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Techniques for Minimizing Error Propagation in
Decision Feedback Detectors for Recording Channels

Fang Zhao, George Mathew, and B. Farhang-Boroujeny

Abstract—Decision feedback equalization (DFE) is a low-cost

approach for signal detection in magnetic recording channels. oversampler channel () dOWnsamPh’f q(n) i)
However, it suffers from the phenomenon of error propagation {} W, W |L a an
(EP). In this paper, two approaches are proposed for minimizing  a(n) forward

EP in DFE. The first approach imposes appropriate constraints  RLL coded v(m) equalizer

on the feedback equalizer. The second approach uses simple data channel

threshold techniques to detect the presence of decision errors and noise feedback

to either correct these errors or minimize the possibility of further equalizer

errors. Computer simulations show that the proposed techniques

reduce EP very significantly. Theoretical analyses of the threshold

techniques are presented to quantify the associated false andFig. 1. Discrete-time model of the magnetic recording channel with decision
correct detection probabilities. By combining the analysis with feedback detection schemg {s the oversampling factor).

an existing EP simulation method, a fast simulation procedure is

derived for estimating EP and bit error rate (BER). ) . o
EP can be characterized using burst-length distribution

(BLD), i.e., cumulative-probability distribution of error bursts
as a function of burst length. The faster this distribution
decays, the lesser is the extent of EP and vice versa. Hence,
I. INTRODUCTION aim of any EP reduction technique should be to reduce the

ERFORMANCE and complexity are two importamprobability of Iong error bursts so that the requirement on

figures of merit that are used for assessing a detect§fror-control coding (ECC) can be relaxed. Two approaches
Decision feedback equalization (DFE) detectors are knoffgy De adopted to develop such techniques. One approach
for their simple structure and, hence, cost effectiveness whifie!© @ppropriately modify the design of equalizer, detector,
offering satisfactory performance. As a result, recent years h&R#/or the run-length-limited (RLL) coding scheme so that the

witnessed a renewed interest in DFE-type detectors for m%epbability of long bursts is reduced. Another approach is to

netic recording applications and several novel modificatiot€VelOP special strategies to detect the presence of decision

have been proposed to improve performance, e.g., fixed-def{j°rS and take measures to prevent further errors. In this paper,
tree search with decision feedback (FDTS/DF) [1], dual DF¥€ @dopt a combination of both these approaches.
[2], and multilevel DFE (MDFE)[3]. A concern that is common In recent years, several researchers proposed techniques for

to all decision feedback-based approaches is the phenome%rﬁimizmg EP in DFE-type detectors. Russul and Bergmans

of error propagation (EP). To understand this, refer to Fig. f# Proposed a technique by combining DFE with partial re-

which shows the schematic of the conventional DFE detectSPONSe Precoding and detection for reducing EP ilbary
The forward equalizer suppresses the precursor intersymB$ptem- Use of erasures (i.e., samples that lie near to the deci-
interference (ISI), i.e., from bits that are not yet detected, afiiPn thresholds) in reducing EP was reported by Chiani [5]. Re-
channel noise while the feedback equalizer suppresses RiFing an unreliable decision by a temporary decision and cor-
posteursor IS, i.e., from bits that are already detected, usiFgfting the latter based on the decision at the next instant was
past decisions. Hence, erroneous past decisions will resulPfPPosed by Fertner [6] for reducing EP in DFE. Techniques

residual postcursor ISI at the slicer input that can possibly cad@6 Minimizing EP in MDFE were proposed by Mathew al.

further decision errors, thus resulting in EP. In this paper, wél: Yenoetal.[8], [9], and Likhanovet al. [10]. Mathewet al.

study the phenomenon of EP in conventional DFE in magnei%,J developed thrg;hold techniques for det'ecting the presence
recording applications and propose techniques for minimiziﬁé_erroneous decisions and changed the slicer threshold appro-

it. The principles behind these techniques are also applicabl@ltely 1o prevent further decision errors. Ueetoal. [8], [9]
data communication channels. proposed to change the slicer threshold appropriately whenever

the detected bit stream violates the code constraints or when
the accumulated gain-error signal or dc-error signal exceeds
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decisions is assessed by evaluating an appropriate energy funéssuming correct past decisions, the slicer input is given by
tion. Very recently, Linet al. [11] reported a threshold-based

method for minimizing EP in M3DFE, an advanced version of q(n) = whz(nL + ko) — b a(n)
MDFE.
In this paper, we propose two approaches for minimizingherez(m) = [z(m), z(m — 1), ..., z(m — Ny + 1)]" and

EP in DFE: 1) equalizer design with appropriate constraints &) = [a(n — 1), a(n — 2), ..., a(n — Ny)]*. Here, the

feedback equalizer taps and 2) simple threshold techniqueséperscript I” denotes matrix transpose(rm) is the signal

detect the presence of decision errors and to prevent further@rihe forward equalizer input, arig) accounts for the delay

rors. Compared to the energy-constrained approach proposeli@m channel input to forward equalizer output. The forward

[12], the magnitude-constrained design proposed in this pagéd feedback equalizers are designed by minimizing the sum of

can more effectively suppress longer error events. Theoreti¥afiances of channel noise and residual ISI at the slicer input,

analysis has been carried out to quantify the false and corréiten by

detection probabilities associated with the threshold techniques. )

By combining the results of this analysis with an existing fast P (w, b) = E[(a(n) — q(n))]

prediction algorithm [14], a fast approach is developed for esti- =w/R.w+b'Rsb+1—-2w'R_,b

mating the overall BLD and/or bit error rate (BER) of the de- —2wTr., + 207, 1)

tector when the threshold techniques are applied. This paper

is organized as follows. The constrained equalizer design piwhereR,. = E[z(nL+ko)z’ (nL+ko)], R, = Ela(n)a’ (n)],

cedure is presented in Section Il. The threshold methods &g, = E[z(nL + ko)a’ (n)], r.a = E[z(nL + ko)a(n)], and

presented in Section Ill. Theoretical analysis of the threshal), = E[a(n)a(n)], with E[-] denoting the expectation oper-

methods are presented in Section IV. Simulation results are pager. All these quantities can be computed from the knowledge

sented in Section V and the paper concludes in Section VI. of the channek; and autocorrelations of the datén) and the
channel noise(m). SinceP,(w, b) is quadratic inw andb,

Il. CONSTRAINED EQUALIZER DESIGN FORDFE it is straightforward to obtain the optimum valueswofandb.

In this section, we describe the equalizer design for DFE wi%h To motivate the development of constrained equalizer design

: . : or controlling EP, we proceed as follows. Lgt denote the
some special constraints on the feedback equalizer taps for C?“Us'paced equalized channel at the output of forward equalizer
trolling EP.

Consider the block schematic shown in Fig. 1. HeréNIth the main cursor beingy. The slicer input can then be

a(n) is the RLL rate 16/17 (0,6/6) coded datadrl format written as

(i.e., write-current polarity) and is the sampled bit re- N
sponse of the recording channel. The forward equalizgr q(n) = foa(n) + 22 bie(n — i) +n(n) @)
k=0,1,..., Ny — 1, is afractionally spaced finite-impulse i=1

response (FIR) filter with tap spacif®y/ L, whereZ” andL are Yvheree(n —4) = (a(n — i) — a(n — i))/2 denotes the decision

the channel bit duration and oversampling factor, respective . . .
andiy, 1= 1,2, ..., N,, are thelspaced feedback equalizer rrors andy(n ) is the sum of channel noise and residual ISI. The

. L = residual I1SI consists of precursor 1§ for & < 0, uncompen-
taps. The channel bit response is given/lly= hx — hy.—r, safed post-cursor ISk for k > N,, and the mismatch between
where h;, is the step response of the channel and is model

. . . . ?Z andb; fori =1, 2, ..., N,. Theterne Ef\z‘l bie(n—i) cor-
using the Lorentzian pulse with taps space@ AL given by responds to an undesirable offset at the slicer input due to past

. 1 decision errors. Since this offset is proportional to the magni-
= T /oREND tude of feedback taps, it will be serious if the magnitude and/or
1+ < ) the number of feedback taps are large. An immediate solution

LD, to minimize this would be to reduce the number as well as the

whereR is the code rate anB, is the user densityThe channel magnitude of feedback taps. This may be accomplished in two
" ’ ways, as explained below.

noi i m whi ian and its vari . i . . .
oisev(m) is assumed to be white Gaussian and its variarice The tap magnitudes can be limited by imposing a constraint

:2 z‘;ie;gn:sd using the channel signal-to-noise ratio (SNR) t%%t the energy of the taps. That is, design the equalizers by

solving the following constrained optimization problem:
2

v
channel SNR(dB} 10log,, —2Z, o =Lo%/R ik
(dB3= 810 o2 o/ mi{} P,(w, b) subject to Z b = . 3)

=M1

whereV,,, is the base to peak value of isolated transition re-

sponse of the channel and is the variance of noise in the usewherel < m; < mo < N, anda. is a positive real number

bandwidth. specifying the required energy. This idea of using energy con-

straint for minimizing EP was first proposed by Mathetval.
L i - _ [12]. Since the constraint is quadratic in nature, the optintam

1User densityD ,, is defined asPWW50/T,,, wherePW 50 is the pulse width db btained usi . . | ithm. S o1 for d

of the channel step response at 50% of its peak amplitud@aisithe duration ar?l are obtained using an iterative algorithm. See [12] for de-

of one user bit. tails.
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Note from (2) that all the feedback taps have equal weig 5
tage in contributing to the offset at the slicer input. However, i : : : : : :
the energy constrained approach, taps with larger magnituc 1 3 A RIS P AR
receive more weightage and, hence, these get suppressed : : : i : :
compared to those with smaller magnitudes. As a result, the t: : : : : :
near the tail tend to get bigger, which is not desirable fromE gl SRR R o S e e,
point of view. To overcome this problem, a more appropriate a _« j § )
proaCh Should be to direCtly Control the magnitude Of the ta _g 04_ ............. .............. ............. .......... ............. ............
and this leads to a new EP suppression method called “mag% : : : L : :
tude-constrained design method.” It can be done by constrain § : : : 1 _ ;
the sum of magnitudes of the taps, i, |b;| = c.n, where o AR T R e ,
v, IS SOmMe appropriate positive real number. Biit |b;| is not ; : ; V BV f
differentiable. This difficulty can be easily circumvented in oy =02F-== R e e

0.8

case as explained below. For channel densities around twc 04 unconstrained design ,,,,,,,,,,,,,,,,,,,,,,,,,, 4
three, all except the first tap in the feedback equalizer (in u v energy constrained design ?
. . . . R o magnitude constrained design :
constrained design) are negative, i.e., we know the sign of ez 2 = 5 : 5 s n 15
b; a priori. Hence, we can write time (channel bits), k
]\‘r;,
Z |b| — b — Z b =ulb Fig. 2. Equalized channels obtained using constrained and unconstrained
- ¢ L . ¢ design approaches for Lorentzian channel at user density 2.5 (20-tap forward
* i=2 equalizer, 7-tap feedback equalizer, oversampling factor = 2, RLL 16/17 (0,6/6)
T code, channel SNR = 27 dB, detection SNR = 14.76 dB for constrained design
whereu = [1 -1 -1 ... —1]*, a vector of N, ele- anqd 15.16 dB for unconstrained design). The constraints are imposed on the

ments. Further, by selectively setting some elementa ¢ last six feedback taps only. The values for energy and sum of magnitudes are

zero, we can select the taps to be included in the constraint. The- 0:26 anda.,. = 1.085, respectively. Degradation in detection SNR due
t0 Constraints is 0.4 dB. Main cursgy is normalized to one in each case.
problem now becomes

min P, (w, b) subject toul'b = ay,. (4) 0.8 g g

w,b

—— unconstrained design
-=v - energy constrained design

Using the Lagrange multiplier approach [13], we get the ne 0.6 ................ ............ o magnitu:de constrair!ed design |l
cost function as : : : : ;

A4

0.4}
J(w, b, A) = P.(w, b) + 2A(bTu — o)

o
M)

-Qx
where A is the Lagrange multiplier. Setting the gradients ¢ g
J(w, b, A) with respect tow, b, andX to zero and solving the ‘_é;
System OfequathnS,We getthe Optlm ndb as % oF - e ................. >

W =R (Raob +1r20) 2boi\ SO R,

b=d-\C'u
uld — a,,
A= uTC*lu (5) : : R : :
whereC = R, - RLR7'R., andd = C'(RLR r., — % 2 3 4 5 6 7

tap number, k
Faa)-

Fig. 2 compares the equalized channel responses resulting

from the constrained and unconstrained design approachest@-r3- Feedback tap values resulting from the unconstrained and constrained
alizer design approaches. System parameters are the same as those in Fig. 2.

. . €

a Lorentzian channel at user density 2.5 and channel SNRézvalues in each case are normalized by the corresponding main gursor
dB using a 20-tap forward equalizer with oversampling factor
L = 2 and 7-tap feedback equalizer. Fig. 3 compares the cgfiil be more effective in controlling EP. Since the valuesiof
responding feedback taps. Only the last six feedback taps gfjq,,, decide the tradeoff between reduction in EP and degra-
included in the constraints. This is because the firstias  gation in detection SNR, we choose these values in such a way
usually quite large and, hence, trying to reduce it significantiyat the degradation in detection SNR in the constrained design
would result in large degradation in detection SNRIn the i5 0 4 dB compared to the unconstrained design. This results in
other hand, one can exploit the fact thatis large to develop ,_ — (.96 anda,, = 1.085.
techniques for detecting decision errors as we explain in the nexppserve from Fig. 3 that, as we expected, the taps in the con-
section. Further, since the taps at the tail have significant inflyyrained designs have smaller magnitudes compared to that in
ence on the probability of long bursts, limiting their magnitudage unconstrained design. Further, the values of the taps near the

2Detection SNR is defined as the ratio of the square of the eye j@viel the tail are smaller_in the case of magni_tude constraint compared to
sum of variances of channel noise and residual ISI at the slicer input. energy constraint. This should help in faster decay of error bursts
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in the magnitude-constrained case compared to the energy-coherea; = &, fo andg; = /31 fo with ¢y and[?;L being positive
strained case. Effectiveness of these constrained approachesahnumbers of the order of 0.5 and 1.5, respectively. The set of
reducing EP is demonstrated in Section V using computer sithreshold tests in (8) are referred to as TT-1 in this paper.
ulations. Case 2—a(n + 1) = —a(n): In this case
q(n) = foa(n) +n(n)
I1l. THRESHOLD TECHNIQUES and
As mentioned in Section |, another approach to solving the _

L . +1) = —2b +1)+ +1). 9
problem of EP minimization is to detect the presence of deci- q_(n )= van +1) _ nin+1) (_ )
sion errors and take measures to prevent/minimize further &iNCe2b1 is comparable tgfo, the magnitude of(n + 1) will
rors. The threshold techniques developed in this section foll®¥ relatively small. Hence, we have the following threshold tests

this approach. for detecting such error events:
Suppose an error event starts at time instane., a detection lg(n)] < o 10
error occurs at instant and there are no erroneous decisions in lgn +1)| < B (10)

the feedback register. The first step (toward EP control) is the . . o I .
detection of the presence of this event, which should be doffB€récz = @zfo andf; = j fo with &2 and3; being positive
with minimum delay. We do this by examining the slicer inputEeal numbers of the ordgr on.S. The set of threshold tests in (10)
¢(n) andg(n + 1). There are two reasons for this. First, sinc8"€ referred to as TT-2 in this paper.

the first feedback tap; is always positive and large, it would W& may remark here that we do not need the knowledge of

cause a large offset at the slicer input that can be detected eagﬁf}.) anda(n + 1) while using TT-1 or TT-2 for detecting error
Second, the value af(n + 1) can be well predicted since it is events. Further, to achieve better detection of error events, TT-1

affected by the error at instantonly. On the other hand, thea”d TT-2 can be used simultaneously to take care of both the

offsets ing(n -+ 2) onwards could be caused by multiple error£aSes- This is because the samples andq(n + 1) will never
which are much more difficult to deal with. be able to simultaneously satisfy the threshold tests in TT-1 and

Since the error event started at instantve havei(n — i) = TT-2. _
a(n — i) fori =1, 2, ..., N, anda(n) = —a(n). According Once the presence of an error ev_ent ha; pegn detected_ py ei-
to (2), the slicer input at instantsandn, + 1 are ther of the abqye tests, the next stepis tg minimize the p033|p|llty

of further decision errors. We can do this in two ways. One is to
a(n) = foa(n) + n(n) appropriately shift the slicer thresholdglfr) andg(n+1) pass _
the threshold tests in TT-1 or TT-2, we assume that a detection
error has occurred at time instantThen the slicer threshold is
g(n +1) = foa(n +1) +n(n +1) +2b1a(n)  (6) shifted from zero to-~a(n) at instantn. + 1, wherey = 4 f,
_ i i with 0 < 4 < 1 since the offse2b; a(n) due to the error has the
respecnvely. The error at ms'gamt is solely cgused by _the same sign as(n). On the other hand, sindg's are negative for
channel noise. Hence, most likely, the magnitudez@f) is , _ 2,3, ..., Ny, we shift the slicer threshold tgi(n) from

qwte small. However, the value gfn + 1) would be far from instantsh+2 onwards. This special slicer threshold is used until

its nominal valuefy, due to the presence of thé; term. Since instantn + N, and it is set back to zero from instant- N, + 1

we did not includé, in the constraint during equalizer designg .2 rds. The value a¥. is chosen such that the Offﬁiid(n)

the value of this tap is positive and relatively large. This would o sjgnificant for > N.. Note that a more natural approach

provide us a large offset if(n + 1), which makes the detection 14 be to use a variable threshold that is proportiona to

of error easier. Depending on the relative signsu6f) and 5 yever, simulations revealed that the BLDs resulting from the

a(n + 1), this offset will be different. The two possibilities are;;sq of variable threshold and fixed threshold are quite similar.

considered below. _ Hence, we chose the simpler method of fixed threshold. The
Case 1-a(n + 1) = a(n): In this case optimum values ofy and V.., which result in maximum reduc-

tion in EP, can be found through simulations. We denote these

and

a(n) = foa(n) +n(n) parameters by, N.1) and €2, Ne2) corresponding to TT-1
and and TT-2, respectively. Henceforth, this method will be called
gin+1) =(fo +2b)a(n+ 1) +n(n+1). (7) “threshold-shifting method.”

Another way to reduce further errors after detecting an error
Since fo ~ 1 andb; is relatively large and positive~(0.5), event is to correct the decision error at instanthus leaving
the magnitude o§(n + 1) will also be large £2) anda(n +  the feedback equalizer error free. This is done as follows. If the
1) = a(n + 1) with probability of one. Sincé&(n) = —a(n), samplesy(n)andg(n+ 1) satisfy the threshold tests in TT-1 or
the magnitude of(n) should be relatively small. SummarizingTT-2, then the decision at instamts reversed in sign. Using this
these, we have the following simple threshold tests for detectingw decision, sa§(n), the value of;(n+1) is recalculated and
such error events: new decisiorii(n + 1) for instantn 4 1 is made using this new
g(n+1). Thus, the final decision on a bit can only be made after

la(n)] < en checking the slicer input at the next instant, resulting in a one-bit
lgln+ D] > A (8) delay in decisions. This method will be called “error-correction
a(n) # a(n+1) method” in this paper.
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IV. THEORETICAL ANALYSIS a(n) = —1in (12). Substituting the above and (13) in (12) and

The development of the threshold tests in TT-1 and TT-2 a?éso simplifying, we get
based on the assumption that these tests will be satisfied only Py, =2Pr[—aq + fo — f—1 <7i(n) < fo — f-1,
int_the preserlme of decizion etrrotrs.t ngev?r,f_la(rjge noisehfluc:tt#— iln+1) > A1 — fo+aq] - Pr[—+]
ations can also cause these tests to be satisfied even when there _
are no decision errors. In fact, it may happen that we detect an + 2Pr[fa1 ot fa <iiln) < fo+ fo,
error event when there is actually none, which we call “false de- n(n+1) > i+ fo+ gl - Pr[=—]. (14)
tection,” and we fail to detect an error event when it is preser8ince 3, + fo + ¢1 is large compared tg, (see Fig. 2), the
which we call “detection failure.” Clearly, our method can bgecond term in (14) is negligibly small compared to the first
considered effective only if the probabilities of false detectiolrerm. Hence, we get the false-detection probability for TT-1 as
and detection failure are sufficiently small. Since these proba- .

. Py =2Pr[- - f- - /-
bilities depend on the values of the threshold parametgrs., h 1[~ vt fo=fou<i(n) < o= Jou,
1, andB., these parameters should be chosen to minimize these a(n+1) > fi = fo+ ai]-Pr[=+.  (19)
probabilities. In this section, we derive the equations for com- For TT-2, the false-detection probabilif§;, can be calcu-
puting these probabilities. The purpose of this theoretical andted in a similar way. Using the same arguments as that for
ysis is threefold. First, to quantify the effectiveness of TT-1 anfiT-1, we get
TT-2 for a given set of threshold parameters; second, to avoi N
time consuming simulations for optimizing these parameters; > Hlg(ml <z, Ja(n + DI < f2, a(n) = a(n)]

and third, to develop a fast procedure for estimating the overall ~— 2Pr[—fo - f1 <ii(n) < a2 = fo— fu,
BLD/BER of a system with error correction. —B2—fo—g1 <H(n+1) < P2~ fo— gl
- Pr[++]

A. False-Detection Probability 2P fo+ fr < i(n) < s — fot f
—JO —1 27— J0 -1,

The probability of false detection, denotedfs is the prob- —Bot fo— g1 <ii(n+1) < o+ fo— 1]

ability of g(n) andg(n + 1) passing the threshold tests in (8) or

(10) in the absence of decision errors in the feedback register. ~Pr[+—]. (16)
First, let us examine TT-1. The false-detection probability fofrhe expressions in (15) and (16) are evaluated as described
TT-1 is given by below. For the sake of simplicity, we assume the residual ISI

Py, = Prfla(n)] < au, la(n + 1) > B, Set;]ig (~3aussian~random varigple indepenglent qf chaqnel noise.
A ) h 7(n) andf(n + 1) are jointly Gaussian with variances
a(n) #a(n+1), a(n) = a(n), and covariances given by the sum of the variances and covari-
a(n —i) = a(n — 1) fori=1,..., N;]. (11) ances of the channel noise and residual ISI. Sihge and
7(n + 1) are jointly Gaussian and the pattern probabilities of
a(n) anda(n + 1) can be estimated by computer simulation,
we can easily evaluate the probabilities in (15) and (16).

For the sake of simplicity, we neglect the tesm — i) = a(n—
i)fori =1, ..., Nyin(11) since the typical BER is of the order”
of 106 or less. Thus, we get

Py, =P1flg(n)| < ay, |g(n +1)| > B, B. Correct-Detection Probability
a(n) # aln+1), a(n)=a(n)] The second quantity of interest to us is the probability of de-
=2Pr[— +] - Prfja(n)| < a1, |a(n+1)| > B, tection failurely; or its complement, the probability of correct
. . detectionF.. At time instantn, assume that the feedback reg-
an) # a(nt1), a(n)=a(n)l = +] ister does not contain any erroneous decisionsand is de-
+2Pr[— =] Prflg(n)| < ay, [g(n+1)| > b1, tected wrong. Then, correct-detection probabifityis the prob-
a(n) #£ a(n+1), a(n)=a(n)| — —] ability thatg(n) andg(n + 1) pass the threshold tests in this sit-

(12) uation. First, let us consider TT-1. In this case, the correct-de-
tection probability is given by

where[— +] denotes the evelfit(n) = —1, a(n + 1) = +1] .
and[— —] is similarly defined. Now;(n) andg(n + 1) can be Pey = PrH(-’A(”” < L la(n + 1] > /3}’
written as a(n) # a(n + 1) |a(n) # a(n),
q(n) :foa(n)+f_1a(n+1)+ﬁ(n) CL(TL—'L) :CL(TL—'L) fOI"L: 17 . Nb]
and Using similar approximations and manipulations as we did in
g(n+1) = foa(n + 1) + gra(n) +ii(n + 1) (13) the case of fals2e-detect|on-probablllty computations, we get
whererj(n) andn(n + 1) are such thaf(n) + [ 1a(n +1) = Py = Pra(n) # a(n)]
n(n),n(n+1)+g1a(n) = n(n+1),andg; = f1—b;. Since the x {Px[lg(n)| < a1, lq(n 4+ 1)| > B, a(n) # a(n),

probabilities in (12) are conditioned upa() anda(n+1), the
ISI components_ja(n + 1) andg; a(n) are no more random. a(n) #a(n + 1| + 4] Prl++] .
Further, the conditions(n) = a(n) anda(n) # a(n + 1) are + Prflg(n)| < a1, |g(n + 1| > Br, a(n) # a(n),
equivalent tog(n) < 0 andg(n + 1) > 0, respectively, since a(n) #a(n+1)| + =] -Pr[+-]}.  (17)
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Now, ¢(n) andg(n + 1) can be written as TABLE |
- COMPARISON OF SIMULATION AND THEORETICAL RESULTS FOR
q(n) = foa(n) + f_1a(n + 1)+ 7(n) FALSE-DETECTION AND CORRECTFDETECTION PROBABILITIES. (THRESHOLD
and PARAMETERS. oy = 0.15, 31 = 1.6, a3 = 0.15,AND 33 = 0.4.
CHANNEL SNR = 27 dB)
q(n+1) = foa(n + 1) + (91 + 2b1)a(n)
+ 77(71 + 1) . ( 18) False detection probability, Py | Correct detection probability, P,

Further, the conditions(n) # a(n) anda(n) # a(n+1)inthe L ___ TT1 T2 TT1 T1-2
numerators of (17) are equivalentqntn) <0 andq(n+1) >0, imulation | 2.9868e-05 6.3215e-05 0.2957 0.3898

. . I . Theoretical | 3.0007e-05 6.2809e-05 0.3093 0.3833
respectively, since(n) = 1. Substituting the above and (18) in

(17), we get
P, = ; Sections Il and Il for reducing EP. The channel and system
Prla(n) # a(n)] . parameters used in these simulations are as follows. Input data
X {Pr[—cy — fo - fo1 <i(n) < —fo - fu, is generated by encoding random binary data using RLL 16/17
n(n+1)> B — fo— g1 — 2b1] - Pr[++] (0,6/6) code followed by NRZI modulation. The channel is frac-
+ Pr[—ay — fo+ fo1 <A(n) < —fo+ f_1, tionally spacedf, = 2) Lorentzian at user density 2.5. Forward

equalizer has 20 taps spaced df. and feedback equalizer has

1) >t fomgr=20]- Pk (o taps. The equalizer design is done at an SNR of 27 dB.

19)
Since the probability ofi(n + 1) > 31 + fo — g1 — 2b; is A. Comparison of Theoretical and Simulation Results

very small, the second term in (19) is negligible as compared toye first present results to corroborate the theoretical anal-
the first term. Hence, by dropping this term, we get the corregfsis. The equalizer design is done without any constraints. The

detection probability”., for TT-1 as threshold parameters used afe= 0.15, 1 = 1.6, a = 0.15,
P, =2Pt[—a; — fo— fo1 < 7i(n) < —fo — f-1, and 3, = 0.4. These parameters were chosen using simula-
iitn+1)> B — fo— g1 — 2b1] tions to achieve good reduction in EP. We used a channel SNR

of 22 dB for the simulation. More than 150 million bits were

- Pri+ 41/ Prin(n) > fol (20) used and about 84 387 error events occurred. Table | shows the
For TT-2, the correct-detection probabilify., is given by yajyes of false-detection probability?f) and correct-detection
P., = Prflg(n)| < ez, |gln + 1)| < B2 |a(n) # a(n) probability (P.) obtained using simulations and theoretical cal-
aln—i)=a(n—1),i=1,..., Ny culation. Equations (15), (16), (20), and (22) are used for com-
2 puting the theoretical values. Observe that the theoretical results

= M are very close to the simulation values, in spite of the simpli-
« {Pr{|q(n)| < la(n + 1)] < A fying approximations used. Thus, for a given set of threshold
q(n G2, [g(n 2 parameters, the theoretical calculationgefind . can be used

a(n) # a(n)| + +] - Pr{+ +] to evaluate the error-event detection performance of TT-1 and
+Prllg(n)] < a2, lg(n + 1) < Bz, TT-2.
a(n) # a(n)| + —] - Pr[+ —]}. (1) Therefore, the theoretical analysis provides us a fast and ac-

uchrate way to quantify the effectiveness of the threshold tests
rand to avoid time-consuming simulations for optimizing the
fhreshold parameters. In addition, as we will show later, the

On carrying out similar manipulations as for TT-1, it turns o
that the first term is negligible as compared to the second te

Thus, we get ~ values of Py and P4 can be used in conjunction with a fast
P, =2Pr[—az — fo+ fo1 <ni(n) < —fo+ f-1, simulation procedure to obtain the overall BLD and BER of the
— B+ fo—g1—2b <n(n+1) detector without doing full bit-by-bit simulations. In short, the
< Bz + fo— g1 — 2b1] above theoretical analysis can be used to save a lot of computer
time.
-Pr{+ =]/ Pr[n(n) > fol. (22)

The probabilities”., andF., can be evaluated using the joint-B. Constrained Design with Threshold-Shifting Method
Gaussian property af(n) and7n(n + 1) and the pattern proba-

Ny Next, we present simulation results to demonstrate the effi-
bilities of a(n) anda(n + 1).

. . cacy of the proposed constrained equalizer design approach and
When TT-1 and TT-2 are applied simultaneously, the "hreshold-shifting method to reduce EP. The channel SNR was

sulting probabilities of false detection and correct detection alEt 10 25 dB for the simulation. The values of the parameters

given by the sums of the corresponding individual probabilitieci 3, ~, andN. were chosen by running a few trials. The BLD

for TT-1 and TT-2 since these methods do not occur togethe\gvas estimated using the fast simulation procedure given in [14].
Since the details of this simulation procedure are not available
in [14], we have given a brief summary of this algorithm in Ap-

In this section, we present computer simulation results to cqrendix I. In the detected bit sequence, an error event is said to
roborate the theoretical analysis of Section IV as well as begin at instank; and end at instanit, if: 1) a(k) # a(k) for
demonstrate the effectiveness of the approaches proposed i 4, andks; 2) there are no decision errors My, bits prior

V. SIMULATION RESULTS
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Fig. 4. BLD curves for DFE designed with magnitude constraint and with dfig. 5. BLD curves for DFE designed with energy constraint and with or
without threshold methods at 25-dB channel SNR. System parameters are sastfeout threshold methods at 25-dB channel SNR . System parameters are same
as those in Fig. 2. The following threshold parameters are used= 0.15, as those in Fig. 2. The following threshold parameters are used= 0.15,

By =15,y = 04,andN., = 4 for TT-1 anda, = 0.16, 3, = 0.42, p; = 1.6,v, = 0.5, andN.; = 5 for TT-1 anda; = 0.15, 8 = 0.4,

v2 = 0.4,andN.; = 4 for TT-2. When TT-1 and TT-2 are applied together,y. = 0.4, andN., = 5 for TT-2. When TT-1 and TT-2 are applied together,

the false-detection probability iB; = 2.6918e¢ — 06 and correct-detection the false-detection probability i®; = 1.3005¢ — 06 and correct-detection
probability isP, = 0.9281. probability isP, = 0.9172.

to k; and afterk,; and 3) there is at least one decision error in aAg before, to save time, we want to use the fast simulation

any block of N, bits betweerk; andk,. procedure [14] for estimating the BLD curve. However, we need

Fig. 4 shows the BLD curves for magnitude-constrained dgy pe cautious while using this method for a system with error
sign with and without the threshold-shifting method. The BLRorrection. We note that the error events generated by the fast
curves of unconstrained DFE without threshold shifting is alsfethod correspond to correct detection and detection failure.
shown for reference. Observe that the constraint helps in flo events are generated that correspond to false detection.
most doubling the slope of the BLD curve compared to the URevertheless, this is acceptable in the case of threshold-shifting
constrained design. Further, combining threshold shifting withethod since false detection does not necessarily lead to
magnitude constraint results in significant reduction in the profiecision errors and because the false-detection probability is
ability of error bursts. We may compare these results with Fig. §ufficiently smaller than error event rate. On the contrary, with
which shows the corresponding curves for energy constraingglor-correction method, false detections surely cause decision
design. Clearly, the energy constraint also improves the EP pgfrors. Hence, to get reasonably accurate estimate of the overall
formance. However, observe that the magnitude constraint B-D in this case using the fast procedure’ it is necessary to
sults in a larger decay rate compared to the energy constrajjnerate events corresponding to not only detection failure
This, we believe, is the result of having smaller tap values at thgt also false detection. Hence, the BLD curves for detection
tail of the magnitude-constrained feedback equalizer as cofgijure and false detection are obtained separately since the
pared to the energy constrained feedback equalizer (see Figjficted noise samples have different distributions for these
Thus, the probability of long error events in the magnitude-coyo cases. Note that there is no BLD curve for correct detection
strained case will be smaller than that in the energy Constraiﬂ%*e because an error event is a|Ways removed should it
case, which is the most desirable feature for an EP reductiga correctly detected. The overall BLD curve is given by a
scheme. weighted sum of these individual BLD curves, the weights
being the probabilities of detection failure and false detection.
This is another use of the theoretical calculatioPpf and P;.

We see from Fig. 4 that even though the magnitude-com addition, the BER of the system can also be estimated using
strained design greatly improves the slope of the BLD curvihe fast algorithm. The average number of errors in an error
the loss in detection SNR due to the constraint causes the eseent can be calculated separately for each case, i.e., detection
event rate to be higher than that of the unconstrained desiéailure and false detection, by the fast algorithm. The total BER
However, recall from Section Ill that the error-corrections then calculated by weighing these average numbers of errors
method can help to reduce the number of error events. Henlbg ;s and P;. To verify the above argument, simulations were
by applying error correction on the magnitude-constrainetbne for the system with channel SNR equal to 20 dB. Fig. 6
detector, we can have the good slope produced by the magews the BLD curves of the system with error correction
nitude-constrained design and reduced error event rate dudyofull simulation and by fast algorithm. As shown, the two
error correction. curves match each other very well, thus showing that the fast

C. Constrained Design with Error-Correction Method
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Fig. 6. BLD for DFE detectors with error-correction method obtained usingig- 7. BLD for magnitude-constrained DFE with or without error correction
conventional full simulation and the fast algorithm. System parameters are s&h@5-dB channel SNR. System parameters are same as those in Fig. 2. The
as those in Fig. 2. Channel SNR used to generate the BLD curves is 20 dB.following threshold parameters are used: = 0.12, 3, = 1.6, a; = 0.12,
andgs = 0.32. The false-detection probability i3, = 4.3048e — 07 and the
probability of detection failure i$’;; = 9.2805e — 07.

algorithm is accurate in estimating the BLD curve for system

with error correction. In addition, the BER obtained through . .
full simulation and fast algorithm are very close. suppression comes at the cost of higher BER. On the other

Fig. 7 shows the BLD curve of magnitude-constrained dg_and, the threshold t_echniques can improv_e BER and EP si-
sign with error correction. The BLD curves without error Cormgltgneously. In partlcqlar, for a given design the threshold-
rection are also shown for reference. As we noted previous k}lft.mg method results in less EP compgred to the error-cor-
constrained design results in lower detection SNR, which ction method whereas the error-correction _method has I(_)wer
turn causes more error events. However, the error-correct R. Further, the BER performance of magnltude-constr_amed
method can effectively get rid of many of the error events an ,stem can be improved by supplementing the system with the
as shown, the resulting error event rate is lower than even that 1eshold methods. . . .
unconstrained design. Similarly, observe that the BER of con-BefOre we conclude this secnqn, we would I!ke to comment
strained design with error correction is lower than that of uncof" thg efﬂuepcy.of the fast 3'99””‘."‘ in reducing the simula-
strained design without error correction. Thus, combining ma on time, which is used for estimating BLD and BER. As an
nitude-constrained design with error-correction method can xample, at 20-dB SNR the fast a_pprogch accumulated about
fectively increase the slope of BLD curve and, at the same ti QOOO. error events (20 00.0 detection faﬂure; and 40000 false
reduce the BER, both of which are desirable features of a go tatecnons) in 3.51 h, while the ful! S|mglat|on accumulated
detection scheme. about ;03 OQO events (83 000 detection failures and 20 000 false

Next, we want to compare the performances cg*etectlons) in 3.73 h. On the other h.and, at 25—§iB SN.R the fast
threshold-shifting and error-correction methods when a pproach performed as at 20_dB while the full S|mula_t|0n co_uld
plied to magnitude-constrained DFE. The correspondi Ilgct o_nly about 900 eventsin about 167 h. Further,_ln full sim-
performances are given by the lower most curves in Figs. tlon, itis much harder 1o get events cc_)rrespondlr_lg to false
and 7. Observe that even though the error event rate &ﬁtectpn bgcause of the. low falsg-detectlon probability. Thu_s,
threshold-shifting method is about four times that in error-co ne saving in compqter time provided b.y the fast approach is
rection method, it outperforms error-correction method fore"Y significant and increases exponentially with SNR.
burst lengths greater than one. This is mainly because of the ) ) o ]
large drop in the probability from single-bit events to two-biP: Comparison with Existing EP Suppression Methods
events. This means that there are a lot of single errors when th&o get an idea of how the methods proposed in this paper
threshold-shifting method is used, which is obvious becausempare with existing techniques for EP suppression, we did
the EP is effectively stopped by the extra threshold applietthe following. For comparison purpose, we used dual DFE [2],
We also see that superiority of threshold-shifting method ovethich is proposed foi = 0 coded channels, and MDFE [7],
error-correction method improves with burst length. Thus, f¢®], [12], which is proposed fod = 1 coded channels. Here,

a given ECC overhead, the threshold-shifting method shodld’ denotes the minimum run-length constraint. Dual DFE con-
be a better choice. sists of two DFE detectors and is expected to result in less EP

Finally, note that in the constrained equalizer design methashmpared to single DFE [2]. We did not use any additional tech-
there is a tradeoff between BER and EP, i.e., the gain in BRjues to suppress EP in dual DFE. MDFE can be considered as



600 IEEE TRANSACTIONS ON MAGNETICS, VOL. 37, NO. 1, JANUARY 2001

0 T T T T T T -5 . . . . .
N f . |--- DFEwithout EP suppression || | = .o unconstrained design
05k 4N T dual-DFE without EP suppression || . | -—- magnitude constrained design
5 N f —— DFE with EP suppression s .0 || — magnitude constrained design, with threshold—shifting
o _1- RTINS SO A AN MDFE with EP suppression % 71\ W |- -_magnitude constrained design, with error—correction
2 - \\ U~ B N N . 2 \ \\ - - - - ;
z 5 > s
= -1.5F % 5 |
T 5 -8
RN g
o a
s = |
g-25 e
*@L _al- s
3
3 3 1ok )
.02’ -3.5F .“2’
3 _4l 2
-4.5F
% 5 10 15 20 25 30 35 40 % 5 10 15 20 25 30 35 40
burst length (channel bits) error burst length (channel bits)

Fig.8. Normalized BLD curves for DFE, dual DFE, DFE with EP suppressiofrid- 9- BLD curves for DFE designed with/without magnitude constraint,
and MDFE with EP suppression. System parameters in all the detectors are sffgwithout threshold shifting, and - with/without error correction for
as those in Fig. 2 except that MDFE uses ten feedback taps. Channel SNRJgNzian channel at user density 2.25 and 25-dB channel SNR [20-tap
equal to 22.2 dB for dual DFE, 23.55 dB for DFE, and 24.65 dB for MDFECTWard equalizer, 7-tap feedback equalizer, oversampling factor = 2, RLL
In dual DFE, the slicer threshold = 0.2 and the decision delay is = 10.  16/17 (0,6/6) code, channel SNR = 27 dB for equalizer design]. In the
The magnitude-constrained design and threshold-shifting method are useflfgnitude-constrained design, the sum of magnitudes of the last six taps
DFE with EP suppression. The energy-constrained design and EP suppres§igh-» = 0.96. The detection SNR for the unconstrained and constrained
methods proposed in [7] and [9] are used in MDFE. For the method in [g]aS€S are 16.07 dB and 15.67 dB, respectively. Threshold-shifting case:
the number of bits over which the slicer threshold is shifted in the case of'a = 0-15, 51 = 1.3, 71 = 0.5, Ney = 5,05 = 0.13, 5, = 0.42,
code-constraint violation is three and the new threshold value is 0.8. For ftie = 0.3, andNe; = 5; false-detection probability’, = 2.507e — 0T;
method in [7], the following threshold parameters are useds 0.85, 3 = @and correct-detection probabilit’. = 0.7125. Error correction case:
1.46,v = 0.85, andN. = 4. ap = 01,8, = 14,0, = 0.1,andB; = 0.35; false-detection probability

P, = 4.8569¢ — 08; and correct-detection probabilify. = 0.5550.

DFE optimized ford = 1 channels. To suppress EP in MDFE . . .

we use the energy constraint approach proposed in [12] togetﬁers'mUIatlon Results for Other Densities

with the threshold techniques proposed in [7] and [9]. In [9], EP We may note that all the results presented above are for user
is detected by looking for violation in code constraints. In [7]density 2.5. In this section, we present some results for different
this is done by looking for samples with large amplitudes at theser densities to show that the proposed schemes are effective
slicer input. In both these, EP suppression is done by appoxer the range of typical densities.

priately shifting the slicer threshold. In this study, the system Fig. 9 shows the BLD curves for DFE designed with/without
parameters of the different detectors are chosen such thatnegnitude constraint, with/without threshold-shifting, and
error event rate without applying any suppression is the samih/without error correction for Lorentzian channel at user
for all the detectors. The value of error event rate is chosendensity 2.25. The corresponding set of curves for user density
5x107°. The reason for choosing such a high value is to refle2t75 are shown in Fig. 10. Note that it may be required to opti-
the low SNR situation that will be typical for future high denimize the threshold parameters separately for threshold-shifting
sity disk drives. The BLD curves obtained for these detectors aed error-correction methods, as shown in Figs. 9 and 10. Also,
shown in Fig. 8. For comparison purpose, we also give the BPhigh densities (e.g),, = 2.75), it is required to tighten the

for single DFE without any suppression applied. For the caseaifnstraint to ensure good slope in the BLD curve for applying
DFE with EP suppression, we use the magnitude-constraint éeror correction. This is necessary to ensure reliability with
sign together with the threshold-shifting method. As expectegkror correction. Hence, we chose to allow a detection SNR
dual DFE has reduced EP compared to single DFE. Howevieiss of 0.7 dB (instead of 0.4 dB) &t, = 2.75 when applying

as can be seen, the DFE with EP suppression proposed in #1i®r correction. However, observe that error correction is
paper significantly outperforms dual DFE. Further, its perfoable to recover this loss in SNR. Thus, we can rely on the
mance is also significantly better than that of MDFE for shodrror correction method to maintain the error event rate at the
burst lengths. For large bursts, the trend shows that MDFE wi#lvel of the original unconstrained level. Finally, as shown in
perform the best. The better performance of MDFE for largeigs. 9 and 10, the threshold-shifting method is very effective
bursts come from the fact that the technique proposed in [9]ilsminimizing EP at the densities considered here.

able to detect such bursts by looking for violation in the max- From Figs. 4, 7, 9, and 10 we may conclude that the pro-
imum run length constraint. By supplementing the schemes ppised magnitude-constrained design and threshold techniques
posed in this paper with such techniques, we can improve the &fe very effective in minimizing EP for typical user densities of
performance of DFE for long bursts. interest. Further, we note that the complexity required to im-
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4 I . . . . performance. Further, both these techniques are simple to im-
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LT FAST ALGORITHM FOR ERROR PROPAGATION SIMULATION

1 ] by e ey 1

T T T In this appendix, we give a brief summary of the fast algo-
o SR A rithm proposed in [14] for estimating BLD in EP studies of DFE
T et i systems. Since the error event rate in magnetic recording chan-
B o R nels with reasonable SNRs is of the order of §0r less, an ac-
i “-_ | curate estimation of BLD would require very time-consuming
TR | simulations. The fast algorithm in [14] circumvents this diffi-
ke ; culty by artificially injecting noise samples to generate error
events more frequently. The algorithm basically comprises the
following two steps.

1
n
i

cumukaive bural Baglh probabdbty fog10)

L g 1 *a 10 A. Generation of the First Noise Sample

When the feedback register does not contain any erroneous

Fig. 10. BLD curves for DFE designed with/without magnitude constraingeasmns’ the aIgothm cuts off the noise from the Cha.‘nnel
with/without threshold shifting, and with/without error correction foraNd generates a noise sample to start an error event, i.e., to

Lorentzian channel at user density 2.75 and 25 dB channel SNR [20-gause a decision error. Without any loss of generality, we as-

forward equalizer, 7-tap feedback equalizer, oversampling factor = 2, R — - - ; e
16/17 (0,6/6) code, channel SNR = 27 dB for equalizer design]. The detectli%tti)mea(n) 1. Sm.c.e the nqlse samples are_ OT (.BaUSSIan.dIS
SNR for unconstrained design is 14.23 dB. Threshold-shifting case: tHaPUtion, the probability density function of this injected noise

13 20 e
eimor bursh length channed bis)

sum of magnitudes of the last six taps, = 1.2; detection SNR for sample is given by

constrained design = 13.83dB; = 0.22,3, = 1.66,7, = 0.4, N.y = 5,

az = 0.16, 3, = 0.42, v, = 0.4, andN.. = 3; false-detection probability 1 72

P; = 1.3271e — 05; and correct-detection probabilitf, = 0.8257. fx(w) =< exp<——2> ) z > fo (23)
Error-correction casey.,, = 1.05; detection SNR for constrained design \4 27WQ(fO/U) 20

13.53dB;a; = 0.18, 81 = 1.5, az = 0.12, and3, = 0.3, false-detection oo

probability P; = 6.0033¢ — 06; and correct-detection probabilif. = whereQ(y) = 1/v2n jy exp(—(x?/2)) dz andg is the vari-
0.7530. ance of the channel noise at slicer input. Whenever a new error

event is to be started, the first noise sample is generated ac-

plement the threshold techniques is very minimal since thgyrding to the above probability density function, which is obvi-

involve simple threshold tests only. Thus, we may concludisly the tail part of a Gaussian density with the tail beginning

that the combination of constrained-magnitude equalizer des@'\fO-

and threshold techniques, which is proposed and studied in this

paper, is very much a practically viable scheme and has the Fo- Generation of Subsequent Noise Samples

tential to significantly reduce the probability of occurrence of Since the noise samples at the output of the forward equalizer

long error bursts in DFE detectors. are correlated, we need to inject subsequent noise samples to
satisfy this correlation structure. Since the noise samples are
jointly Gaussian, the conditional probability density function of

VI. CONCLUSION the kth injected noise sample is given by

In this paper, two approaches have been proposed for re- Pxiixixe X (@l Xs = @i ;_ L2 k=)
ducing EP in DFE detectors. The first one is a constrained- - ! exp<_($’“ — M) ) . (24)
equalizer design method, which aims to reduce the effect of a V2ro, 202
detection error on the following bits by constraining the SUMere, m, = — (¥ (k)ri/7.0) is the conditional mean and
of magnitudes of the feedback taps. The second one consjgfs 1/r1, o is the conditional variance, whergk) = [n(n +
of two novel threshold techniques. These techniques detect kﬁg 1), 77(7’1 +k—2),..., n(n)]" andry, andry, o can be ob-

presence of erroneous decisions in the feedback register by &x=a 4 trom the following partitioning of the inversion @ -+
amining the slicer input. Upon detection of an error event, eithey . (k + 1) covariance matrixCy1 of the equalizer output
the slicer threshold is appropriately shifted to reduce the Posshise [15]: +

bility of further errors (threshold-shifting method) or the pre-

vious error is corrected to make the feedback register error free 1 Troo T

(error-correction method). Theoretical analysis of the threshold Ci1= [ s Rk:| :

techniques has been carried out to assess the false-detection and

correct-detection performances. Simulation results show thdte noise samples are injected according to the density function
combining the constrained equalizer design approach with t{#&) until the error event is over. Once the event is over, another
threshold techniques results in significant improvement in ERent can be started by going back to Step 1.
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