances, the 
MTR codes are useful in controlling nonlinearities and 
other write-side anomalies associated with crowded tran- 
sitions. As a simple example of an MTR code withj=2, 
16 codewords required to implement the rate 4/5 block 
code are given in Table 1. The NRZI format is assumed 
in mapping the codewords to the magnetization wave- 

00110 01100 10010 00001 

00010 01000 01101 10100 
. - - ____ 

10000 

00101 1000 1 
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A 10. Decision-making process in FDTS. 

fixm. It can be seen that consecutive runs of 1's are lim- 
ited to 2 both within the codewords and at the codeword 
boundaries. The runs of consecutive 0's are also limited 
(to 8 in this example) for timing-recovery purposes. 
Bit-error rate (BER) simulation results indicate that the 
RATR code yields large performance improvement over 
existing codes when used with high-order PRML and 
FDTS detectors. The code rate and/or the k-constraint 
can be further improved by using a state-dependent en- 
coding strategy [ 171. There also exist other types of code 
constraints that posses similar distance-enhancing prop- 
erties for high-order PRML systems [40]. A location- 
dependent MTR code constraint has also been consid- 
ered that allows certain crowded transition patterns de- 
pending on their starting positions [12, 31, 741. 

Detection Techniques 
Advanced signal processing has been playing an increas- 
ingly important role in improving densities in magnetic 
storage devices. Until recently, simple analog peali detec- 
non has been the universal choice for data detection in 
magnetic data-storage devices. A peak detector operates 
on the analog readbacli signal to determine the presence 
of a pulse within a predetermined observation window 
tlhat is sliding in time [66]. A readbacli pulse occurs where 
there is a transition in the input current waveform, and 
the written data pattern can be reconstructed by correctly 
identifying the pulse positions in the readback signal. 
When the density requirement is moderate, combining a 
peak detector with an error-correcting code and a (d,k) 
nun-length-limited (RLL) code provides an adequate 
means to recover data with relatively low implementation 
cost. However, as linear density increases, overlapping 
between neighboring pulses becomes severe and the peak 
detector performance deteriorates rapidly due to large 
peak shifts and amplitude reductions. 

Among notable recent advances in signal processing 
for magnetic recording is the PRML scheme 1211. The 
basic idea of the PRML method is illustrated in Fig. 7. 
The sampled read signal is applied to a linear equalizer, 

which forces the transfer function of the com- 
bined channel filter and equalizer t o  a 
(1-D) (1 +D)" polynomial, where D represents a 
symbol delay and n is a positive integer [70,75]. 
The equalizer output signal is then fed to the Vit- 
erbi detector tuned to the IS1 coefficients corre- 
sponding to the (1-D) (1 +D)" target function. 
While offering a reasonably good match to the 
natural channel response, this particular family of 
target functions yields a smaller number of dis- 
tinct signal levels at the equalizer output than 
more general target functions with the same 
number of IS1 terms. This, combined with the 
feature that the signal levels are integer-valued, 
significantly reduces the number of multipliers re- 
quired in the implementation of the Viterbi de- 

tector. In the absence of noise enhancement and noise 
correlation, the Viterbi detector will perform maxi- 
mum-likelihood detection. But, there is an obvious loss 
of optimality associated with the PR equalizer. A close 
match between the target function and the natural chan- 
nel will guarantee that this loss will be small. Equalization 
is typically done using a finite-impulse-response (FIR) 
digital filter, but it can also be done in continuous time 
before sampling occurs. In some commercial disk drives, 
the equalizers are trained at the factory floor and are "fro- 
zen" before shipping. In others, equalizers are designed 
to operate adaptively in real-time. For more discussion on 
adaptive equalization for storage channels, the reader 
should consult other references [lo, 191. 

Of the (14)  (1 +D)" PR family, a popular choice of 
partial response is the class IV partial response (PR4) 
characterized by the 1-D2 transfer fhnction (i.e., n= 1). 
The PR4 target provides a reasonably good matching to 
the natural head/medium response of the magnetic stor- 
age channel at low to medium linear densities. PR4 
equalization also allows the interleaving of the readback 
signal into two dicode signals to which a simplified, 

A 1 1. Recursive path metric computation for -2 (2y(O) is set to 1). 
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Viterbi-equivalent detection algorithm can be applied 
[28, 811. Today’s PRML systems operate with (0,GII) 
codes that do not have the minimum run-length con- 
straint and, at current linear densities, this results in a 
significant code-rate advantage over the conventional 
(d= 1,12=7) RLL code. Overall, the improved noise im- 
munity and ability to combat IS1 more effectively, cou- 
pled with the rate advantage of the d = 0 modulation code, 
malm the PRML technique considerably more attractive 
than the conventional peak detection scheme. 

The PRML method has also been combined with 
(1,7) coding. The need for the d= 1 constraint may arise 
in some low-end applications to facilitate the write pro- 
cess by placing transitions further apart. With (1,7) cod- 
ing, however, the symbol density is much higher than the 
d=O coded systems. As a result, a considerably better 
matching is achieved with the PR target (l-D) (1 +D)3, 
which is called the E2PR4. Although the number of IS1 
terms is increased significantly, the complexity of the Vit- 
erbi detector is kept reasonable as the d= 1 constraint 
eliminates many states and state transitions in the trellis 
diagram. This particular PRML method has also been 
employed in commercial VLSI read channel chips [ 301. 

Another technique of interest is the DFE [5, 71. The 
DFE does not force the readback response to a predeter- 
mined target and, thus, suffers from smaller equalization 
loss than PRML techniques at high linear densities. 
Figure 8 illustrates the basic DFE operation. Proper for- 
ward filtering is critical to the success of a DFE read chan- 
nel. The forward filter in a DFE performs a minimum 
phase filtering on the read signal. This turns the IS1 in the 
forward filter output, vh, causal with a tendency to em- 
phasize near IS1 terms more than the distant ones. In the 
feedbacliloop, the latest decisions are used to construct b,, 
a replica of the IS1 contribution seen at the forward path. 
If the past decisions are correct, entire IS1 will be canceled 

A 12. Recursive path metric computation based on the expanded 
metric (2f0 is set to 1). 

and decision can be made using a simple threshold detec- 
tor. The feedback filter can be implemented either by an 
FIR filter or a random access memory (RAM). When the 
feedback filter is implemented using a RAM, the DFE 
also can effectively counter the causal part of nonlinear 
dstortion [29],  provided that the nonlinear effects can be 
predicted using either a parameterized nonlinearity 
model or by direct training on test data. Much efforts are 
now being directed to efficient circuit implementation of 
DFEs. Prototype DFE channel chips operating at high 
speeds have been developed. 

Detection strategies based on two pardel DFE struc- 
tures offer significant performance advantage over the 
conventional DFE [9,  231. The dual DFE (DDFE) de- 
scribed in [9] is particularly attractive from the imple- 
mentation standpoint. The two DFEs that operate in 
parallel are identical except that the associated threshold 
levels are biased toward a positive and a negative value, re- 
spectively. In this way, an ambiguity zone is created in be- 
tween the two threshold levels. When the threshold 
detector input fills in this region, the two detectors gen- 
erate opposite decision bits, signaling the beginning of an 
“erasure period.” During the erasure period, the two 
threshold levels are set at zero to maximize the signal mar- 
gin. The decision is made after a fured delay by favoring 
one DFE over the other, based on the threshold errors 
(difference between the threshold detector input and the 
decision bit) accumulated over the erasure period. As the 
erasure period is forced to an end, the feedback shift reg- 
ister contents of the favored DFE are copied into the 
other equalizer and the threshold levels are reset at the 
original biased values. Analysis in [9] shows that the 
DDFE can offer up to a 1.94 dB SNR gain over the con- 
ventional DFE. 

A modified DFE structure also exists that can counter 
the effect of nonlinearity arising from the present and h- 
ture symbols as well [86]. The basic idea is to dynamically 
adjust the decision threshold in anticipation of nonlinear 
lstortion contributed by the current and hture transi- 
tions. Since a significant portion of nonlinear distortion 
comes from the present and future transitions, this modi- 
fication results in a visible improvement on the eye open- 
ing of the signal at the threshold detector input. 

Among the approaches that employ the minimum 
run-length codes is the (1,7) maximum-liltelihood tech- 
nique, which provides an efficient near-optimal se- 
quence detection of (1,7) run-length-coded data [62, 
631. The Viterbi detector can also be used in conjunc- 
tion with a higher-order partial-response target that of- 
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A 13. Nonrecursive path metric computation. 

A 14. A T= 1 tree labeled with expected signal values. 

fers a better matching to the unconcbtioned channel 
spectrum than the PR4 target. Depending on the linear 
density, the performance improvement over the existing 
PRML technique based on the PR4 target can be sub- 
stantial, but the required complexity is expected to be 
much higher as well. 

An interesting technique has been proposed to offset 
the increased complexity requirement associated with the 
extended PR4 (EPR4) target characterized by the trans- 
fer function (1-D)(1+D)2 [82]. Let PR4ML and 
EPR4ML refer to the PRML methods based on the PR4 
and EPR4 targets, respectively. The first step in this ap- 
proach is to generate an EPR4 error sample sequence by 
passing a PR4 error sequence through the (1 +D) digital 
filter. The PR4 error sequence here is defined as the dif- 
ference between the captured PR4-equalized read signal 
and the noiseless three-level PR4 samples, constructed 
from the PR4ML decision bits. This tentative EPR4ML 
error sequence is then compared with the known output 
error patterns that are most common to the EPR4ML 
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channel. If the tentative error sequence is sufficiently 
close to any of the dominant EPR4 error patterns, then 
the PR4ML decision bits are corrected accordingly. The 
resulting performance approaches EPR4ML, whereas 
the architecture is based on the existing, much simpler 
PR4ML and some add-on circuitry. PRML performance 
can also be improved by incorporating a noise predictor 
in the branch metric computation of the Viterbi detector 
[25]. This technique also attempts to make use of existing 
PRML architectures. 

Another example of a detection scheme that provides 
efficient symbol recovery is the fned-delay tree search 
with decision feedback (FDTS/DF) [52]. While the 
FDTS/DF is essentially a finite-depth tree search utilizing 
past decisions to remove excessive IS1 terms, it is most ef- 
fective when applied to constrained channels such as 
minimum-RLL channels and maximum-transition-run 
channels. The remaining portion of this article will focus 
on the FDTS/DF and related techniques. It will be shown 
that the signal-space formulation of the tree-search algo- 
rithm and constrained signals leads to highly efficient 
implementation options. 

Fixed-Delay Tree Search 
The FDTS/DF employs a DFE-like minimum-phase fil- 
tering in the forward section to create a causal channel re- 
sponse. The feedback filter driven by past decisions then 
cancels some of the past IS1 terms. This operation is the 
same as the DFE except that not all the IS1 terms are can- 
celed by the feedback filter; in this approach, the 2 most 
recent IS1 terms are allowed to enter the decision ele- 
ment, which in turn utilizes the signal energy contained in 
the allowed IS1 terms in making an improved decision. 
Assuming past decisions are correct, the observation sam- 
ple available at the input of the decision element at time 12 
is given by 

A 15. Signal-space representation of FDTS with ‘I= 1. 
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A 16. Imp1ementat;on of signal-space FDTS, 

N-Boundaries (Hyperplanes) 

A 17. Implementation of a decision boundary consisting of N hyperplanes. 

wheref, represents the causal channel response seen at the 
output of the forward equalizer. The first coefficient,&, is 
assumed to be 1 with no loss of generality. In order for the 
feedback cancellation scheme to work, the FDTS detec- 
tor must make a decision with a fxed symbol delay of Z. 
The FDTS algorithm can also be viewed as the delay- 
constrained optimal detector (DCOD) originally pro- 
posed by Abend and Fritchman [2], provided that the 
most recent past decision is correct [56]. But, in general, 
the FDTS results in a significant reduction in the process- 
ing and storage requirements compared to the DCOD. 
The performance analysis is also straightforward by com- 
puting the minimum distance between any two 
look-ahead paths that &verge at the root [ 561. 

Figure 9 shows a typical binary tree, where two 
branches coming out of each node correspond to two 
possible binary input data symbols. Each possible input 
sequence corresponds to a path through the tree defined 
by a sequence of branches. Associated with each branch is 
the noiseless output signal,y, which is a weighted combi- 
nation of the precedmg z input symbols. For each tree 
branch the branch metric is defined to be -(r - y)" 

The FDTS detector can be decomposed into the follow- 
ing steps. First, the detector loolrs ahead (from a given 
node) z levels into the tree by computing 2'+l accumulated 
path metrics for 2'+' possible paths. These accumulated 
metrics associated with each possible look-ahead path are 

then used to decide whether the symbol at the 
root of the tree should be + 1 or -1 based on some 
decision rule. The determined symbol is then re- 
leased as the final decision for that cycle. Finally, 
the detector lscards all the paths that do not 
share the selected root symbol (i.e., either upper 
half or lower half of the look-ahead paths whose 
root symbol is not consistent with the released 
symbol will be discarded). In the next symbol in- 
terval, a new observation sample is received and 
the surviving paths are extended one level further. 
The procedure is repeated. Note that because the 
path metrics are stored in a fured order, there is no 
need to maintain survivor paths; the path history 
is implied in the ordered list of the inetrics. 

The typical decision strategy is to choose the 
largest accumulated metric and release the root 
symbol associated with the corresponding path as 
the final decision [65]. Another possible strategy 
is to weigh the metrics with the inverse of the 
noise power, pass them through a parallel expo- 
nential processor, and sum the outputs according 
to the root symbol, as shown in Fig. 10. The sym- 
bol decision is made by comparing the block-wise 
sums. When the noise is Gaussian, this strategy 
follows drectly from the DCOD assuming that 
the decision made in the previous interval is cor- 
rect [56]. If the noise is not Gaussian, the results 
will be essentially the same as those based on the 
largest metric path under reasonable high SNRs. 

Ths  is beciause even sha l l  dfferences between hdividual 
metrics are greatly exaggerated by the exponential func- 
tions and the largest metric will always predominate other 
metrics at the output of the exponential processors. m e  
the performances of two decision strategies are s d a r ,  the 
decision rule utdizing exponential functions may offer con- 
siderable advantage in terms of implementation complex- 
ity and processing requirements. The implementation of 
the exponential characteristic is straightforward using bi- 
polar transistor characteristics and hgh-speed implemen- 
tation is possible using current-mode processing [ 141, 
whereas the maximum-fmdmg operation is often a costly 
and time-consuming process. 

For magnetic channels with constrained codes, the 
above decision strategy is modified by identifying the 
look-ahead paths that violate the code constraint and 
blocking the associated metrics in the summing opera- 
tion. As pointed out in [52], the FDTS/DF techniques 
are most useful for constrained channels because of the fa- 
vorable performance/complexity tradeoff options that 
they can offer. 

Path Metric Computation 
As reviewed above, the FDTS algorithm can be dwided 
into two major steps: metric computation and decision 
d n g .  The decision-making process can be implemented 
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based on the idea depicted in Fig. 10, utilizing the expo- 
nential I-V characteristic of a pn-junction of a bipolar 
transistor [14]. 

In the following, we focus on the metric computation 
process. The branch metric h , is expressed as 

The role of advanced detection 
schemes becomes more critical 
as the demand for higher user 
density continues. 

Figure 11 depicts a straightforward way of recursively 
computing the path metric for the case of ~ = 2 .  The path 
metric for the ith path, m, (i), is obtained by addmg the 
latest branch metric 2r, . yh (i) - [y, (i)]’ (ignoring the 
term -T,”, which is common to all branches) to an appro- 
priate path metric carried over from the last cycle. Due to 
the symmetric nature of a tree, the expected signal values 
for the bottom half of the paths are equal to the negative 
of those in the top paths, i.e., 

This property is used in Fig. 11 to halve the number of 
multipliers necessary in metric computation. The quan- 
tity A, represents a constant offset that is used to prevent 
the accumulated metric values from overflowing. 

The cross product term 2vh . yk can be expressed as 

Realizing thatxls are either + 1 or -1, Eq. (16) can be re- 
written as 

where the eight different combinations (for ~ = 2 )  of the 
-t and - signs correspond to the eight look-ahead paths 
[ 161. An alternative implementation strategy for recur- 
sive path metric computation based on Eq. (16) is shown 
in Fig. 12. Clearly, with this method, the number of mul- 
t ipliers necessary increases only linearly, whereas the 
number of the inputs to each adder is still an exponential 
function of T. Thus, this implementation might be suit- 
able for current-mode processing where the multi-input 
add operation is relatively easy to realize. 

The potential latency problem associated with recur- 
s:ive metric computation can be mitigated by computing 
the branch metrics of all branches for a given look-ahead 
path, not just the latest branch, and adding them anew 
each cycle. With T = 2, the path metric at time k is given by 

where the expected signals y,-, andy,, depend on past de- 
cisions k.b-3 and kk-+, i.e., 

Y b - 1  = xj-1 + f1.k-2 + f 2  4 - 3  (19a? 

It is sometimes more convenient to express the path met- 
ric in terms of the expected signals that have no depend- 
ency on past decisions. We define 

(204 YL-1 = xk-l  + f1.b-2 

Then, the path metric can be rewritten as 

assuming the terms depending on the past decisions have 
also been removed from the observation signals, i.e., 

After expanding the square terms in Eq. (21), drop- 
ping the terms that are common to all paths and express- 
ing the cross products between the observation and the 
expected signal in the form of Eq. (17), we obtain the 
structure shown in Fig. 13. Notice that there are only 
small increases in the number of multipliers and in the 
number of inputs to each add element, compared to the 
recursive architecture of Fig. 12. The advantage of the 
nonrecursive architecture of Fig. 13 is that the number of 
the sample/hold (S/H) components, which can be a ma- 
jor source of power consumption in analog circuit imple- 
mentation, grows only linearly as a function of T. Also, 
the architecture of Fig. 13 is more suitable for various 
pipelining and parallel-processing strategies necessary for 
high-speed implementation. 

Signal-Space Formulation of FDTS 
In essence, the FDTS algorithm finds the looli-ahead path 
that is closest to the observation sample sequence in the 
Euclidean sense and identifies the binary decision symbol 
associated with that path. This problem can be viewed as 
finding the nearest neighbor in the (T+ 1)-dimensional 
signal space [ 18,411. This geometric interpretation of the 
FDTS algorithm leads to some interesting implementa- 
tion options. As will be explored later, this is true espe- 
cially when constrained coding is imposed on the input 
data sequence. 

Let us take the T =  1 example. The two consecutive ob- 
servation samples available at the FDTS detector input, 
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‘ h  = x h  + flX&, + ah ‘h-1 = xh-i  + fix,-, + 3 are 
to be used to make a decision onx,-,. After removing the 
terms depending on the past decision, the observation 
samples  become yh = xh + f,x,_, + mh and 
vi-, = xh-, + ah-,. Figure 14 shows a T= 1 tree with the 
branches labeled with the expected signal values, 
y h  = x, + flxh-, and y;-, = x,-,. The ith look-ahead path 
is denoted by pi. 

In Fig. 15, the look-ahead paths are represented as vec- 
tors or points in the 2-dimensional signal space. If the ob- 
servation point specified by rh and vL-, has as the nearest 
signal PO or p l  (p2 or p3), then the decision is made in fa- 
vor of + 1 (-1). This process is summarized by the deci- 
sion boundary made up of three straight lines 
perpendicularly bisecting the signal pairs associated with 
dlfferent binary symbols; if the observation falls in the 
right (left)-hand side of the boundary, the decision 
should be + 1 (-1). The decision r u l e  can be stated as 

and xh-, = -1 otherwise. 

Each of the three inequalities involved in Eq. (23) in- 
dicates the condltion whether the observation point is in 
the right-hand or left-hand side of the corresponding 
straight line bisector. Figure 16 shows a block dlagram 
implementation of this decision rule, where the Boolean 
logic represents the two-level AND-OR operation corre- 
sponding to Eq. (23). 

In the above example, the decision r u l e  is found by 
simple inspection of the expected signal points in the 2- 
dimensional space. However, as the dimensionality in- 
creases, this approach is no longer feasible. Given that the 
equation of a hyperplane is described as a known linear 
combination of T observation variables (plus a constant 
offset term) and that the decision boundary is made up of 
some of these hyperplanes, a general signal-space detector 
takes the form shown in Fig. 17. 

Loolung at the structure of Fig. 17, a natural question 
arises: how can we find the minimum set of linear 
weights, w’s (including the constant offset terms), and the 
logic rule that would yield the optimal decision bound- 
ary? Fortunately, there exists a systematic way to find an 
exact answer to this question. This method is based on the 
concept of the Voroiioi diagram (VoD) and Delaunay 
tessellation (DT) developed in computational geometry. 
In a general inultilmensional space, there are signal pairs 
that do not contribute to the construction of the decision 
boundary. For example, the line bisecting the signal pairs 
PO and p3 in Fig. 15 does not play a role in the decision 
process. The DT provides a systematic way of identifying 
all signal pairs whose bisecting planes do not affect the de- 

cision boundary in the multidimensional signal space. As 
a consequence, the minimum set of hyperplanes and asso- 
ciated logic combination that realize the optimal decision 
boundary can be found analytically. For more detailed in- 
formation, the reader should consult other references 
[13, 591. 

When the dimensionality is low enough (e.g., T less 
than 4), a drect search process combined with Monte 
Carlo BER simulations can also be used to find the appro- 
priate weights and the logic rule [ 161. In this approach, to 
determine which hyperplanes should be ignored in con- 
structing the decision boundary, a ranled-order &stance 
list of the bisecting hyperplanes is formed in which the 

A 18. Signal-space decision rule for - 1  with d=l coding. 

I 
rk --& f l t D  

- 

A 19. -1 signal-space detector for d=r code. 

A 20. 2=2 look-ahead tree with branches labeled with expected 
signals. 
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hLyperplanes are listed in order of increasing distance from 
the signal pairs that generated the hyperplane. Starting 
fiom the bottom of the list, the hyperplanes are removed 
until the BER performance degrades below the pre- 
scribed level. Each time a hyperplane is removed from the 
l i ~ ,  the logic r u l e  is found anew. An exhaustive search of 
the space can be used to find the logic rule by processing 
points on a regular grid through the given set of weights 
and labeling the resulting region with the binary symbol 
associated with the closest signal. The ordered distance 
approach is particularly useful when one is interested in 
finding a reduced-complexity implementation at the ex- 
pense of some loss of performance. It is found that using a 
representative channel response that arises from a 
high-density disk drive, this approach yields a sig- 
nal-space detector consisting of 7 hyperplanes that 
matches the performance of the ~ = 2  FDTS. For the ~ = 3  
detector, the ranked order distance list starts with 64 hy- 
perplanes, and after the search, the decision boundary can 
be constructed with 19 hyperplanes without losing per- 
fiormance relative to the original FDTS [16]. The 
weights of the surviving hyperplanes are often similar, 
implying that the number of multipliers required to con- 
struct the decision boundary can be reduced further. An- 
other systematic method exists for f inding 
reduced-complexity signal-space detectors [44]. 

The obvious similarity between the structure of Fig. 
17 and that of the Adaline or the perceptron suggest that 
both the weights and the logic rule can be trained using al- 
gorithms similar to those used for the neural networks 
[77]. One may also attempt to introduce a nonlinear ele- 
ment into the structure of Fig. 17 in an effort to create a 
smoothly shaped decision boundary, which might be 
more efficient than the piecewise linear boundaries dis- 
cussed above. 

Impact of Constrained Coding 
As discussed above, constrained coding is used for a vari- 
ety of reasons in digital storage channels. In the following 
we focus on the d-constraint and the MTR constraint. 
IJsing specific examples, we show how the signal-space 
fixmulation of the FDTS can take advantage of these 
code constraints and results in highly efficient architec- 
rures. 

&cons train t 
Let us take a specific example of the d= 1 constraint and 
the ~ = l  FDTS. With the d = l  constraint, going from 
T=O to z= 1 provides a very large performance improve- 
ment whereas increasing z beyond 1 yields only marginal 
performance gain [ 521. For this reason, T =  1 is often con- 
sidered the most attractive choice with the d = l  con- 
straint. 

With the d= 1 constraint, the paths that contain two 
successive symbol changes should be ignored in the deci- 
sion malung process as they violate the code constraint 

(assuming the NRZ convention). From Fig. 14 we see 
that path p2 is the illegal path if the previous symbol x ~ - ~  
was +1, whereas path p l  turns out to be the code- 
violating path ifxh-2 was -1. Thus, we arrive at two differ- 
ent decision rules according to the previous decision Xh-2  . 
In Fig. 18 line A and line B bisect the signal vector pair PO 
and p2 and the pair p l  and p3, respectively. When 
ih-2 = 1, we Iznow that p l  should be discarded, in which 
case line A is used as the decision boundary. Likewise, line 
B serves as the decision boundary when p2 is hscarded as 
in the case of &b-2 = -1. Strictly speaking, the decision 
boundary in either case should also incorporate the line 
separating the furthest pair, PO and p3. However, the 
probability that the given error is caused by the noise 
moving the hrthest signal (p3 in the case of decision 
boundary A or PO in the case of B) across the boundary 
will be asymptotically negligible. Thus, the effective sig- 
nal margin of this simplified decision rule will be the same 
as the original FDTS. 

The decision rule can be formalized as follows: 

For ' h - 2  = 1, 

where ga (a) = 1 for a 2 0 and -1 otherwise. 

gle decision rule: 
The two separate cases can be incorporated into a sin- 

which can be rewritten as 

since Y L - ~  = yhMl - f12,-, . Figure 19 shows the block dia- 
gram implementation of this rule. Interestingly, this 
structure corresponds to a discrete-time matched filter for 
the truncated channel with the transfer function 1 +LD, 
followed by a threshold detector. A simple signal margin 
argument shows that this detector indeed achieves as- 
ymptotically (i.e., at high SNRs) the optimum perform- 
ance [57]. It should be pointed out, however, that the 
matched filter with a threshold detector does not nor- 
mally provide an optimal detection quality when there is 
ISI. It is the d=  1 code constraint that males this structure 
optimal even in the presence of significant ISI. The 
discrete-time matched filter, whose transfer function is 
given byD+f,, can also be incorporated into the forward 
and feedback equalizers, as suggested in [42]. This may 
provide an additional advantage in terms of the process- 
ing speed in VLSI implementation. The resulting struc- 
ture then essentially becomes a DFE, except that the 
equalizer coefficients are different and that the slicer 
makes a binary decision on a four-level input signal. This 
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A 2 1. Cross-sectional views of the 3-d signal space. 

A 22. -3 signal-space detector with the MTR constraint (assum- 
ing f,= 1 and f2=O). 

structure is known as the inultilevel DFE (MDFE). Im- 
plementation issues related to the MDFE have been in- 
vestigated in [ 11 ]. 

For this simplified structure, the worst-case signal 
separation for xh = 1 and x, = -1 at the slicing point is 
2( 1 +hi”). The performance advantage of the FDTS/DF 
over a standard DFE, assuming they are both used for the 
d = 1 constrained channel, can easily be understood. As- 
suming perfect cancellation of the tail of the channel re- 
sponse via the feedback equalizer, the signal separation 
for the DFE is 2. This means that the FDTS/DF improves 
upon the DFE by a factor of 1 +Az in SNR. 

MTR Constraint 
Analysis and simulation results indicate that with the 
MTR code constraint, the FDTS/DF performance im- 
proves by the largest margin when 2: increases from 1 to 2 
[58]. Figure 20 shows a 2:=2 look-ahead tree. The 
branches are labeled with the corresponding expected sig- 
nal values, y h  , Y L - ~ ,  and yL-z and the look-ahead paths, 
denoted by pi’s, are expressed as the vectors of the ele- 
ments y b ,  yL-l and yL-z . For simplicity, it is assumed that 
fi = 1 and& = 0. This assumption makes the placement of 
the signal points in the 3-dimensional space highly sym- 
metric, which enables the determination of the decision 

boundary by simple inspection. These assumed 
coefficient values are also a fairly good approxi- 
mation to the natural values at high densities. An 
adchtional equalization coiistraint can also be im- 
posed to make this assumption valid without 
changing the underlying noise statistics signifi- 
cantly. With the additional assumption that 
f, = 1, this equalization constraint is referred to 
as the “110” equalization [XI. It is also straight- 
forward to derive the signal-space detector for ar- 
bitrary coefficients fi mdfi using the DT method 
1591. 

The essence of the MTRj=2  code is to pro- 
hibit more than two consecutive level changes in 
the written magnetization pattern. Therefore, de- 

pending on the past symbol, %,-,, it is easy to see that ei- 
ther path p2 or path p5 in Fig. 20 should be declared 
illegal (assuming the NRZ convention) as one of these 
two paths will always contain three consecutive symbol 
changes. 

Figure 21 shows the cross-sectional views of the 3- 
dimensional signal space a t  T,& =O. Two cases corre- 
sponding to two different previous decisions are shown 
separately. The black (whte) dots represent the paths as- 
sociated with the decision symbolx,,=-1 (+ 1). In each 
case, the dotted line represents the decision boundary, 
which is made up of three chfferent planes. In the actual 
3-dimensional space, the white dots are placed above the 
plane of the paper, which corresponds to y L 2  = 0, and the 
black dots below it. Therefore, each plane that makes up 
the decision boundary is angled at 45 degrees to the plane 
of the paper. The equation of the planel, that bisects the 
signal vectors pi and pi is given by 

(28) 
where (.)’ denotes the vector transpose. 

A 23. Summary of PRML and FDTS/DFperformances with addi- 
tive noise. 
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The equations of the planes necessary to construct the 
overall decision boundary are given by 

L,, = -rk + - 1 = -rk + rh-, - 1 - ib-3 (29b) 

L,, = -rb + r;-2 + 1 = -rh + Tb-, + 1 - ik-3 ( 2 9 4  

L, 2 0 means that the observation vector is closer to pi 
than pi, Inspecting Fig. 2 1 and using Eq. (29), we arrive at 
the following decision rule: 

where gn’(a) = 1 for a 2 0 and gn’(a) = 0 otherwise, and 
O and O represent modulo-2 addition and multiplication, 
respectively. (Here, the decision symbol ih-2 is expressed 
as binary 1 or 0 to facilitate logic operation, but should be 
converted to bipolar 1 or -1 to maintain consistency.) 
The decision rules ofEqs. (30) and (31) can be combined 
into a single equation: 

whose block diagram implementation is shown in Fig. 22. 
The above two examples illustrate the signal-space for- 

mulation of the FDTS and the efficient implementation 
strategies talcing into account the d = 1 and MTR con- 
straint. Although these examples deal with some specific 
cases of tree depths, they represent important practical 
situations. The idea presented through the above exam- 
ples can also be extended to more general coding and 
tree-depth parameters. For large tree depths, however, 
methods such as the VoD/DT technique [59] or the sys- 
tematic partitioning scheme of [44] should be used to 
construct the decision boundary as the geometric visuali- 
zation becomes dfficult. 

A 24. SNR versus linear user density. 

Performance Comparison 
The BER performances of different code/detector combi- 
nations were simulated using random information bit se- 
quences and noise. Theoretical analysis based on some 
distance argument is possible, but Monte-Carlo simula- 
tion provides an accurate picture, especially in the pres- 
ence of residual IS1 and error propagation. In our 
performance evaluation, the BER was first obtained as a 
function of readbaclc SNR for each technique. Then, the 
readbaclc SNR required to achieve a target BER of 10.’ 
was recorded for each code/detector combination. The 
readback SNR is defined as 

peak amplitude of isolated step response 
SNR = / 1 \  

R M S  noise in 0 - ~ 1 fieguency band [ PW50 (33) 

where PW50 denotes the width of the isolated step re- 
sponse at the 50% height. The required readback SNRs 
were then used as a basis of performance comparison. The 
simulations were run at different user densities. The user 
density, D,, is defined as 

PW50 
user bit period 

D, = 
(34) 

A modeled MR response was used to construct the read- 
back signals. Both PKML and FDTS/DF techniques 
were simulated. Large enough FIR filters were used for 
equalization for both techniques so that the performances 
were not degraded by imperfect equalization. In all cases, 
the equalizer taps were obtained based on the minimum 
squared error criterion. 

Figure 23 summarizes the simulation results talcen at 
0,=2.5 with additive Gaussian noise. The density 
0,=2.5 is considered a high density (current high-end 
products operate at around 0 , = 2  -2.5). PRML and 
FDTS/DF techniques are compared and the perform- 
ance is plotted in terms of the SNR improvement over the 
PR4ML, which is considered today‘s industry standard. 
The PR targets take the form (1 - D)( 1 + 0)  with n 
corresponding to 1, 2, 3, or 4 (denoted by PR4ML, 
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EPRML, E2PRML, or E3PRML, respectively). The 
FDTS/DF schemes are shown for different z values (z= 0 
corresponds to DFE). For each detector, three dfferent 
codes-the rate 8/9 (0,4/4) code, the rate 2/3 (1,7) code, 
and the rate 4/5 MTR j = 2  code-are considered (the I 
constraint plays no role in high-order PRMLs, which are 
not interleavable, and can simply be ignored). All tech- 
niques shown yield performance improvements over the 
PR4ML. The E3PRML and the z=5 FDTS/DF, both 
with the MTR code, achieve the best performance. These 
techniques also require the highest complexity. In the 
PRML family, the next best performance comes from the 
E2PRML combined with the MTR code. A similar per- 
formance is obtained from the z=2 FDTS/DF, again 
with MTR codmg, but with a much lower implementa- 
tion complexity. The performance improvements of the 
E2PRML and the 2=2 FDTS/DF with MTR coding are 
more than 6 dB over the PR4ML with the (0,4/4) code. 
Note that the z=2 FDTS/DF can also be implemented in 
signal space with a very low hardware complexity and 
with practically no loss of performance by utihing the 
“1 10” forward equalization, as described earlier. 

While the FDTS/DF shows a step improvement as z 
increases from 1 to 2 with the MTR code, it exhibits a 
similar behavior as T goes from 0 to 1 with the (1,7) code. 
In fact, the z= 1 FDTS/DF combined with the (1,7) code, 
which can be implemented efficiently as MDFE, per- 
forms nearly as well as the E2PRML with the (O,4/4) 
code, which is considerably more complex. The (1,7) 
code is a poor choice for PRML techniques since the lvgh 
symbol density associated with the code results in large 
mismatch between the natural channel and the target, 
which in turn causes a significant equalization loss. For 
the FDTS/DF schemes, however, tlie (1,7) code yields 
better results than the (0 ,k)  code, despite the rate dsad- 
vantage, except in the case of z=O or DFE. This coding 
gain is realized as the worst-case error events in the 
FDTS/DF are eliminated by the d = 1 code constraint. 

The role of advanced detection schemes becomes more 
critical as the demand for higher user density continues. It 
is important to see how much improvement in detector 
error performance is achieved by using such advanced 
methods as the density increases. Figure 24 shows a plot 
of the readbacli SNR required to obtain a fixed BER of 

for selected detectors versus user density. The noise 
is additive Gaussian. The results show that FDTS/DF 
combined with the d = 1 or the MTR code outperform the 
PR4ML and EPRML techniques used in conjunction 
with the (0,4/4) code. The relative improvements be- 
come larger as linear density increases. This trend can be 
explained by the coding gain of the d = 1 and MTR codes, 
which are more pronounced at high linear densities, 
along with the advantage of the DFE-type equahzation, 
which results in a considerably smaller noise boost than 
the fixed target systems like the PRML techniques. We fi- 
nally note that there exist a rate 16/17 (O,G/! code and a 

rate 6/7 MTRj=2 code, which provide some rate advan- 
tages compared to the codes considered here. 

Other Considerations 
Although nonlinearities and transition noise encountered 
in high-density magnetic channels have been dscussed, 
the performance study presented here does not include 
these effects. The amount of nonlinearity present in the 
channel certainly depends on the minimum transition 
spacing allowed by the code. To investigate the impact of 
nonlinearities on a particular choice of code, understand- 
ing of nonlinearities on a quantitative level is required. 
Accurate modeling of transition noise as well as investi- 
gation of its impact on code/detector performance are 
also topics of ongoing research. 

Understandmg the error-propagation behavior is im- 
portant for practical application of decision-feedback 
techniques such as the DFE and FDTS/DF. While the 
BER simulation results presented here counted the errors 
caused by propagation of previous errors, more thorough 
simulation and analysis can be done to understand the sta- 
tistics on the lengths of the error events by, for example, 
invoking a Markov process model for error propagation 
[ 34,691. This lund of approach will be useful in designing 
more suitable error-correcting codes. There also exist 
suboptimal detectors based on the combination of the 
DFE and Viterbi detection [24, 26, 501. The perform- 
ance is expected to be similar to that of the FDTS/DF, but 
the error-propagation property may improve at the ex- 
pense of increased complexity. 

An important channel impediment that has not been 
considered in this article is offtrack interference, which 
arises as the signal from neighboring data tracks interfere 
with the main track data [ 11. Although in present com- 
mercial systems the effect of offtrack is minimized by the 
“write wide and read narrow” approach, offtracli interfer- 
ence will likely be one of the major noise sources in future 
storage systems where high track densities are inevitable. 
In tape recorders, time-varying separation of the head- 
tape space causes occasional deep fading of the signal am- 
plitude, resulting in long bursts of errors [SO]. These 
types of channels may require different signal-processing 
strategies. Among other important practical issues that 
have not been considered here are timing recovery and 
track servo signal processing. 

Summary 
The read/write process of magnetic recording has been 
viewed as a PAM communication channel subject to se- 
vere ISI. Some of the unique noise and nonlinear charac- 
teristics encountered in the recording channel have been 
described. Modulation-coding and symbol-detection 
strategies suitable for this channel also have been dis- 
cussed. The FDTS/DF and related signal-space detectors 
have been described in detail. As density increases, the 
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FDTS/DF technique, when combined with an appropri- 
ate modulation code, exhibits significant performance 
improvement over the PRML technique. With certain 
types of codes, the signal-space implementation of the 
FDTS detector offers highly attractive complexity and 
performance tradeoffs. 

Jaekyun Moon is an Associate Professor at the University 
of Minnesota’s Department of Electrical and Computer 
Engineering in Minneapolis, Minnesota, USA. 
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