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Abstract—In high density perpendicular magnetic recording channel. A \olterra equalizer design method was proposed
channels, nonlinear transition shift (NLTS) is one of the d§- in [1] to combat channel nonlinearities. Detector desiga ha

tortions that can degrade the system performance. Write pre  ganarg|ly concentrated on techniques that mitigate thecsff
compensation is a standard method used to combat the negativ . . . . . .

effect of NLTS. In this paper, we propose a modified pattern- of nonllnear_ medla_l n0|_se and noise Correlatlon.._ln Pam"‘?l_"
dependent noise predictive (PDNP) detection algorithm fouse on  the conventional Viterbi detector has been modified in wezio

channels with electronics noise, transition jitter noiseand NLTS. ways. For example, in [2], [3], partial local feedback noise
We show that this detector can offer significant improvementin prediction was used to reduce the impact of correlated noise
bit-error-rate (BER) compared to conventional Viterbi and PDNP and media noise. Kavgic and Moura [4] derived a maximum-
detectors. Moreover, the system performance can be further likelihood detect MLSD) f . bol-
improved by combining the new detector with a simple write _' elinood sequence detec F’r ( ) for an '_nt_ersym 0
precompensation scheme. interference (I1SI) channel with data-dependent finite-roigm
Gauss-Markov noise and applied the detector to an autore-
gressive (AR) model for the magnetic recording channel.
The detector incorporates pattern-dependent noise picedic
filters. Moon and Park [5] examined various sub-optimal
o _ ) pattern-dependent noise prediction (PDNP) detectoroffet

~ As the areal density in a perpendicular recording systefi ade-off between performance and implementation com-
increases, nonlinear effects_m _t_he re_cordmg and readb?ﬂgxity in the presence of media noise. Zayed and Carley [6]
process can have a more significant impact on overall pgfig Sun et al. [7] both proposed a modified Viterbi detector
formance. Nonlinear transition shift (NLTS) is an impottan,in a data-dependent offset in the branch metric calaati
example of such effects. NLTS occurs during the write précesntended to deal with both nonlinearities and media noise.
and it is caused by magnetization effects due to previouslyIn this paper, we address the data-dependent nature of

recorded transitions. The extent of the transition shifiedals NLTS and derive a modified PDNP detector for perpendicular

on the head and media parameters, as well as on the preceding, jing channels with additive Gaussian noise, tramsiti
data pattern. Write precompensation is a method that 'Slw'dﬁtter noise, and NLTS. Computer simulations show that the

used to partially counteract the distortion induced by NLTS o\ getector, which we refer to as the mean-adjusted PDNP

In this paper, we propose a new detection method OIeSigrlﬁfle-PDNP) detector, improves the bit-error-rate (BER)-per

to further reduce the performance degradation resumnmfr,formance when compared to the conventional Viterbi detecto
NLTS effects. We show that the new detector performs Sigrq e pPDNP detector. In our simulations, we calculate the

nificantly better than a conventional Viterbi detector and RALTS according to the model proposed by Bertram et al. [8]
pattern-dependent noise prediction (PDNP) detector,enitsl 9]. We also show that the MA-PDNP detector can be com-

computational complexity 1S comparable to.that Of_ a PDNBined with write precompensation schemes to achieve furthe
detector. In contrast to write precompensation, which gen%erformance improvement

ally requires empirical optimization of the precompertati The paper is organized as follows. In Section Il, the channel
levels, the new detection algorithm incorporates pararaete ) '

that reflect the channel nonlinearity and noise statisTibese model is introduced. Section Il describes the structuréhef

: . : A-PDNP detector. Section IV gives the simulation results
parameters.can be determined either adaptively or thrdugh gﬂnd comparisons between the MA-PDNP detector, Viterbi de-
use of training sequences.

S . : tector, and PDNP detector. The performance of the MA-PDNP
Several equalization and detection techniques have prg- . : - . .

. . “détector combined with a dibit precompensation schemeds al
viously been proposed to reduce the effects of nonlinear

distortion and media noise in the magnetic recording reeidba{)resemed' Section V concludes the paper.

Index Terms—NLTS, pattern-dependent noise prediction, jitter
noise, perpendicular recording

|I. INTRODUCTION
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be 0.954¢ Precomp
s(t) = Vmaxerf( .T > , (1) A o
50 N Z 2 "
where erf.) is the error function ands is the width of the Sample at Equalizer | Detector >
transition response at half of its maximum amplitude. kB

Let {z;} be the binary input data sequence to the channel,
wherex; € {—1,+1}. The corresponding transition sequenceig. 1. System diagram
is given byd; = #—*=1, sod; € {—1,0,+1}. The channel

outputz(t) can be written as .
put=(t) target equalizer respongéD) = go+g1D +---+g; D7, the

2(t) = Z dis(t + 6; + a; — iB) + ny (t). (2) equalizer output can be written as
A J
Here, §; is the net shift of the transition/, with respect TR =Y GiTk—i + Nk, ®)
to its nominal location in the recording medium; is the i=0
random position jitter for transitioa;, B is the channel bit where
spacing (as well as the sampling period), ang(¢) is the —N"di (6 N
electronics noise. For each transition, the jitter valyeis Ttk Z i(0i + i)'

K2

assumed to be a zero-mean Gaussian random variable with (6 + a:)? -

variancecrﬁ. The jitter values for recorded transitions are +Zdi%s”kﬂ- + wi + vg- (6)
mutually independent. The electronics naise (¢) is modeled i

as a zero-mean, AWGN process. The variance of the sampfgtk noisen;,, which has non-zero mean and a non-Gaussian
AWGN nyy (iB) is denoted by, We define the signal-to- density, includes contributions from the NLTS, transitjitter

AWGN ratio to beSN Ry, = 101log;o (V2. /%) noise, equalized AWGN, and misequalization emgr
The net transition shift is given by = =, + A;, wherer; is

the NLTS induced by previously recorded transitions, and IIl. M EAN-ADJUSTED PATTERNDEPENDENT NOISE

is the precompensation applied to the transitipnThe NLTS PREDICTION

valueT;, determined according to the NLTS model in [8], [9], In this section, we will first give some background on the
is a function ofA; and the locations of the previously writtenPDNP detector and then introduce the MA-PDNP detector.
transitions (including any precompensation applied tarthe

and depends upon the parameters of the recording mediamPDNP detector

and head. The conventional Viterbi algorithm with squared-Euclidea

In order to reduce computational complexity in our simYnetric is an MLSD only if the noise termy, in (5) is sampled
lations, we approximate the channel output by truncatieg thyyGN. The number of trellis states in such a Viterbi detector
Taylor series expansion of the transition response. Spalt¥ii s 97 For a channel with zero-mean, data-dependent, finite-

we use an order-2 channel approximation, incorporating b%emory Gauss-Markov noise, the MLSD was derived in [4].

first- and second-derivative terms, as given by We refer to this as the pattern-dependent noise-prediction
2(t) %Z dis(t —iB) + Zdi(5i +a,)8'(t —iB) (PDNP) detec_:tor. The branch metric corresponding to adrell
z Z branchey at time k& can be expressed as
) )2 _ 2
+ZdiMS”(t—i3)+nw(ﬂ, ©) M(er) =log(v/2mo?(ex))
i 2 L 2
wheres'(t) and s”(t) are the first and second derivatives of + 202 (er) ;pi(ek)(r’“—i — ki) o (7)

the transition responsgt), respectively. _ i i

The system diagram is shown in Fig. 1. During the readbat€reL is the memory length of the Markovian noise process,
process, the channel output is sampled and then passedithrdi'd¥;(¢x), j = k—L, ..., k denote the target equalizer output
the equalizer before it enters the detector. The dischete-t S&Mples. The noise varianeé(e,,) and the noise prediction

signal at the detector input can thus be written as coefficientsp;(ex),j = 1,..., L are data-dependent and can
be calculated from the noise covariance matrix. Denotireg th

Ty = Z Tihg—; + Z d;(0; + a;)s'k—; covariance matrix for = (ng_r,...,nx) by Ry, and forn’ =
i i (nk—r,...,nk—1) by Ry_1, we can write
+ Z d: (6; + ai)Q §_ (4) R;_ %
N r— (Bt ) ®
i Y Yk

where h;, s'; and s”; denote the convolution of the FIRwhere~ is a column vector and,, = E{n}}. The noise
equalizer taps with the samples of the channel dibit resggongariance and prediction coefficients are then given by
the first derivative of the transition response, and the rs@co o2(er) = e — VTR 9)
derivative of the transition response, respectively. Thea¢ . =1

ized sample of the AWGN at timé is denotedws. With a pler) = —Ry 47, (10)
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Order-2 channel; chB:O.l;TSO/B::L

wherep(er) = (pr(ex), ..., p1(ex))” andpg(er) = 1. 10° ‘ :

The PDNP trellis complexity is increased by the memory ‘ :
length of the Markovian noise as well as the span of its data
dependence. For example, suppose that the signal-degendenr
noise n, depends on the data values in positidns- C' to 10°}
k + D. Then, the trellis state; at timek is defined bys, =
(Th—L—max{C,J}+1:" "+ » Tk+D), and the number of states is
therefore2l+D+max{C,J}

The noise in a magnetic recording channel is not finite-
memory Gauss-Markov, so the PDNP detector is, strictly

BER

107

—+&— Normal Viterbi

speaking, not optimal, although it achieves near-optineat p —o— PDNP.L=6.L =3 A
formance [5]. Several methods have been proposed to reduce . —o—MAPDNRLEBLSS] : ‘
the complexity of the PDNP detector, yielding a variety of 20 21 22 23 2 2 2

. . . . . SNR,,, (dB)
simpler, yet still effective detectors. Strategies ineuéduc- v

ing the prediction filter length, limiting the required nuerb Fig. 2. Comparison between Viterbi, PDNP, and MA-PDNP defsc
of predictors by shortening the data-dependence length, an
eliminating trellis states by using feedback of tentatieid
sions. overall implementation complexity of the MA-PDNP detector
is comparable to that of the corresponding PDNP detector.
The branch metric calculation requires the values of the
B. MA-PDNP detector data-dependent mean, variance and filter coefficients.€elThes
As we discussed in Section Il, the noisg in (6) is non- parameters are derived from the channel noise statistigshwh
Gaussian with non-zero mean. Along with the jitter noise, trtan be determined by means of a training sequence, or
NLTS affects the noise mean and variance. However, unlielaptively by using an algorithm such as that proposed in
the jitter noise, the NLTS is a deterministic, data-depemdd7], [11], or a combination of these two methods. Of course,
nonlinear effect. To account for the NLTS, we propose a measm adaptive scheme requires extra computation to determine
adjusted PDNP (MA-PDNP) detector in which the brancthe noise variances and filter coefficients using (9) and é10)

metric for a brancle;, is written as: each time the noise statistics get updated.
M(ex) = log(y/2mo?(ex)) (11) IV. SIMULATION RESULTS
L 2 For the NLTS calculation, we set the medium to soft-
+ %07(er) > piler)(ri—i — yx—i —mi(ex))| . underlayer spacing to 20nm, and the medium thickness is set
) Li=o to 10nm. The channel spacing is 16nm, corresponding to a

wherem; (ey,) represents the data-dependent mean of the notiggar density of about.59 x 10° bits/inch. The remanent
Nhoei- magnetization to head field gradient ratio is set to 1.5. With
The methods used to reduce the complexity of the PDNPese parameters, the NLTS of the isolated dibit pattern is

detector can also be applied to the MA-PDNP detector. Mof@0ut 20% of the channel bit spacity o
precisely, we can rewrite the branch metric in (11) as The simulation uses pseudorandom input data divided into

5000-bit sectors. The equalizer utilizes the minimum mean-

M(zxy) = log(v/ 2702 (xk)) (12) squared error (MMSE) monic constraint design [12]. The
L, 2 equalization target has length 3 and the number of FIR
1 Zp'(”’ Vi — Yoi — ma(@)) equalizer taps is set to 15. The noise statistics are olataine

20%(xr) | & TR T Tk A " by means of a training sequence.

A comparison between the Viterbi detector, the PDNP
where z;, represents the data pattern from which the noisketector, and the MA-PDNP detector is shown in Fig. 2. The
variance and the prediction filter coefficients correspogdd normalized jitter noise varianceds; /B = 0.1. The bit density
time & are determined. Since the noise is not a finite-memoiy set to 7sop/B = 1. The BER for different detectors is
Markovian process, we can not assign a value for the memaiptted versuss N Ry, . The PDNP detector and the MA-PDNP
length L. Instead, we specify a valug, to represent the length detector have the same number of states as the Viterbi detect
of the noise prediction filters, and we denote the span of thi¢ = .J = 2. The data-dependence parameter is sdtte= 6
data-dependence bk, + 1. The number of trellis states isfor both the PDNP detector and the MA-PDNP detector. The
given by 2V, When M < L,, the data patterrx; includes two detectors also have the same noise prediction filterttheng
tentative decisions from the survivor path ending at théahi L, = 3. From the figure, it is clear that the MA-PDNP detector
state of the branch; is superior to the PDNP detector, which, in turn, outperf®rm

The computational complexity of the MA-PDNP detectothe conventional Viterbi detector. The intuitive expldoat
depends upon the parametérsand L,,, while L, determines for this relative behavior is that the pattern-dependeriseno
the memory size required to store the pattern-dependemt,mgarediction reduces the effect of the correlated jitter epighile
variance and noise prediction filter coefficients. Thus, thhe pattern-dependent mean compensates for the NLTS.
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Order-2 channel; UJIB:O.l;T5OIB:1;MA—PDNP
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Fig. 3. Comparison between differeft, and L.

Order-2 channel;SNR, =26dB;0,=0.1B;T =1.08

Dot-dash lines: no NLTS or precomp;
- Solid lines: with NLTS and dibit precomp
10 —6— Ly=0;NLTS ! ‘
—8— Ly=1;NLTS
—O— Ly=2,NLTS
—A— Regular Viterbi;NLTS]
3| - =x="Ly=0;n0 NLTS
Ly=1;no NLTS
-—+—Ly=2:n0 NLTS

Fig. 4. MA-PDNP detector with dibit precompensation.

achieves the same performance as that of a PDNP detector
applied to a channel with no NLTS. This is true over a wide
range of precompensation values.

V. CONCLUSIONS

In this paper, we presented a mean-adjusted pattern-
dependent noise-prediction (MA-PDNP) detector for perpen
dicular recording channels with nonlinear transition wshif
(NLTS), transition jitter, and additive Gaussian noisee Tiew
detector reduces the performance degradation caused &y dat
dependent NLTS and media noise. According to simulation
results for an order-2 channel approximation, the MA-PDNP
detector improves the performance significantly as contpare
to both the conventional Viterbi detector and the PDNP
detector. At the same time, the computational complexity of
the MA-PDNP detector is comparable to that of the PDNP
detector. The MA-PDNP detector can also be combined with
write precompensation to achieve further performance im-
provements. Simulation results show that, when used with
a simple dibit precompensation technique, the MA-PDNP
detector provides the same BER performance as a PDNP
detector applied to a channel with no NLTS, over a wide range
of precompensation values.
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